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Manuel M. Crisóstomo, Institute of Systems and Robotics, Portugal
Marcin Kaminski, Lodz University of Technology, Poland
Mateus Mendes, RCM2+ - Research Centre in Asset Management and Systems Engineer-
ing, Portugal
Miguel Vieira, RCM2+ - Research Centre in Asset Management and Systems Engineering,
Portugal
Moldir Kuatova, Al Farabi University, Kazakhstan
Nuno Cid Martins, Polytechnic University of Coimbra, Portugal
Nuno Lavado, RCM2+ - Research Centre in Asset Management and Systems Engineering,
Portugal
Pascoal Silva, Polytechnic University of Coimbra, Portugal
Philippe Mathieu, University of Lille, France
Rafael Raposo, RCM2+ - Research Centre in Asset Management and Systems Engineering,
Portugal
Ramin Karim, Lulea Technical University, Sweden
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Preface

As technology evolves, industries become more and more dependent on data for decision-
making. Concepts such as the Internet of Things become more prevalent in modern
life and industrial settings. Sensors provide data which need to be analysed. Analytics
algorithms provide insights not only into the past and present of the systems and processes,
but also highlight trends and probable future directions.

PAMDAS 2025 international congress took place in Coimbra, days 17 and 18 of July 2025,
under the lemma “When Intelligence Enhances Asset Management”. The goal was to
bridge the gap between industry and data science. While modern industry needs powerful
algorithms and data science for enhanced decision-making, data science researchers also
benefit from industrial connections where they can gather real data and find qualified
research partners and customers.

This congress attracted speakers and authors from different continents, interested in
Physical Asset Management and Data Science. Keynote speakers Prof. Diego Galar,
from the Lulea Technical University, Sweden, and Prof. Celso Azevedo, from AssetsMan,
France, contributed with their experience and wisdom to the the event.

The proceedings are now made available to the public under open access, for use and
proper citation.

The editors,

Mateus Mendes
Torres Farinha
Ana Rita Malta
Hugo Raposo
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Abstract 
Maintenance management in modern manufacturing organisations has become an increasingly 

important and complex activity, due to the enhanced use of automation within the production 

infrastructure. The significance of effective maintenance activities is compounded by 

introducing new technologies to further enhance competitiveness and profitability in the global 

marketplace. These new technologies may be classified by Industry 4.0 and have primarily been 

applied to production facilities. Importantly, the agility of this technology allows it to be included 

as part of a maintenance plan, yet the rate of implementation in maintenance tasks is much 

reduced. This has been due to several reasons, which include, amongst others, a return on 

investment, training, a lack of strategic planning, and mistrust within the traditional workforce. 

Despite this, the further recent proposal of Industry 5.0 attempts to broaden the terms of reference 

by acknowledging the importance of any application being both human-centric and sustainable. 

The paper will use this case study research to discuss the effectiveness of collaboration, support, 

and a targeted approach in the use of advanced technology to solve maintenance problems. 

Conclusively, this paper identifies the importance of incorporating a bottom-up approach when 

introducing technology to the traditional sectors of engineering maintenance. 

Keywords: Advanced Maintenance, Condition Monitoring, Vibration analysis, Contactless monitoring  

1 Introduction 

Maintenance management in modern manufacturing organizations has evolved into an increasingly critical and 

complex activity, driven by the growing reliance on automation within production infrastructure. The 

importance of effective maintenance practices is further amplified by the integration of new technologies aimed 

at enhancing competitiveness and profitability in the global market. These technologies, often categorized 

under the umbrella of Industry 4.0, have primarily been applied to production processes [1]. However, their 

potential extends to maintenance activities, where they can significantly improve efficiency and reliability. 

Despite this potential, the adoption of Industry 4.0 technologies in maintenance has been slower than 

anticipated, due to challenges such as return on investment concerns, training requirements, and resistance 

from the traditional workforce [2]. 

The recent emergence of Industry 5.0 has introduced a new dimension to this discussion by emphasizing the 

importance of human-centric and sustainable applications. While these high-level strategic concepts hold 

promise, their practical implementation remains a subject of debate.  

Vibration analysis is considered a cornerstone in manufacturing assets' health assessment, enabling early failure 

detection and preventing catastrophic failures [3]. In general, vibration monitoring can be classified into two 

types: Contact and contactless. Both approaches introduce benefits and limitations [4,5].  

Contact-based vibration monitoring 

Relies on sensors that are mounted on the machinery, which translate the movement into signals to be processed 

by specialised software for analysis [6]. It has several advantages, as it provides high accuracy in 

Proceedings of PAMDAS 2025 - International Conference on Physical Asset Management and Data Science.
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measurements, a wide frequency range of measurement that covers a wide variety of applications, efficiency 

in operating in harsh environments, and is considered a well-established technology in the realm of vibration 

monitoring [7]. On the other hand, it suffers from multiple disadvantages, including complexity in appropriate 

installation for accurate measurements, subject to wear and tear, difficulty in analysing the collected data, and 

the requirement of highly skilled staff [8].  

Contactless vibration monitoring 

Recent technological advancements are in pursuit of different approaches to contact-based monitoring, which 

introduced various contactless methods using Laser Doppler Vibrometer (LDV), Proximity probes, and Vision-

based systems [9]. They offer a range of advantages, including the fact that they are non-intrusive and have no 

direct contact with the machines, which improves safety and reachability, high spatial resolution that allows 

for measuring multiple points simultaneously, and no degradation impact on the system [10].  

While it overcome certain contact disadvantages, it developed disadvantages including high initial cost of the 

system, high dependency on surface nature, which affect quality with various types of surfaces, limited low 

frequency sensitivity, and high sensitivity to surrounding environment conditions whether it is surrounding 

vibration of, dust or some, which affects measurements quality [11].  

This paper explores the use of a modular, human-centric approach to overcome barriers to the deployment of 

advanced technologies in maintenance activities. Drawing on rich data from industrial partners in the 

pharmaceutical, manufacturing, and environmental services sectors, the paper highlights the use of non-

intrusive vibration monitoring equipment as a means of engaging the workforce in advanced maintenance 

techniques. The findings underscore the importance of collaboration, support, and a targeted approach in 

leveraging advanced technology to address maintenance challenges. 

2 Case study background 

Energy generation from waste company, a multinational utilities corporation specialising in sustainable 

wastewater and waste management solutions, operates six sites in the United Kingdom. Each site has distinct 

objectives, ranging from water network management to landfill remediation. This diversity in operations 

presents challenges in implementing a unified and efficient maintenance strategy. An informal discussion with 

a Suez employee revealed a persistent maintenance issue at one of the company's sites, which combines waste 

management with energy generation. The site utilizes landfill waste to fuel a furnace, which in turn powers a 

steam turbine for electricity generation. 

The specific issue involved a motor and pump unit, which was part of a parallel system of three motor/pump 

combinations responsible for pumping water from a nearby river into a manifold. The manifold distributes 

water to the steam turbine system, where it is converted into steam to drive the turbine and generate power. 

Despite multiple interventions, the reliability of one of the motor/pump units remained problematic, with 

excessive vibration leading to frequent breakdowns. Various maintenance strategies, including corrective and 

preventive measures, were employed, but the issue persisted. Condition monitoring was also implemented, 

with an accelerometer attached to the motor housing to trigger an alarm and pre-emptive shutdown at a 

displacement of 3mm. However, frequent alarms and shutdowns led to frustration and necessitated further 

investigation. 

3 Methodology 

This study focuses on a single site with a specific maintenance issue, aiming to test the hypothesis that increased 

engagement in predictive maintenance techniques can be achieved through accessible, visual data using a 

Vision-Based System. The research also explores alternative techniques when location-specific methods fail 

to yield results. Given that a condition monitoring sensor was already installed on the problematic unit, an 

alternative approach was considered using proprietary technology. This approach involved a high-performance 

streaming camera with a pixel array of 1920 x 1200 and a resolution exceeding 2.3 megapixels. The camera, 

capable of capturing up to 1300 frames per second, was paired with acquisition software licensed to a laptop, 
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making the system mobile and non-invasive. 

The technology enables the identification of deflection, displacement, movement, and vibration, with the ability 

to refine or amplify images for immediate visual engagement. Once synthesized, the data can be presented in 

an accessible format to facilitate rapid analysis and decision-making. The system allows for the application of 

a Region of Interest (ROI) to any area of the captured image, enabling detailed waveform, orbit, and spectra 

analysis. This flexibility allows for the investigation of additional areas of interest post-data capture. 

Units of measurement on graphical annotations are: 

• Frequency – Hertz (Hz) 

• vibration displacement - micrometres; (1 μm = 10–6 m) 

• vibration velocity - millimetres per second; (mm/s) 

• vibration acceleration - metres per square second; (mm/s) 

4 Results 

An initial on-site review of the amplified images revealed that all three pumps exhibited movement and 

vibration. Figure 1 provides a front view of the coolant motor/pump system, highlighting the three motor/pump 

units connected to the pipework transporting river water to the cooling system. The scaled motion vector 

indicates the direction of vibration for pump 1 and manifold 2. 

  

  
Figure 1: A front view of the coolant motor/pump system 

 

Figure 2 presents the near side of pumps 2 and 3, with manifold 3 in view. The ROI for pump 2 and manifold 

3 has been annotated, revealing that while pump 2 displays an RMS velocity of 2.2 mm/s, manifold 3 exhibits 

a higher RMS velocity of 3.2 mm/s. This finding was unexpected, as previous maintenance efforts had focused 

solely on pump 2.  
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Figure 2: Annotations representing the RMS 

 

Figures 2, 3, and 4 demonstrate an issue that was previously undetected. Manifold 3 displays vibration 

characteristics that are in excess of pump 2, where the original maintenance issues were focused. The 

displacement scale shown in Figure 3 displays a cyclic displacement of approximately 40 𝜇m. This was 

previously beyond the scope of other maintenance investigations. Figure 3 also has the displacement/time graph 

for manifold 3 with an extended scale for clarity. 

 

 
Figure 3: Pump 2, 3, and manifold 3 with displacement vector annotations 
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Figure 4: Pump 2, 3, and manifold 3 with displacement time axis annotations. 

 

Due to the portable nature of the technology, several different perspectives of the asset were captured. This can 

be noted in Figures 4 and 5, and this proved particularly interesting. Figure 4 shows a support bracket and fixed 

point for the pipe system with the ROI centred on the bracket. The enlarged graph shows a pk–pk displacement 

in the Y axis of 278 microns. This was the greatest displacement captured across the entire investigation and 

can be compared to the relatively large displacement of manifold 3.  
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Figure 5: Support bracket and foundation of pipeline 3. 

 

Figure 6: Accelerometer located on pump housing 2. 
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5 Discussion 

The findings from this case study highlight the potential of motion amplification technology as a non-intrusive 

and sustainable alternative to traditional vibration analysis methods. Unlike constant monitoring techniques, 

this approach allows for targeted investigations, reducing the need for continuous sensor deployment. 

However, the technology is limited to lower frequency vibration faults and may be subject to mechanical 

excitation. Additionally, interpreting the results can be challenging, as standards for this technology are still 

evolving. Another limitation noted is the inability to inspect internal failures as the system needs to have a 

visual representation of the movement, which shows high efficiency in structural damage, connections, and 

pipes work, and any visible parts of the equipment in sight.  

Despite these limitations, motion amplification cameras offer a valuable complementary technique to more 

accurate sensor-based measuring devices, particularly in identifying excitation issues that may extend to the 

broader asset infrastructure. Ease of measurement analysis is considered on the strength points of the system 

as it does not require extensive experience in carrying out the measurement of the analysis.  

6 Conclusion 

This paper underscores the importance of incorporating a bottom-up, human-centric approach when 

introducing advanced technologies to traditional engineering maintenance sectors. The case study demonstrates 

the effectiveness of motion amplification cameras in engaging the workforce and providing actionable insights 

into 

 complex vibration issues. While technology should be viewed as a complementary tool rather than a 

replacement for traditional methods, its ability to capture full-field vibration data offers significant advantages 

in diagnosing and addressing maintenance challenges. Future research should focus on addressing the current 

limitations of this technology and exploring its potential applications in other industrial contexts. 
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Abstract 

Digital Twin-based maintenance has emerged as a promising solution to address the 

challenges posed by traditional reactive maintenance approaches, frequently resulting 

in increased downtime and elevated costs. This study introduces a comprehensive 

maintenance framework that integrates asset criticality assessments, leveraging expert 

insights and quantitative techniques. It also includes Condition-Based Monitoring, 

which fuses real-time sensor data with historical reliability records, alongside Digital 

Twin calibration conducted through simulations and parameter estimation. The 

framework employs advanced signal processing for data pre-processing, statistical 

analysis to establish baselines, and "what-if" simulations for predictive maintenance, 

all validated through pilot studies. While this work is conceptual, the paper argues that 

the unified model can significantly enhance asset reliability and minimise maintenance 

interventions through continuous calibration and threshold limit detection. This 

research contributes to the state-of-the-art by offering a scalable, integrated approach 

that bridges theoretical Digital Twin models with practical maintenance applications, 

setting the stage for further exploration and real-world implementation. The proposed 

model is particularly relevant for industries seeking to improve asset management, 

especially in small and medium-sized enterprises, where data availability is often 

limited and can obstruct effective Digital Twin execution. 

Keywords: Digital Twin; Maintenance; Condition-Based Monitoring; Predictive Maintenance; Asset 

Reliability; Criticality Assessment; Field Validation 

1 Introduction 

Implementing Digital Twin (DT) in maintenance applications marks a significant advancement that has 

enhanced productivity. The emergence of Industry 4.0 in the late 2010s has further accelerated progress 

in the maintenance sector by introducing modern technologies, including advanced computing and 

Artificial Intelligence (AI), which facilitate communication and production through the Internet. 

Integrating these technologies into maintenance systems can substantially improve machine reliability 

and operational performance while mitigating the risk of sudden breakdowns and catastrophic failures 

in industrial settings. Nevertheless, research [1], [2], [3] has highlighted considerable gaps and 

challenges that impede the development of comprehensive and practical solutions for incorporating 

these technological tools into existing maintenance models. This limitation has resulted in a gradual 

progression in maintenance innovations. This paper seeks to address these gaps by investigating 

strategies to effectively integrate DT, capitalising on advancements from Industry 4.0 to establish a 

more resilient and reliable maintenance model. 

Before integrating DT into maintenance practices, traditional methods primarily focused on 

detecting, diagnosing, and predicting asset health and Remaining Useful Life (RUL). These 

conventional approaches heavily relied on historical data and manual interventions, often lacking the 

Proceedings of PAMDAS 2025 - International Conference on Physical Asset Management and Data Science.
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benefits of real-time monitoring, which can yield critical insights for fault diagnosis and prognostics 

[4]. As a result, these methods often produce less reliable findings [5], [6]. To overcome these 

limitations, researchers have advanced the implementation of virtual models in maintenance models. 

Their adaptation in the framework aims to access and analyse real-time and historical data seamlessly, 

providing actionable insights for maintenance activities [7]. Traditional methods also face challenges, 

such as data availability, along with system interoperability, scalability, and transferability [8]. These 

obstacles can impede the smooth integration of data from diverse sources and hinder the progress of 

comprehensive health monitoring strategies. Adopting this technology mitigates these shortcomings by 

offering advanced capabilities such as data modelling, connection modelling, and virtual construction 

within maintenance frameworks. This facilitates the development of more robust and adaptable health 

management solutions in maintenance strategies [7], [8]. Moreover, traditional maintenance approaches 

depend exclusively on physical detection, diagnostics, and prognostics to assess RUL and the health 

status of equipment, often resulting in elevated testing costs. Minor changes in the system, such as 

increased bearing speed, necessitate immediate monitoring, further driving up expenses. In contrast, 

digital replicas of assets offer a virtual environment that accurately replicates physical objects and their 

material properties, facilitating the simulation of various scenarios without impacting the operation of 

the physical assets. This capability can reduce costs while improving the accuracy and efficiency of 

maintenance strategies. These indicate that integrating virtual modelling into the maintenance paradigm 

significantly enhances performance by overcoming the limitations of conventional methods. 

DTs have emerged as a transformative technology with the potential to revolutionise maintenance 

practices across various industrial sectors. However, several challenges and gaps hinder their seamless 

integration and effectiveness in these fields. One significant limitation is the lack of comprehensive 

research on integrating key components within the predictive maintenance domain. While some 

scholars have proposed studies of hybrid frameworks that connect virtual models with prognostics, 

their efforts have predominantly concentrated on areas such as fault monitoring, classification, anomaly 

detection, and fault diagnostics rather than on prognostics itself [1], [3], [9]. The link between digital 

models and maintenance strategies remains tenuous, primarily due to the absence of a structured 

framework, which limits the effective utilisation of their benefits in maintenance strategies. Xiao et al.  

[7] noted the lack of standardisation in DT-driven maintenance, which hampers research advancement. 

Additionally, various researchers, including Liu et al. [1], Rasheed et al.  [2], and van Dinter et al.  [3], 

have called for the establishment of standard methods, models, and frameworks for developing these 

systems, especially within the context of maintenance across diverse industries and regions. The lack of 

standardisation may lead to inconsistent tools and methods utilised across different domains [9], 

resulting in varied implementations by various companies. 

Another significant challenge of the DT-based maintenance model is its predominant emphasis on 

production planning, often at the expense of maintenance optimisation. This oversight has hindered the 

advancement of maintenance within asset management. For example, the study by Feng et al. [10] 

developed a predictive maintenance framework for the offshore oil and gas sector to minimise 

maintenance costs while fulfilling production requirements. Although their model offers significant 

insight into amalgamating predictive maintenance into production environments, it does not fully 

capture the effects of disturbances or delayed preventive maintenance tasks on assets. This observation 

suggests the significant potential of DTs to improve maintenance practices—one that the model 

proposed in this paper seeks to address. Nevertheless, their integration into these areas is still in its 

early stages, and they encounter various challenges. 

The increasing interest in advanced maintenance frameworks has remained steady from 2021 to 

2023, aiming to address existing gaps and challenges within this field [11]. This heightened focus is 

driven by various factors, notably advancements in technology. A significant approach to overcoming 

the gaps involves embracing Industry 5.0, where digital models facilitate human-centred and 

sustainable manufacturing practices [12]. In their bibliometric review of DTs within the supply chain, 

Lam et al.  [12] and Warke et al. [13] note that from 2014 to 2020, DT technology became increasingly 

integrated with Industry 4.0. Researchers have combined it with big data and machine learning, 
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introducing new technologies like edge computing, cloud-based systems, and blockchain. The 2020 

and 2021 lockdowns have further intensified interest in virtual models as tools for fostering resilience 

and sustainability, prompting a shift in research focus on Industry 4.0, particularly smart 

manufacturing. Conversely, Gao et al. [14] observe that while many research trends are directed at 

integrating critical elements such as systems, simulations, big data, and AI, their application remains 

predominantly confined to laboratory environments. This disconnection between theoretical 

advancements and practical implementation causes a challenge for adaptation in real-world industrial 

settings. 

While current research seems promising, a proper framework for maintenance has yet to be 

established, leading to the purpose of this study. Addressing these gaps is important to advancing the 

maintenance field, and its implications could adversely affect the professionals who use this 

technology. One of its implications is that inconsistent tools and methods used by different 

organisations could impede the communication and sharing of information [9], potentially resulting in 

increased downtime, higher costs, or even failure to prevent critical issues in time. Another 

consequence of this unanswered gap could lead to the risk of detecting faults without understanding 

their causes [7], leading to ineffective maintenance actions that cause increased mean time to repair and 

time to restore the system. Therefore, this paper proposes a comprehensive framework that integrates a 

standardised approach to optimising maintenance tasks, balancing computational efficiency with 

accuracy, and evaluating the effectiveness of maintenance plans in dynamic environments. 

Consequently, this study aims to develop a unified methodology that identifies faults, provides an in-

depth understanding of their nature, and adapts to changes to enhance overall system performance, 

including reliability and efficiency. 

This paper is structured into five sections. Section 1 introduces the challenges in traditional 

maintenance and the potential of DT. Section 2 presents the proposed conceptual maintenance model, 

integrating asset ranking assessment, reliability data analysis, Condition-Based Monitoring (CBM), 

DT, and field validation. Section 3 concludes the study. 

2 Proposed Conceptual Maintenance Model 

Several theoretical frameworks related to the DT system have been developed to address various 

issues, such as minimising downtime and total maintenance costs in production systems [15], [16], 

[17], [18]. These frameworks, moreover, have advanced DT development in specific areas, including 

production lines, healthcare systems, construction, and energy plants. Nevertheless, there is a lack of 

connection between this system and maintenance components to achieve unified outcomes. Therefore, 

this section dives into developing proposed digital-based maintenance models to bridge these research 

gaps and enhance the effectiveness of their implementation in the maintenance domain. 

  2.1  Overview of the Conceptual Model 

The initial theoretical framework is grounded in the three-dimensional DT framework proposed by 

Grieves [15], [19]. This framework identifies three essential components: a physical asset, an asset’s 

data—whether historical or real-time—and a connection that links the two. However, it overlooks 

maintenance aspects associated with operations. As a result, users often tackle issues without fully 

understanding the underlying problems, leading to suboptimal operational outcomes that can increase 

both system downtime and operational costs. To address this limitation, this study proposes a unified 

maintenance model that seamlessly integrates critical elements of digital models and maintenance. This 

model encompasses asset criticality assessments, reliability data analysis, CBM, digital integration, and 

field validation. Figure 1 and Figure 2 illustrate the proposed maintenance model's step-by-step 

process.  
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  2.1.1  Asset Ranking Assessment– Step 1 

The asset ranking assessment prioritises assets by evaluating their importance, potential failure impact, 

and associated risks. This process ensures that the proposed maintenance model concentrates 

Figure 1: DT-based maintenance model process stages with three DT components. 

Figure 2: Conceptual Diagram of The Proposed Maintenance Model. 
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exclusively on critical machines for further analysis, promoting cost-effective asset management, 

optimising maintenance overhead, reducing downtime, and enhancing overall plant reliability and 

safety. To accomplish this, the maintenance model proposed in this study utilises the asset ranking 

assessment that adopts a multi-method approach that integrates both qualitative and quantitative 

analyses. Figure 3 illustrates the overall picture of the unified asset ranking framework. 

 It begins with the Delphi interview method, which gathers tacit knowledge from industry experts. In 

these interviews, carefully structured questionnaires are provided to the experts to define the criteria 

and sub-criteria that help identify the potential criticality of various assets.  

 

 

 

 

  

 

 

 

 

 Following the Delphi study, the criticality assessment employs the Analytical Hierarchy Process 

(AHP) for quantitative data analysis. Experts’ responses gathered during the Delphi study are processed 

through a pairwise comparison matrix in AHP, allowing for determining the Priority Vector (PV) for 

each criterion and sub-criterion. The PV value reflects the relative importance of each factor, 

effectively addressing the common issue of treating all criteria as equal—a limitation frequently 

encountered in traditional single-method approaches. Once the PV is established, the criticality 

framework further enhances the analysis by incorporating the PV value and additional criticality 

elements, such as severity and occurrence. This integration culminates in calculating a Risk Priority 

Index (RPI), which serves as a composite metric for ranking and prioritising assets, thereby identifying 

those requiring more immediate or intensive maintenance interventions. To further prove the concept, 

Amiruddin, Papadopoulou and Sinha [20] utilise a case study involving wind turbines that include both 

direct-driven and gear-driven types to illustrate their effectiveness. 

 This unified asset ranking analysis is pivotal in guiding subsequent maintenance activities and data 

monitoring efforts. By capturing the critical assets in the plant, the proposed maintenance model can 

proceed to the following stage, where the CBM activities can be set up to monitor acceptable limits.  

  2.1.2  Reliability Data Analysis – Step 2 

The proposed maintenance model leverages reliability analysis to quantify failure probabilities, 

enhancing asset mechanisms and improving the system's overall reliability. This phase generates 

outputs by analysing historical performance records, failure logs, and sensor data collected throughout 

the asset’s operational lifespan. Techniques such as Fault Tree Analysis (FTA) and Reliability Block 

Diagrams (RBD) are utilised in this evaluation. The process begins by accessing historical records of 

the critical asset identified in Step 1. The FTA then identifies the top event (system failure) and 

decomposes it into basic events corresponding to individual component failures. After structuring the 

hierarchy, failure probabilities for each basic event are assigned based on historical failure rates, such 

as Rate of Occurrence of Failure (ROCOF). Alternatively, a reliability assessment can be conducted by 

constructing an RBD model. This involves creating interconnected blocks representing the components 

and assigning reliability values derived from historical data. Utilising either FTA or RBD techniques, 

the overall system reliability is calculated based on these assigned values, enabling the identification of 

the system's weakest link. FTA and RBD analyses are conducted per BS EN IEC 61025 [21] and BS 

EN 61078 [22] standards.  

Figure 3: Integrated Criticality Model Framework 
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 Drawing from the outcomes of FTA or RBD, the proposed model effectively identifies critical 

failure points and assesses whether system architecture modifications can enhance reliability. If 

feasible modifications—such as redesigning components, optimising operational parameters, or 

upgrading materials—are identified, they are implemented to reduce the likelihood of asset failures. 

However, when modifications are deemed impractical due to technical or cost limitations, the process 

would advance to the CBM stage in Step 3. This flow to CBM is primarily driven by the inherent 

failure modes associated with the asset. These inherent failures can restrict the effectiveness of 

modifications and redesigns, as they may not fully resolve the underlying failure mode. Therefore, the 

most effective strategy is to enhance monitoring and maintenance practices. Implementing the CBM 

strategy can detect signs of faults better and respond before absolute failure occurs. 

 To dynamically update failure probabilities, live sensor data from CBM is incorporated into 

reliability models. Techniques such as Bayesian updating and weighted moving averages adjust 

historical failure probabilities based on real-time information. For example, when a sensor detects 

abnormal behaviour in a machine, the algorithms may assign greater significance to that observation, 

effectively increasing the failure probability for that component within the FTA or RBD model. This 

revised failure probability is then reintegrated into the reliability model to reflect the changes 

accurately. For instance, if the FTA or RBD model previously estimated the system’s top event—

overall reliability—to have a 5% chance of failure based on older probabilities, the updated data might 

indicate an increase to 7% due to the heightened failure probability of a specific component. This 

revised measure is subsequently used by the DT to predict more accurate, near-real-time failure risks 

and to inform proactive maintenance strategies. 

  2.1.3  Condition-Based Monitoring – Step 3 

CBM employs condition monitoring to assess the performance and health of assets continuously. It 

utilises sensors and a data acquisition system to collect operational data, which is then compared with a 

baseline established from historical data. This approach provides immediate insights into an asset's 

condition. Unlike traditional time-based maintenance, which follows a fixed schedule, CBM prompts 

interventions only when indicators signal potential performance degradation or anomalies. Figure 4 

illustrates the process sequence of the strategy in the proposed maintenance model in this study. 

 In the proposed maintenance model, CBM is employed for machines designated as critical during 

the asset ranking evaluation in Step 1, and this system is not amenable to enhancement via reliability 

assessment. The process begins with collecting historical data, encompassing past performance records, 

failure logs, and sensor readings gathered throughout the asset's operational life. This data is then 

processed using a computational algorithm that effectively filters out noise, normalises values, and 

segments continuous data streams into more manageable intervals. Comprehensive statistical analyses 

are then performed to establish a performance baseline of metrics such as average vibration levels, 

temperature ranges, or pressure values under normal operating conditions. These metrics define what is 

considered normal and facilitate the identification of deviations that could indicate potential failure 

concerns. In addition to historical data, real-time sensor data is collected by installing and configuring 

sensors on these critical assets. This involves setting up sensors, such as accelerometers, to monitor 

operational data, including vibration, temperature, and pressure. It is essential to ensure these sensors 

are securely mounted and properly connected to a local Data Acquisition (DAQ) system. 

 Once completed, the processed data from historical records is passed to the limit assessment stage, 

where live sensor readings are continuously monitored to determine whether they fall within an 

acceptable limit. If the measured data exceeds the threshold limit, the system triggers alarms to alert 

users, prompting them to conduct further investigations. Once the root cause of any asset faults is 

identified, maintenance actions are scheduled to ensure timely interventions when necessary. 
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 Additionally, the results of maintenance activities, along with updated sensor data, establish a 

feedback loop. This loop integrates the data into the system, allowing continuous refinement of the 

reliability models and thresholds. This dynamic updating process ensures that the CBM strategy 

remains precise and relevant over time.  

  2.1.4  Digital Twin Integration – Step 4 

The insights derived from asset ranking, reliability analysis, and CBM converge into a cohesive 

platform known as the DT. Traditional maintenance approaches often necessitate halting plant 

operations for essential upkeep, which can undermine reliability. In contrast, the DT model facilitates 

interventions that occur only when necessary [23]. The industry typically oversees numerous assets and 

conducts annual shutdowns to maintain optimal performance. However, this approach can disrupt 

operations and negatively impact profit margins. To overcome these challenges, the proposed model 

offers a unified strategy that determines maintenance interventions based on the insights generated by 

the DT. This model effectively integrates reliability analysis and threshold limit assessment from CBM, 

resulting in a more efficient and minimally disruptive maintenance process. 

 The DT module initiates the creation of a DT model. Depending on the specific challenges at hand, 

the DT model can be configured as either a physics-based model or a data-driven model. A physics-

based model is appropriate when the behaviour of the asset is predominantly governed by well-

established physical laws. On the other hand, a data-driven approach is more effective in scenarios 

marked by complexity and uncertainty. Building on the failure modes identified in Step 2, this method 

aims to pinpoint the key parameters in the DT that influence these failures. These parameters are tuned 

to ensure that the DT model simulation aligns with historical failure data in the calibration process. The 

guidelines for identifying key parameters when assessing asset faults are detailed in Annexes A, B, and 

C of the ISO 17359 standard [24]. From Step 2, updated failure probabilities for critical failure modes 

in reliability models are incorporated into the DT model. 

 Next, the proposed maintenance model calibrates the DT model using the updated reliability target. 

During this phase, the DT model—whether physics-based or data-driven—conducts simulations over 

time to generate a parameter profile, such as a temperature profile. This parameter profile is then used 

to fit a failure distribution, such as the Weibull distribution, and determine the associated distribution 

parameters. Once these parameters are established, the simulated failure probability is calculated and 

compared to the reliability target identified in Step 2. To facilitate this comparison, an objective 

function can calculate the error between the simulated probability and the target or compute the Root 

Figure 4: Condition-Based Monitoring Module 

17



 

Mean Square Error (RMSE) when considering multiple scenarios. This error value acts as a metric 

minimised through iterative adjustments of the key model parameters identified in Step 4. These 

parameters can be adjusted through various approaches, including manual tuning, optimisation 

algorithms, or Bayesian updating. After the necessary adjustments are made, the DT model reruns the 

simulation. This iterative process continues until the simulated failure probability closely aligns with 

the reliability target, minimising the error to nearly 0%. When this alignment is achieved, the 

calibration of the DT model is deemed successful.  

 Once the DT model has been fine-tuned, it establishes a real-time synchronisation connection to a 

live data feed. At this point, data captured from CBM sensors in Step 3 continuously streams into the 

DT model. This enables the virtual model to dynamically reflect the current state of the physical asset 

and recalibrate the failure probability, ensuring that trespassing beyond the threshold limit is swiftly 

detected within the DT. When an alarm is triggered due to a threshold limit, appropriate maintenance 

strategies can be implemented promptly. For example, when the DT model detects an unacceptable 

limit and signals a potential fault, the Mean Time to Repair (MTTR) must account for the duration to 

repair or replace a failing component once a fault is detected. This information allows for scheduling 

interventions in a way that minimises overall downtime. 

  Besides detecting threshold acceptable limits, the DT model conducts “what-if” analyses to oversee 

the simulated operational scenarios—such as increased load conditions, environmental changes, or 

simulated component degradation—to assess how these factors might impact asset performance. This 

allows maintenance engineers to test different strategies without interfering with the asset. Once the 

fine-tuning DT model is successfully trained in the small-scale environment, it is validated in the actual 

field. 

  2.1.5  Field Validation – Step 5 

Field validation within the model framework entails implementing the DT model in practical, real-

world settings. This model can be validated through pilot studies. These small-scale tests deploy the 

proposed DT model on limited assets to assess its accuracy and effectiveness before full-scale 

deployment. For instance, in a power plant, a pilot study might focus on applying the DT-based 

maintenance model to a single centrifugal pump, allowing for the monitoring of its real-time 

performance. This approach facilitates adjustments to the model based on insights gathered from actual 

operations. 

 The validation process commences with deploying the fine-tuned DT model alongside the physical 

assets in the field, enabling the model to collect real-time operational data. At this stage, discrepancies 

between the parameters of the DT model and the sensors’ parameters installed on the physical asset are 

identified. Users must then investigate the source of these differences. If the discrepancies are 

attributed to flaws in the DT model, the process should revert to calibration. On the other hand, if the 

issue arises from gradual faults within the asset itself, prompt maintenance actions should be scheduled.  

 This ongoing feedback loop between the DT and the physical asset is vital for maintaining the 

model's validity and effectiveness in dynamic environments. By conducting thorough field validation, 

organisations can trust their DT models for informed decision-making and optimised asset 

management. 

3 Conclusion 

The rapid evolution of industrial operations and the persistent challenges of reactive maintenance have 

underscored the need for a more proactive approach. Traditional methods, often reliant on scheduled 

maintenance and manual interventions, are prone to inefficiencies, increased downtime, and higher 

costs. These limitations have motivated this research to explore the integration of DT technology to 

enhance asset reliability and optimise maintenance strategies. By conceptualising a model that 
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leverages up-to-date sensor data, historical reliability records, and advanced simulation techniques, this 

study aims to address the shortcomings inherent in conventional maintenance frameworks. 

 To tackle these challenges, a comprehensive, DT-based conceptual maintenance model has been 

developed. The proposed framework combines criticality assessment using expert input and 

quantitative methods, such as AHP and FMECA, with CBM, incorporating real-time sensor data and 

historical data for baseline calibration. Advanced signal processing techniques are applied to clean and 

normalise data, while the DT model is calibrated to ensure it aligns with physical assets. The model 

employs simulation and “what-if” analyses to predict potential operational deviations and proactively 

guide maintenance interventions. 

 This conceptual model offers several advantages. It provides a unified and systematic approach to 

maintenance by integrating disparate data sources and employing robust analytical methods within a 

single computing environment. The model is designed to improve predictive maintenance through 

continuous calibration and iterative refinement, potentially reducing downtime and maintenance costs.  
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 Abstract 
Asset management has increasingly become a crucial issue for most organizations, 

particularly over the past decade. Key elements of asset management include aligning 

asset management goals with organizational objectives, adopting a strategic approach 

to manage assets throughout their lifecycle, and utilizing an asset management system 

to improve performance continually and derive value from assets. The problem 

addressed and motivation are based on the optimization of asset management practices. 

This paper presents a method that demonstrates how leveraging data-driven insights in 

a reliability data analysis enhances asset performance, efficiency, and longevity. 

Reliability data analysis provides valuable information that can help predict asset 

failures, optimize maintenance schedules, and improve decision-making for more 

effective asset management. This work aims to offer a framework and guidelines on 

how to use different types of data for reliability analysis, emphasizing its significance 

and potential for optimizing asset management. A demonstrative example of an 

industrial pump from a manufacturing facility is included to illustrate this importance. 

Based on the results achieved in the study, its relevance is related to the knowledge 

obtained about the behavior of the asset regarding the occurrence of failures over time, 

and mainly on how such information leads to decisions that optimize the lifecycle of the 

referred asset. 

Keywords: reliability; data analysis; asset management; optimization 

1 Introduction 

Asset management has become a reality for most organizations, with a special incidence in the last decade. 

Today, it presents a way to reduce costs, decrease risk, and achieve the best performance of the assets. The 

importance of asset management became more visible after the publication of PAS 55-1 [1] and PAS 55-2 [2] 

by the Institute of Asset Management (IAM) in 2003. Later, with the international standard ISO 55000 

publication, this issue was globally understood because it addresses the need for a systematic approach to 

managing an organization’s assets, which is crucial in today’s infrastructure-intensive environment. ISO 55000 

[3] provides an overview, basic principles, and terminology, which are further developed and implemented 

through ISO 55001 [4] and ISO 55002 [5]. ISO 55001 specifies the requirements for an asset management 

system, and ISO 55002 gives guidelines for applying ISO 55001. 

The key elements of asset management include aligning asset management objectives with organizational 

objectives, a strategic approach to managing assets throughout their lifecycle, and using an asset management 

system to continually improve performance and realize value from assets. Good and adequate asset 
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management ensures that organizations can achieve their strategic goals through the effective and efficient 

management of their assets. It gives organizations the necessary tools to optimize asset usage, enhance financial 

performance, manage risk, and ensure sustainability. This provides a structured approach that helps 

organizations improve overall efficiency. 

One of the chapters of the standard ISO 55001 [4] refers to performance evaluation that includes the 

reviews and inspections that the organization carries out as part of the process for monitoring and establishing 

the health of both the assets and the organization’s support systems. For example, periodic testing of equipment, 

condition assessments, investigations, and reliability analysis can be used to evaluate assets’ performance. 

Optimizing asset management through reliability data analysis involves leveraging data-driven insights to 

enhance assets’ performance, efficiency, and longevity. Reliability data analysis provides valuable information 

that can help predict asset failures, optimize maintenance schedules, and improve decision-making for 

managing assets effectively. Usually, it involves the treatment of failure data, its adequacy to a statistical 

distribution, and a prediction of the probability of failure, reliability, or failure rate, for a given time of 

operation. 

The objective of the work is to present a framework and describe how to perform a reliability data analysis 

and how this analysis can be used to optimize asset management. The paper describes some benefits of using 

reliability data analysis to gain insights for an efficient asset management system. The document is divided 

into five sections. The first section refers to an introduction to asset management and points out the objectives 

of the work. The second section is related to reliability data analysis and how to optimize asset management 

based on such analysis. Section three describes the different types of data that can be used in reliability data 

analysis, and section four presents a demonstrative example. Finally, section five presents the main results and 

future work that can be done on asset management using reliability data analysis. 

2 Reliability data analysis 

Traditional reliability studies rely on the analysis of failure data. The question is how such studies can be 

used in asset performance evaluation within an asset management system.  

Rafati et al. [6] stated that asset reliability analysis becomes increasingly vital for achieving energy 

efficiency, meeting sustainability goals, and ensuring the resilience of urban infrastructures. Traditional 

reliability and asset management methods sometimes fail to incorporate the new measurements and 

varying asset conditions. The authors presented a study that uses data-driven techniques for reliability 

analysis and assessment of specific urban infrastructures, and explores asset management strategies with 

an emphasis on data-driven reliability-based asset management.  

Wu et al. [7] referred that by incorporating information about asset condition from a monitoring 

system, engineers can utilize asset management models to manage maintenance activities, giving the 

example of wind turbine blades. It can lower operating and maintenance costs and increase the life of the 

blades. The asset management model presented relies on the monitoring system as a source of information. 

The proposed model can be used to support asset management decisions when the monitoring system 

performance degrades. 

Hartini et al. [8] referred to a study that focuses on the structure, system, and components of a 

multipurpose reactor, emphasizing the integration of reliability improvement within asset management 

optimization. The study aimed to derive Maintenance Priority Index (MPI) values, contributing to system 

reliability ratings, crucial for assessing component functionality and estimating Remaining Useful Life 

(RUL), improving asset management, and offering practical insights for critical safety system component 

maintenance planning. 

Another study developed by Mirshekali et al. [9] stated that aging, environmental factors, and 

operational conditions contribute to a higher likelihood of faults, which reduces reliability. The work was 

assessed using a real Danish distribution grid, and the findings indicate that the proposed method 

demonstrates superior performance in terms of reliability metrics and power outage cost. 

It is common sense that reliability and availability analysis is an appropriate technique to support 
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proper physical asset management. However, this task can become very complex in the face of a dynamic 

demand during the operational course of the analyzed assets. In some cases, advanced tools for reliability 

and availability analysis, such as Petri nets, are expected to be applied. Melani et al. [10] presented a Petri 

net-based reliability and availability analysis in a dynamic demand scenario to support maintenance 

decision-making for asset management.  

Based on the literature review and case studies presented, it has been proven that organizations can 

reduce downtime, improve operational efficiency, extend asset lifespan, and lower maintenance costs by 

optimizing asset management through reliability data analysis. The key is to collect and analyze relevant 

data, implement predictive maintenance, and continuously improve processes based on data insights. By 

focusing on the most critical assets and addressing failure risks proactively, businesses can achieve more 

reliable operations and maximize the value derived from their assets. 

Follows a framework representation (Figure 1) for the whole process related to data processing and 

decision-making for critical assets. 

 

Figure 1 – Data processing, reliability analysis, and decisions 

 

After identifying all critical assets in the plant, the first step is to collect data from those assets. 

These data can be from asset performance data (historical performance data such as failure rates, 

maintenance logs, repair records, and downtime), from condition monitoring (data from sensors or 

predictive technologies to monitor real-time asset health, such as temperature, pressure, and vibration), 

from inspections and tests (data related to additional data on asset condition), and even from 

environmental data that could influence asset reliability (information about working environment, such 

as humidity, temperature, and dust). 

After that, a data analysis must be done, using predictive analytics and modelling. It is common to 

use reliability models (e.g., Weibull distribution, failure rate analysis) to identify common failure modes 

and predict when an asset is likely to fail. The results, assumed as reliability key performance indicators, 

such as the Mean Time Between Failures (MTBF), that measures the expected time to failure or time 

between failures, the Mean Time to Repair (MTTR), that measures how long it takes to restore an asset 

to operational status after a failure, and the availability and reliability, that analyze asset availability 

(uptime) and reliability (ability to perform its required function without failure) to ensure assets are 

functioning efficiently. The Remaining Useful Life (RUL) can be predicted by implementing machine 

learning or statistical models to predict the remaining useful life of assets, allowing proactive 

interventions before failures occur. 

These reliability indicators must be integrated into the Enterprise Asset Management (EAM) system 

or Computerized Maintenance Management System (CMMS), providing valuable information. It should 

correspond to real-time data integration to ensure seamless communication and data-driven decision-

making. For this reason, it is common to use dashboards to visualize key reliability metrics, asset health 
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status, and performance trends, providing a clear picture for decision-makers. 

This reliability data analysis can be used to optimize maintenance strategies, establishing Predictive 

Maintenance (PdM) when historical reliability data is used to predict when equipment will fail or when 

performance will degrade, so that maintenance can be scheduled accordingly. This reduces unnecessary 

downtime and extends asset life. It can also be redirected to categorize assets based on their criticality 

and failure modes, and tailor maintenance strategies accordingly (e.g., run-to-failure, time-based, or 

predictive maintenance), meaning a Reliability-Centered Maintenance (RCM) strategy. The results of 

reliability data analysis can also be used to investigate the root causes of asset failures, and based on this 

Root Cause Analysis (RCA), modify maintenance strategies and processes, reducing recurrence. It is 

also possible to use predictive analytics to shift from scheduled maintenance to condition-based 

maintenance (CBM), where maintenance is done when the asset's performance drops below a predefined 

threshold. A Risk-Based Maintenance (RBM) strategy can also be derived from the results of reliability 

data, used to assess the risk associated with asset failure and prioritize maintenance activities based on 

potential consequences and failure probabilities. With predictive models, one can proactively manage 

risk by addressing potential issues before they lead to catastrophic failures. 

The reliability data analysis can also be applied to improve asset design using failure data to inform 

the design and improvement of new assets, ensuring that reliability is considered during the design phase 

to reduce future failures. This is called Design for Reliability (DfR). The same reliability data analysis 

serves to inform decisions on asset replacement and upgrades. Assets with high failure rates or 

maintenance costs may be due for replacement sooner than initially planned. 

Last, but not least, the results of a reliability data analysis can lead to the conclusion of the necessity 

of training and skill development to ensure that the asset management team is trained in interpreting 

reliability data and analytics results. This helps in making informed decisions and implementing 

improvements. It will also foster collaboration between engineers, operations, and maintenance teams, 

allowing insights from reliability data to be shared across departments for better decision-making. 

Finally, all this must be faced in a continuous improvement model, with feedback loops that continuously 

collect and analyze reliability data to improve future maintenance strategies and optimize asset 

management. Analyzing post-maintenance performance helps refine the process. This is a data-driven 

decision-making model, fostering a culture of using data to drive asset management decisions, leading 

to more informed strategies for optimization. 

3 Types of data 

To optimize asset management through a reliability data analysis, a wide range of data types can be used 

to improve asset performance, predict failures, and enhance maintenance strategies. Wang et al. [11] 

referred that Bernoulli data (pass/fail), lifetime data, and degradation data are commonly encountered in 

product reliability assessment. These data are often collected from different sources (such as field use, 

accelerated tests, history, …), and it is desirable to utilize these heterogeneous data within one 

computational framework to provide a comprehensive evaluation of product reliability. Thus, it is 

common to consider several data sources when trying to develop a reliability analysis. Follows a 

breakdown of the key types of data that are valuable in asset management. 

 3.1 Historical performance data 

Historical performance data relies on failure records, referring to information on past failures, including 

when and how assets failed, distinct failure modes, and their causes. This helps identify patterns and 

predict future failures. Maintenance history is a valuable source of information because it contains 

records of all maintenance activities performed on assets, including preventive maintenance (PM), 

corrective maintenance (CM), and any repairs or replacements. Downtime data is very important 

information, referring to how long assets were out of service during maintenance or failure events, 
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helping to understand downtime trends and optimize schedules. Data related to work orders helps track 

completed and upcoming maintenance tasks, as well as the status and resources required for 

maintenance. Data on the resources (e.g., parts, labor, tools) used during maintenance activities helps 

optimize inventory and resource allocation. Financial data on the costs to maintain each asset helps with 

cost-benefit analysis for repairs versus replacement. Supply chain and spare parts data, related to i) spare 

parts inventory (data on the availability, usage rates, and lead times for spare parts) can help ensure that 

the right parts are available for maintenance when needed, ii) lead times for procurement (tracking how 

long it takes to acquire critical replacement parts) helps manage downtime during repairs and improve 

maintenance planning, and iii) supplier performance data (data on supplier reliability and delivery times) 

ensures that the supply chain can meet the demands of asset maintenance. 

 3.2 Operational data 

The operational data also plays a very important role in reliability analysis. This data refers to operating 

hours, meaning the total time the asset has been operating, often used to track wear and tear or calculate 

maintenance intervals. Load conditions must also be considered because they contain data on the 

operational load or capacity at which the asset works, as higher loads can lead to faster wear or premature 

failures. The operational data includes cycle data, meaning the number of operating cycles or processes 

an asset has completed, especially for assets like pumps, motors, or engines that may wear with each 

cycle. Also, data about operational speed or efficiency of an asset must be considered, which can indicate 

suboptimal performance or impending failure. Operational data may also include asset lifecycle data as 

i) age of asset (indicating the likelihood of failure based on historical trends of similar assets), ii) 

remaining useful life (RUL), iii) total cost of ownership (TCO) (referred to financial data that tracks the 

total cost associated with maintaining and operating an asset, which is crucial for assessing its long-term 

value and determining the best time to replace it), and iv) warranty information (helping track the 

warranty status of assets, which can influence decisions regarding repairs or replacement). 

 3.3 Condition monitoring data 

Data from condition monitoring systems point out some parameters that reflect the asset’s health. This 

data can be about vibration levels, which are critical for detecting mechanical faults in rotating 

equipment such as motors, pumps, and fans, monitoring temperature trends of assets (e.g., motors, 

bearings, engines), and helping to detect overheating, which is a common sign of failure. Also, pressure 

data for assets like compressors, turbines, and hydraulic systems, where pressure measurements can 

indicate potential problems like leaks or blockages. Another example is the fluid quality data, for assets 

that use lubricants or hydraulic fluids, measurements such as viscosity, contamination levels, or acidity 

can indicate issues with fluid quality and, by extension, asset condition. Acoustic data, related to sound 

emissions, such as unusual noises or patterns, can also be used to identify wear or damage in machinery. 

It is also possible to have advanced sensors (temperature, pressure, humidity, etc.) connected to the 

Internet of Things (IoT), providing real-time data on asset health and performance. This data can be used 

to feed predictive models (e.g., machine learning or statistical analysis), predicting potential asset 

failures based on patterns identified from historical data and real-time data. 

 3.4 Environmental data 

Environmental data is sometimes a very important issue to be considered in a reliability analysis 

framework. It refers to ambient temperature and humidity, as external conditions can affect asset 

performance and reliability, particularly in industries like manufacturing or energy generation, where 

equipment is sensitive to environmental changes. Data on the presence of dust, chemicals, or other 

contaminants in the environment that may impact the asset’s condition, especially for high-precision or 

sensitive equipment, must also be considered. For assets exposed to outdoor or harsh environments, data 
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from corrosion levels can help predict the remaining life or the need for protective measures.  

 3.5 Design and configuration data 

The model must consider original design asset specifications, including expected service life, tolerances, 

and performance characteristics, to help provide a baseline for evaluating asset performance. All 

modifications, upgrades, or retrofits, referring to changes made to the asset, should be tracked as they 

can influence asset reliability and performance. It is also common to include manufacturer data on 

recommended maintenance practices, operational limits, and expected performance standards, which 

can help inform maintenance schedules and operational decisions. 

 3.6 Other analysis data 

Data from other types of analysis can also be incorporated into the model. It can be related to failure 

modes, identifying and documenting all potential failure modes of assets (e.g., wear, corrosion, fatigue, 

electrical failures), helping to predict which parts of the asset are most likely to fail and when. It can also 

be related to a criticality and risk assessment, ranking assets based on their criticality and impact on 

operations, helping to prioritize which assets need the most attention, and reducing the risk of 

catastrophic failures. Also, information gathered from root cause analysis (RCA) can help to determine 

underlying causes of failures, so corrective actions can be applied to prevent recurrence. Figure 2 

graphically shows all the referred data types that can be considered in the model of a reliability analysis. 

 

Figure 2 – Data for reliability analysis 

 

By gathering and analyzing a combination of these data types, organizations can gain a comprehensive 

understanding of their assets’ reliability, performance, and failure patterns. This enables more proactive, 

data-driven decision-making to extend asset life, reduce downtime, and optimize maintenance strategies. 

Leveraging the right mix of data is key to unlocking the full potential of asset management.  
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4 Demonstrative example 

This section presents a detailed example of asset failure data, inherent reliability analysis, and the impact 

of the results on asset management decisions. In the present work, it will be used as a demonstrative 

example, an industrial pump from a manufacturing facility’s fluid handling system. 

 4.1 Asset description 

The asset is a common centrifugal pump, whose function is to transfer liquid (chemicals) from one location 

to another. This pump is vital to the continuous operation of the manufacturing facility. Failures would 

lead to significant downtime, halting production. 

 4.2 Failure data 

The facility’s maintenance team has been tracking the pump failures over the last three years. The data 

gathered includes the failure frequency, failure modes, failure causes, and downtime. Table 1 shows the 

data records. 

Table 1 – Data for reliability analysis 

Failure mode Qt. Causes Downtime [h] 

Mechanical seal fail-

ure 

4 Resulted from misalignment during installation and 

poor lubrication 

72 

Bearing failure 2 Caused by overheating due to a lack of regular 

maintenance (e.g., lack of lubrication) 

Motor overload 1 Triggered by operating the pump at a higher-than-

recommended pressure, causing excessive motor 

load 

Cavitation 1 Due to low NPSH (Net Positive Suction Head) 

caused by fluctuating suction pressure 

 4.3 Simplified reliability analysis 

The reliability analysis presented refers to a simplified manner to produce outputs for the subsequent 

decision-making process. It was used to understand how frequent failures occur, their causes, and their 

impact. This allows for informed decisions regarding maintenance, replacement, and reliability 

improvements. 

For the gathered data presented in Table 1, a first reliability indicator can be simply defined, that is, 

the Mean Time Between Failures (MTBF). Taking into account a total operating time of 15000 hours 

(working 5,000 hours/year) over the past three years and a total of 8 failures, the MTBF was mathematically 

defined as 1875 hours, meaning that, on average, the pump fails every 1875 hours of operation. If we are 

dealing with an asset in its useful life, it corresponds to a failure rate (λ) of 0.000533 failures per hour, 

which can be used to predict failures over the next 1000 operating hours, for instance. 

A more detailed analysis shows that mechanical seal failures and bearing failures have the most 

significant impact on operations due to the downtime associated with their repairs. A mechanical seal 

failure can cause leaks, leading to fluid loss, and potentially a hazardous situation because it is a chemical 

pump. It also results in increased maintenance costs and labor hours for replacing seals. A bearing failure 

results in complete pump stoppage and typically requires more time to disassemble and inspect the pump 

components for further damage. The cavitation failure mode, although less frequent, can cause significant 

damage to the pump impeller and other internal components, requiring more expensive repairs or even 
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replacement. 

Looking at the data related to the time between failures, and applying a statistical approach to the data 

(applying statistical tests like the Kolmogorov-Smirnov test, a normalized correlation coefficient or the 

likelihood value) [12], it could be seen that the most suitable reliability distribution (between the most 

common distributions, as Weibull, Normal, Lognormal, Exponential) to model pump failure characteristics 

was the Weibull distribution (biparametric), with a shape parameter (β) of 1.65 (suggesting a wear-out 

failure mode) meaning that the likelihood of failure increases as the pump ages, and a scale parameter (η) 

of 1960 hours. The correlation coefficient 0.9967 is considered a relatively good value for that parameter. 

Figure 3 shows the graphical representation of the Weibull probability plotting paper (failures), the 

reliability function, the failure rate function (increasing), and the probability density function. 

 

 

Figure 3 – Graphical representation of reliability functions 

 

The results achieved in the analysis can be used as useful information to increase the knowledge about 

the behavior of the asset regarding the occurrence of failures over time, and such information can lead to 

decisions that optimize the lifecycle of the asset under study. 

 4.4 Impact of reliability results on asset management decisions 

As the objective is to optimize asset management through reliability data analysis, based on the simplified 

reliability analysis developed in the example, the following decisions can be made: 

• Improve preventive maintenance program – Regarding the failure modes identified as critical 

(mechanical seal and bearing failures) are due to poor maintenance practices, such as misalignment 

and insufficient lubrication, the decision was to revise the preventive maintenance (PM) schedule to 

include more frequent checks on mechanical seals and bearings, lubrication, and alignment 

procedures. It was then established to develop regular lubrication intervals, the addition of seal and 

bearing inspections every 500 operating hours, and the implementation of a vibration analysis 

program to detect early signs of bearing degradation; 
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• Implement predictive maintenance (PdM) strategies – Regarding that the motor overload failures 

and cavitation are both related to operational conditions (pressure levels and suction conditions), it 

was decided to use sensors to monitor the pump’s operational parameters such as pressure, flow, and 

motor load, and integrate this data into a predictive maintenance system. This leads to the installation 

of pressure and flow sensors to monitor NPSH and prevent cavitation, and the use of motor load 

sensors to track overload conditions and trigger alarms before a failure occurs; 

• Spare parts management – As bearing and seal failures occur more frequently, leading to stock-

outs and longer repair times, it was established to increase spare parts inventory for critical 

components to ensure rapid replacement and reduce downtime. Thus, it was decided to increase the 

stock of critical spare parts (mechanical seals, bearings), and consider using a just-in-case inventory 

strategy for high-use items that need to be readily available during unscheduled maintenance; 

• Invest in asset replacement or overhaul – The relatively high failure rate of the pump (being the 

common occurrence of mechanical and bearing failures), with a short MTBF, suggests that it is 

reaching the end of its useful life, and frequent failures might continue or increase. Based on this, it 

was decided to evaluate the possibility of replacing the pump with a more reliable model or 

overhauling the current pump. Thus, a cost-benefit analysis must be done, comparing the cost of 

continued maintenance vs. replacing the pump and, if maintenance costs are significantly higher than 

replacement, initiating the procurement of a new, more reliable pump model with an improved 

MTBF; 

• Risk mitigation strategy - Some failure modes (like cavitation and bearing failure) have higher 

consequences, including production stoppage and safety risks. Regarding this evidence, a focus on a 

risk-based approach to prioritize interventions on the most critical failure modes must be 

accomplished. It was then decided to develop a Risk-Based Maintenance (RBM) strategy to focus 

efforts on the most critical failure modes (bearing failures and cavitation) and perform a Root Cause 

Analysis (RCA) to identify how cavitation can be better controlled by adjusting suction pressure or 

implementing better pressure regulation. 

All these decisions can have a long-term impact on asset management as a cost reduction, by proactively 

maintaining the pump, scheduling replacement of worn-out components (seals and bearings), and 

introducing predictive monitoring, reducing unplanned downtime and maintenance costs. It can also have 

an impact on asset lifespan because a proper alignment, lubrication, and operational adjustments (e.g., 

avoiding cavitation) will extend the pump’s useful life. The actions will also increase operational efficiency 

because by maintaining operational conditions within optimal parameters, the pump will operate more 

efficiently, reducing energy consumption and improving throughput. In the end, all these decisions will 

undoubtedly improve reliability metrics over time. For example, MTBF will improve as a result of better 

maintenance practices and component monitoring. 

5 Conclusions and future work 

The present work deals with reliability analysis and how such analysis can be an important tool to make 

decisions and optimize asset management. Several types of data that can be collected from the perspective 

of reliability studies were described, and a demonstrative example was presented. In this demonstrative 

example, decisions were made, and actions were established, in a way to optimize many aspects of the 

management of an asset. 

It can be concluded that by analyzing asset failure data (such as failure modes, failure causes, and 

downtime), performing inherent reliability analysis, and implementing the insights gained into asset 

management decisions, organizations can optimize their maintenance strategy, reduce unplanned downtime, 

and extend the life of critical assets. These improvements lead to more reliable operations, reduced costs, 
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and better risk management, ultimately enhancing overall asset performance.  

Some limitations can be addressed in this type of study, such as the lack of data, poor data, or even the 

fear of the mathematical part of the analysis by the professionals.  

As an actual tendency, the use of incorporated sensors to collect relevant data and the development of 

machine learning algorithms to predict failure events can lead to setting up a system for real-time monitoring 

and predictive maintenance, reducing resources and spending less time. Combining effective data collection, 

machine learning models, and real-time alerts, organizations can enhance asset management, reduce 

downtime, and optimize maintenance strategies. 
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 Abstract 

The classification of medical equipment and the implementation of normative methodologies are 

crucial to ensuring the safety, efficacy and accuracy of devices used in the healthcare context. This 

study addresses the complexity involved in the compliance of medical equipment with rigorous 

international standards, as well as the application of appropriate metrological practices for their 

evaluation. The motivation for this research resides in the necessity to improve certification 

processes, ensuring that devices meet the highest quality and performance criteria, to guarantee the 

protection of both patients and healthcare professionals. The methods adopted include a thorough 

analysis of the technical standards in force, such as ISO 13485 and IEC 60601, together with an 

investigation of the metrological practices applied to the calibration and verification of equipment 

performance. The main results show that harmonization between normative and metrological 

methodologies promotes substantial improvement in certification processes and contributes to 

continuous innovation in the area. The relevance of this work is indisputable, as it broadens the 

understanding of the state of the art, providing robust and applicable guidelines for the classification 

and validation of medical equipment, with a direct impact on safety and quality in the health sector. 

Keywords: Medical Equipment, Physical Assets, Maintenance Standards, Asset Management Standards 

 1 Introduction 
The growing technological evolution in the medical equipment sector poses significant challenges in 

terms of safety, efficacy and regulatory compliance. The classification and certification of these 

devices are essential to ensure that they meet the highest international standards, protecting patients 

and healthcare professionals [1]. 

This study aims to address the importance of the normative and metrological methodologies applied 

in the classification of medical equipment, with the aim of providing a comprehensive understanding 

of the normative and calibration processes used to ensure the quality and reliability of these devices 

[2].  

The motivation for this work lies in the need for a more in-depth understanding of the regulatory and 

metrological practices governing medical equipment, promoting advances in the development and 

certification of these devices [3]. 

The literature on the classification of medical equipment and regulatory standards is vast and complex. 

Several studies analyze the international technical standards, such as ISO 13485 and IEC 60601, which 

govern the manufacture and performance of medical devices [4].  

The application of metrology to the calibration and verification of devices is also widely discussed, 
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with an emphasis on the accuracy of measurements and ensuring that devices meet the requirements 

demanded by regulatory bodies [5]. However, there are significant gaps regarding the efficient 

integration of normative methodologies with metrological practices, especially in contexts of 

accelerated technological innovation [6]. 

To address the proposed problem, a qualitative research methodology was adopted, combining a 

literature review and document analysis. The review included international standards such as ISO 

13485 and IEC 60601, as well as academic articles and technical reports that discuss metrology 

practices applied to medical equipment. In addition, a case analysis of specific medical devices was 

carried out, focusing on the application of normative and calibration methodologies in certification 

processes [7] [8]. 

 

 2 Classification of Medical Equipment 
According to the World Health Organization (WHO), medical equipment (or medical device) is defined 

as: 

“Any instrument, apparatus, implement, machine, implantable device, reagent for in vitro use, software, 

material or other similar or related article intended by the manufacturer to be used, alone or in 

combination, in human beings for the purpose of: 

 diagnosis, prevention, monitoring, treatment or relief of a disease; 

 diagnosis, monitoring, treatment, relief or compensation of an injury; 

 research, replacement, modification or support of anatomy or a physiological process; 

 support or maintenance of life; 

 control of conception; 

 disinfection of medical devices; 

 providing information by in vitro means on samples from the human body [3].” 

Figure 1 shows some examples of medical devices according to their respective purpose. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

According to the World Health Organization (WHO), medical equipment is classified primarily on the 

basis of the level of risk it poses to the patient and/or user. This approach is similar to that adopted by 

Figure 1: Medical device examples according to their respective purpose [1] 
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other international regulatory bodies, such as the European Union and the US FDA, promoting a global 

harmonization of the regulation of medical devices.  

The WHO divides medical equipment into four main classes, according to the risk associated with their 

use [9]: 

 Class I: Low risk (e.g. gauze, wheelchairs, stethoscope) 

 Class II-a: Moderate risk (e.g. syringes, X-ray equipment) 

 Class II-b: High moderate risk (e.g. monitors, ventilators) 

 Class III: High risk (e.g. defibrillators, implants) 

Table 1 show how different countries use different classifications: 

Table 1: Medical Device Classification in Different Countries 

Countries     

Europe Class I Class II-a 

Class II-b 

Class III  

USA Class I Class II Class III  

Canada Class I Class II Class III Class IV 

Australia Class I Class II-a 

Class II-b 

Class III  

India Class A Class B Class C Class D 

 
The current device-related regulations to Regulation (EU) 2017/745 on medical devices (MDR) and 

Regulation (EU) 2017/746 on in vitro diagnostic medical devices (IVDR, in force since May 26, 2022), 

recognizes medical device nomenclature and define medical devices as: 

 “non-invasive” devices; 

 “active devices” utilizing the source of energy for their use, software is also included in this category; 

 “implantable devices” that intend to enhance the function of certain body parts or to replace damaged 

tissue; 

 “invasive devices” the function of which lies inside the human body. 

The performance of the medical device as intended by its manufacturer requires the classification of the 

medical device and other evaluation steps. In addition, Table 2 show that there are classification rules that 

must be considered when evaluating the medical device [10]: 

Table 2: Classification rules for medical equipment 

NON-IN-

VASIVE 

DEVICES 

This equipment is classified as class I, unless: 

 non-invasive devices intended to channel or store blood, body fluids, cells or tissues, liq-

uids or gases for the purpose of infusion, administration or eventual introduction into the 

body are classified in class IIa: 

 if they can be connected to an active device of class IIa, class IIb or class III; 

 if they are intended to be used to channel or store blood or other body fluids or to store 

organs, parts of organs or body cells and tissues of organs or body cells and tissues, except 

for blood bags; blood bags are classified in Class IIb; 

All non-invasive devices intended to modify the biological or chemical composition of human 

tissues or cells, blood, other body fluids or other fluids intended to be implanted or administered 

in the body are classified as class IIb, unless the treatment for which the device is used consists of 

filtration, centrifugation or gas or heat exchange, in which case they are gas and heat exchanges, 

in which case they are classified in class IIa; 

All Non-invasive devices consisting of a substance or mixture of substances intended to be used 

in vitro in direct contact with human cells, tissues or organs taken from the human body or used in 

vitro with human embryos prior to their implantation or administration in the human body are 

classified in class III; 
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All non-invasive devices that come into contact with injured skin or mucous membranes are clas-

sified as: class I, if they are intended to be used as a mechanical barrier, for compression or for 

exudate absorption; class IIb, if they are intended to be used mainly on skin lesions that have 

broken through the dermis or mucosa and can only heal by second intention; class IIa, if they are 

intended primarily to manage the microenvironment of injured skin or mucous membranes mucous 

membrane; class IIa in all other cases; 

This rule also applies to invasive devices that come into contact with the injured mucosa. 

INVASIVE 

DEVICES 

All body orifice invasive devices, with the exception of invasive devices of a surgical nature, which 

are not intended for connection to an active device or which are intended to be connected to a class 

I active device are classified as:  

 class I, if they are intended for transient use;  

 class IIa, if they are intended for short-term use, except if they are used in the oral cavity 

up to the pharynx in an ear canal up to the eardrum or in the nasal cavity, in which case 

they are classified as class I;  

 class IIb, if they are intended for long-term use, except if they are used in the oral cavity 

up to the pharynx, mucous membrane, in which case they are classified as class IIa. 

All body orifice invasive devices, except for invasive devices of a surgical nature, intended to be 

connected to an active device of class IIa, class IIb or class III, are classified in class IIa; 

All surgically invasive devices intended for transient use are classified in class IIa, except: 

 are specifically intended to control, diagnose, monitor or correct a defect of the heart or 

central circulatory system through direct contact with those parts of the body, in which 

case they are classified as class III;  

 are reusable surgical instruments, in which case they are classified as class I;  

 are specifically intended to be used in direct contact with the heart or central circulatory 

system or the central nervous system, in which case they are classified in class III; 

 are intended to deliver energy in the form of ionizing radiation, in which case they are 

classified in class IIb; 

 have a biological effect or are totally or mainly absorbed, in which case they are classified 

in class IIb; 

 are intended to administer medicinal products via a delivery system, if such administration 

of a medicinal product is carried out in a manner which is potentially hazardous having 

regard to the mode of application, in which case they are classified in class IIb. 

All surgically invasive devices intended for short-term use are classified in class IIa, unless 

 they are specifically intended to control, diagnose, monitor or correct a defect of the heart 

or central circulatory system through direct contact with those parts of the body, in which 

case they are classified as class III; 

 they are specifically intended to be used in direct contact with the heart or central circula-

tory system or the central nervous system, in which case they are classified as class III; 

 if they are intended to deliver energy in the form of ionizing radiation, they are classified 

in class IIb; 

 they have a biological effect or are totally or mainly absorbed, they are classified in class 

III; 

 if they are intended to undergo chemical changes in the body, they are classified in class 

IIb, except if the devices are placed in the teeth;  

 if they are intended to administer medicines, they are classified in class IIb. 

All implantable devices and long-term invasive devices of a surgical nature are classified in class 

IIb, unless: 

 they are intended to be placed in teeth, they are classified as class IIa; 

 if they are intended to be used in direct contact with the heart, central circulatory system 

or central nervous system, they are classified in class III; 

 they have a biological effect or are totally or mainly absorbed, they are classified in class 
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III; 

 they are intended to undergo chemical changes in the body, they are classified in class III, 

except if the devices are placed in the teeth; 

 they are intended to administer drugs, they are classified in class III; 

 they are active implantable devices or their accessories, are classified in class III 

 they are breast implants or surgical meshes, are classified in class III; 

 they are total or partial joint replacements, are classified in class III, except for auxiliary 

components such as screws, wedges, plates and instruments;  

 they are vertebral disc replacement implants or implantable devices that come into contact 

with the spine, are classified as class III, except for components such as screws, wedges, 

plates and instruments. 

ACTIVE 

DEVICES 

All active therapeutic devices intended to administer or exchange energy are classified as class IIa 

unless their characteristics are such that they may administer energy to or exchange energy with 

the human body in a potentially hazardous way, taking account of the nature, the density and site 

of application of the energy, in which case they are classified as class IIb. 

All active devices intended to control or monitor the performance of active therapeutic class IIb 

devices, or intended directly to influence the performance of such devices are classified as class 

IIb. 

All active devices intended to emit ionizing radiation for therapeutic purposes, including devices 

which control or monitor such devices, or which directly influence their performance, are classified 

as class IIb; 

All active devices that are intended for controlling, monitoring or directly influencing the perfor-

mance of active implantable devices are classified as class III. 

Active devices intended for diagnosis and monitoring are classified as class IIa: 

 if they are intended to supply energy which will be absorbed by the human body, except 

for devices intended to illuminate the patient's body, in the visible spectrum, in which 

case they are classified as class I; 

 if they are intended to image in vivo distribution of radiopharmaceuticals;  

 if they are intended to allow direct diagnosis or monitoring of vital physiological processes, 

unless they are specifically intended for monitoring of vital physiological parameters and 

the nature of variations of those parameters is such that it could result in immediate danger 

to the patient, for instance variations in cardiac performance, respiration, activity of the 

central nervous system, or they are intended for diagnosis in clinical situations where the 

patient is in immediate danger, in which cases they are classified as class IIb. 

Active devices intended to emit ionizing radiation and intended for diagnostic or therapeutic radi-

ology, including interventional radiology devices and devices which control or monitor such de-

vices, or which directly influence their performance, are classified as class IIb. 

Software intended to provide information which is used to take decisions with diagnosis or thera-

peutic purposes is classified as class IIa, except if such decisions have an impact that may cause: 

 death or an irreversible deterioration of a person's state of health, in which case it is in class 

III;  

 a serious deterioration of a person's state of health or a surgical intervention, in which case 

it is classified as class IIb. 

Software intended to monitor physiological processes is classified as class IIa, except if it is in-

tended for monitoring of vital physiological parameters, where the nature of variations of those 

parameters is such that it could result in immediate danger to the patient, in which case it is clas-

sified as class IIb. 

All other software is classified as class I. 

All active devices intended to administer and/or remove medicinal products, body liquids or other 

substances to or from the body are classified as class IIa, unless this is done in a manner that is 

potentially hazardous, taking account of the nature of the substances involved, of the part of the 
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body concerned and of the mode of application in which case they are classified as class IIb. 

All other active devices are classified as class I. 

SPECIAL 

RULES 

All devices incorporating, as an integral part, a substance which, if used separately, can be con-

sidered to be a medicinal product, as defined in point 2 of Article 1 of Directive 2001/83/EC, in-

cluding a medicinal product derived from human blood or human plasma, as defined in point 10 

of Article 1 of that Directive, and that has an action ancillary to that of the devices, are classified 

as class III. 

All devices used for contraception or prevention of the transmission of sexually transmitted dis-

eases are classified as class IIb, unless they are implantable or long term invasive devices, in 

which case they are classified as class III.  

All devices intended specifically to be used for disinfecting, cleaning, rinsing or, where appropri-

ate, hydrating contact lenses are classified as class IIb. 

All devices intended specifically to be used for disinfecting or sterilising medical devices are clas-

sified as class IIa, unless they are disinfecting solutions or washer-disinfectors intended specifi-

cally to be used for disinfecting invasive devices, as the end point of processing, in which case 

they are classified as class IIb. 

This rule does not apply to devices that are intended to clean devices other than contact lenses by 

means of physical action only. 

Devices specifically intended for recording of diagnostic images generated by X-ray radiation are 

classified as class IIa. 

All devices manufactured utilising tissues or cells of human or animal origin, or their derivatives, 

which are non-viable or rendered non-viable, are classified as class III, unless such devices are 

manufactured utilising tissues or cells of animal origin, or their derivatives, which are non-viable 

or rendered non-viable and are devices intended to come into contact with intact skin only. 

All devices incorporating or consisting of nanomaterial are classified as: 

 class III if they present a high or medium potential for internal exposure; 

 class IIb if they present a low potential for internal exposure; and 

 class IIa if they present a negligible potential for internal exposure. 

All invasive devices with respect to body orifices, other than surgically invasive devices, which 

are intended to administer medicinal products by inhalation are classified as class IIa, unless their 

mode of action has an essential impact on the efficacy and safety of the administered medicinal 

product or they are intended to treat life-threatening conditions, in which case they are classified 

as class IIb. 

Devices that are composed of substances or of combinations of substances that are intended to be 

introduced into the human body via a body orifice or applied to the skin and that are absorbed by 

or locally dispersed in the human body are classified as: 

 class III if they, or their products of metabolism, are systemically absorbed by the human 

body in order to achieve the intended purpose; 

 class III if they achieve their intended purpose in the stomach or lower gastrointestinal 

tract and they, or their products of metabolism, are systemically absorbed by the human 

body; 

 class IIa if they are applied to the skin or if they are applied in the nasal or oral cavity as 

far as the pharynx, and achieve their intended purpose on those cavities;  

 class IIb in all other cases. 

Active therapeutic devices with an integrated or incorporated diagnostic function which signifi-

cantly determines the patient management by the device, such as closed loop systems or auto-

mated external defibrillators, are classified as class III. 

 

The accurate classification is the manufacturer's responsibility besides following the General Safety and 

Performance Requirements (GSPRs) [11, 12]. The GSPRs, detailed in Annex I of the MDR, set the essential 

criteria that medical devices must meet to ensure safety and performance before market entry. The GSPRs 

encompass general safety principles, specific design and manufacturing standards, performance criteria, 

information requirements, and conditions for certain device types.  
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Furthermore, the manufacturer of the device is subjected to closely monitor the device's performance and pre- 

sent it to the notified bodies during device assessment, if needed. If device certification requires it, NBs are 

there to check and confirm the manufacturer's proposed classification, advise the certification route, and 

estimate the associated costs for the device's CE-marking [13].  

If the medical device is used in combination with medicines, with ancillary medicinal substances, or with 

substances that are systemically absorbed, or the device is of high risk, the device will be classified as class 

IIa, IIb, or III, based on point 5.2 of Annex IX (Rule 14) [10]. If this is the case, European Medicines Agency 

(EMA) might participate in the regulatory process and could be consulted by notified bodies during the 

assessment procedures [14]. 

CE marking is a legal requirement for DMs to be placed on the European market. The initials “CE” are an 

abbreviation of the French designation Conformité Européene, which means European Conformity. 

 

The CE marking is represented by the symbol the affixing of which must follow certain rules. It is a key 

indicator of a product's compliance with EU legislation (“New Approach” EU directives) and enables the free 

movement of products within the European Economic Area (EEA). By affixing the CE marking to a product, 

the manufacturer declares the conformity of the product with all the relevant ERs of the applicable directives. 

 

3.  International Maintenance and Asset Management Standards 

In recent years, the concept of sustainability has emerged as a critical priority across various domains, including 

the healthcare sector. Within the context of medical devices, however, the significance of maintenance 

transcends environmental considerations, representing a fundamental pillar for ensuring patient safety and the 

consistent operational integrity of clinical equipment. Device malfunctions may result in adverse clinical 

outcomes, thereby underscoring the imperative for healthcare institutions to implement robust maintenance 

strategies. Effective asset management throughout the device life cycle is essential for preserving functional 

reliability, optimizing performance, and mitigating the risk of failure. This chapter provides a comprehensive 

analysis of the European regulatory framework concerning the maintenance and life cycle asset management 

of medical devices, emphasizing the contribution of these standards to sustainable practices, enhanced patient 

safety, and the overall efficacy of medical technologies. 

 

3.1 European Maintenance Standards 

The maintenance of medical equipment is a multifaceted activity that requires adherence to strict standards to 

ensure safety, functionality, and regulatory compliance. European standards assist professionals in adopting 

consistent practices aligned with the healthcare sector's requirements. The identified standards and their 

respective summaries are presented below (Table 1). 

Table 1:  European Maintenance Standards 

Standards Description 

EN 13306:2017- Maintenance Terminology 
Provides a common language to describe maintenance con-

cepts and processes. 

EN 13460:2009 - Maintenance Documentation 
Requirements for technical documentation, essential for med-

ical equipment, enabling traceability in critical environments. 

EN 15628:2014 - Maintenance Personnel 

Qualifications 

Specifies competency requirements for specialists in medical 

equipment maintenance. 

EN 17007:2017 - Maintenance and Mainte-

nance Engineering 

Addresses integrated maintenance management with a focus 

on planning and optimization in healthcare environments. 

EN 15341:2019 - Maintenance Key Perfor-

mance Indicators (KPIs) 

Offers applicable KPIs to monitor performance and mainte-

nance effectiveness in hospitals and medical centres. 

ISO 41000: 2018 – Standards in Facility Man-

agement 

International standard for facilities management (plan, imple-

ment, monitor). 
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IEC 60601-1 - General Requirements for the 

Safety of Medical Electrical Equipment 

A central standard for electrical safety, essential for the 

maintenance and inspection of medical electrical equipment. 

IEC 62353:2014 - Testing of Medical Electri-

cal Equipment 

Guidelines for periodic and post-repair testing of medical 

electrical devices, ensuring continued safety 

ISO 14971:2019 - Risk Management for Med-

ical Devices 

Requirements for identifying, assessing, and controlling risks 

in medical equipment, also applicable to maintenance. 

EN ISO 13485:2016 - Quality Management 

Systems for Medical Devices 

Includes requirements related to maintenance and inspection 

of equipment to ensure compliance with quality management 

systems. 

ISO/TR 24971:2020 - Guidelines for Risk 

Management Application in Medical Devices 

Complements ISO 14971, with practical examples for the sec-

tor. 

EN 45552-45559 - Durability and Maintenance 

Standards for Electronic Products 

Targeted at the maintenance and repairability of medical de-

vices with electronic components. 

 

These standards form a comprehensive framework of guidelines for the safe, efficient, and regulated 

maintenance of medical equipment, promoting a safer healthcare environment. 

 

3.2 European Standards Related to Life Cycle Assessment 

In the medical device sector, sustainability is a growing concern. From production to disposal, medical 

equipment can have significant environmental impacts. Applying standards related to Life Cycle Assessment 

(LCA) allows organizations to quantify and minimize these impacts, fostering practices aligned with the 

Sustainable Development Goals (SDGs). The identified standards and their respective summaries are presented 

below (Table 2). 

 

Table 2: European Standards Related to LCA 

EN ISO 14040:2006 - Principles and Frame-

work for LCA 

Establishes the fundamentals for conducting life cycle as-

sessments (LCA), applicable to medical devices, ensur-

ing environmental impacts are considered from design to 

end-of-life. 

EN ISO 14044:2006 - Requirements and Guide-

lines for LCA 

Details methodologies for performing LCA, ensuring ri-

gor and consistency in results, applicable to the environ-

mental assessment of medical devices throughout their 

life cycle. 

ISO/TS 14072:2014 - LCA Applied to Organi-

zations 

Methodology for evaluating the environmental impact of 

organizations that manufacture medical equipment, con-

sidering all processes and products involved in the pro-

duction of medical devices, with a focus on reducing im-

pacts throughout the life cycle. 

ISO 55000:2014 - Asset Management - Over-

view, Principles, and Terminology 

This standard provides the fundamental principles and 

terminology for asset management, which is essential for 

the life cycle management of medical devices, as it de-

fines asset management as the process of making strate-

gic decisions about the maintenance, operation, and dis-

posal of assets to maximize the value of medical devices. 

ISO 55010:2024 – Asset Management – Guid-

ance on the Alignment of Financial and Non-fi-

nancial Functions in Asset Management 

Alignment between the various areas of an organization, 

with the aim of maximizing the value obtained from as-

sets, promoting an integrated vision in technical, opera-

tional and financial aspects. 
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ISO 55011:2014 – Asset Management – Guid-

ance for the Development of Public Policy to 

Enable Asset Management 

It aims to ensure that public policies support the adoption 

of asset management strategies that maximize returns for 

society, minimize risks and promote efficiency in the use 

of public resources. 

ISO 55012:2024 – Asset Management Guid-

ance on People Involvement and Competence 

This standard applies to organizations of all types and 

sizes. Its principles can also extend beyond formalized 

asset management systems to other organizational con-

texts where asset management practices are employed 

ISO 55013: 2024 – Asset Management – Guid-

ance on the Management of Data Assets 

This standard is applicable across all sectors and types of 

organization, serving as a strategic tool for integrating 

data management into asset management practices. This 

standard also complements existing ISO 55000 series 

standards by addressing the growing importance of digi-

tal data assets in asset-intensive sectors. 

ISO 55014: - Guidance for Asset Management 

Decision Making 

This standard provides guidance on developing, imple-

menting, and maintaining a framework for asset manage-

ment decision-making. It aims to help organizations cre-

ate consistent and effective processes for making deci-

sions about asset investments, operations, and lifecycle 

management. 

EN ISO 14067:2018 - Carbon Footprint of 

Products 

Provides guidelines for calculating and communicating 

the carbon footprint of products, especially relevant for 

disposable or high-energy medical devices such as diag-

nostic equipment. 

EN 15804:2012+A2:2019 - Environmental 

Product Declarations (EPD) 

Specific to the medical device industry, this standard en-

ables the assessment and communication of environmen-

tal impacts of devices, creating a transparent platform for 

companies and consumers. 

EN ISO 14025:2010 - Type III Environmental 

Declarations 

Establishes requirements for creating environmental dec-

larations based on LCA, aimed at informing about the en-

vironmental impacts throughout the life cycle of medical 

devices. 

ISO 50001:2018 - Energy Management 

Focused on continuous improvement of energy perfor-

mance, this standard is also applicable in the design and 

operation of medical equipment, promoting energy effi-

ciency throughout the life cycle of devices. 

ISO 20400:2017 - Sustainable Procurement 

Encourages the selection of medical devices with lower 

environmental impacts, from acquisition to disposal, sup-

porting the use of sustainability criteria in equipment pro-

curement. 

ISO 21929-2:2015 - Sustainability Indicators 

for Products and Construction 

Provides guidelines for evaluating sustainability in mate-

rials, especially useful for advanced medical devices that 

require detailed analysis of environmental impacts. 

ISO 18523-2:2021 - Sustainable Life Cycle 

Management of Products 

Focused on integrating sustainability into the design of 

medical devices, this standard promotes practices that en-

sure effective life cycle management of medical prod-

ucts. 

EN 45557:2020 - Requirements for Reusable 

Content in Electronic Products 

Applicable to medical devices, promoting sustainable de-

sign and reuse of electronic components, crucial for re-

ducing waste and environmental footprint. 

IEC 62353:2014 - In-service Inspection, Test-

ing, and Maintenance of Electrical Medical 

Equipment 

This standard focuses on the maintenance of medical de-

vices, especially those of an electrical nature, ensuring 

safety and proper functioning of devices throughout their 
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life cycle, with specific inspection and testing proce-

dures. 

ISO 14971:2019 - Application of Risk Manage-

ment to Medical Devices 

Though focused on risk management, this standard is cru-

cial for the life cycle of medical devices, as it addresses 

risk identification, assessment, and mitigation throughout 

the entire life cycle of the device, including continuous 

maintenance and operation. 

ISO 17025:2017 - General Requirements for the 

Competence of Testing and Calibration Labor-

atories 

Although not specific to maintenance, this standard is rel-

evant in contexts where calibration and continuous test-

ing of medical equipment are part of the maintenance 

strategy to ensure that devices remain in optimal opera-

tional condition. 

 

 4 Metrology 
 

Medical equipment metrology is an essential area of biomedical engineering, as it ensures that devices used in 

the diagnosis, monitoring and treatment of patients make accurate, safe and reliable measurements. This area 

ensures the quality of clinical results, protects patient safety and contributes to the efficiency of health services 

[15]. 

Metrology is the science of measurement, and in the medical context, it is involved in the verification, 

calibration and validation of instruments such as: vital signs monitors (blood pressure, ECG, oximetry); 

infusion pumps; ventilators; thermometers; imaging equipment (ultrasound, MRI, etc.). 

This equipment must provide reliable results, as clinical decisions often depend on exact numerical values. 

Metrology is important because [5]: 

 Patient safety: Measurement errors can lead to incorrect diagnoses or ineffective treatments; 

 Regulatory compliance: Standards such as ISO/IEC 17025 require equipment to be calibrated by 

competent laboratories and traceable to international standards; 

 Traceability: Each measurement must be traceable to a recognized standard (such as those of the 

BIPM - Bureau International des Poids et Mesures); 

 Quality of health services: Correctly calibrated equipment guarantees consistency in procedures and 

confidence in clinical results. 

Medical metrology involves [5]: 

 Periodic calibration of devices by accredited laboratories; 

 Functional verification before clinical use; 

 Preventive and corrective maintenance based on manufacturers' manuals and standards; 

 Evaluation of measurement uncertainties, which is important in critical clinical contexts. 

Medical device owners and users are generally medical doctors who are not very familiar with metrology and 

calibrations. Hospital managers do not know the importance of calibration and think that it has a high cost [16]. 

Non-metrological calibrations/measurements, and thus, production of improper certificates, reports and labels, 

are still done by secondary calibration laboratories for economic reasons. 

Regulations are missing, and it remains an open question in many countries whether a medical device must be 

covered by legal or scientific metrology [17]. 

 

 5 Conclusion 
This study confirms that the correct classification of medical equipment, the rigorous application of 

international standards and the implementation of efficient metrological practices are crucial to guaranteeing 

the safety and effectiveness of medical devices.  

Classification, through a risk-based system, provides a solid starting point for regulatory compliance, while 

standards such as ISO 13485 and IEC 60601 provide the basis for production and quality control.  
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Metrology, with its ability to guarantee the accuracy and traceability of measurements, complements these 

processes and ensures the reliability of devices. However, the constant evolution of technology requires 

continuous adaptation of these methodologies.  

Collaboration between regulators, manufacturers and health professionals will be essential to ensure that 

medical devices meet international standards and are effective in promoting public health and safety.  

The integration of these components will form the basis for the continuous improvement of the safety and 

quality of medical devices, having a direct impact on the state of the art and the advancement of regulatory 

practices. 
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Abstract

The efficiency and reliability of electrical generators are essential for power generation
systems. Condition monitoring is essential to check system health to deal with unexpected
faults that can cause degradation of overall performance over time. Predictive mainte-
nance in electrical generators uses data collected from sensors that need to be processed
to distinguish between normal and anomalous functioning states. This paper explores one
practical implementation to check biomass generator system condition through a given data
set, enabling the distinction between normal and anomalous functioning states using effi-
cient machine learning methods, PCA to reduce data set dimensionality, keeping most of
the information about the data set, and DBSCAN to cluster the new variables obtained by
PCA.

Keywords: Condition Monitoring, PCA, DBSCAN, Electrical Generator, Biomass Genera-
tor

1 Introduction
Electrical generators are often faced with unexpected faults that can result in degradation of
the overall performance of the system and affect production in several ways, or even completely
stop it. In order to prevent this problem from happening, equipment monitoring and predictive
maintenance are used.

Sensor technologies and computational methods have evolved in order to enable increasingly
more accurate and timely fault detection. McKinsey predicts that digital maintenance in the
industry can increase asset availability by 5 to 15 percent and reduce maintenance costs by 18
to 25 percent [1].

The aim of the present work is to study the operation of a biomass electrical generator and
some possible occurrences of faults, applying machine learning methods to detect patterns in
data, allowing to distinguish between normal operating and abnormal operating states.

The generator operating condition is described in a data set that contains multiple variables
relative to sensors of different parameters, such as temperature, rotation velocity, or voltage,
among others. The data were submitted to different analytics methods. Principal Component
Analysis (PCA) was used to reduce dimensionality and facilitate visualization. That was followed
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by the application of DBSCAN to identify new clusters with the new data points. That resulted
in different subsets that reflected each functioning state of the generator.

Despite the outstanding importance of other types of energy, such as hydroelectric energy,
biomass energy represents an important source in many countries, especially in developing coun-
tries. In 2023, biomass represented 5% of the total primary energy consumed in the United
States1. The other developed countries in general follow the same trend, using biomass as a type
of complementary energy.

The first model of electrical equipment maintenance focused on emergency maintenance,
to repair equipment if a failure occurred in normal functioning or was detected in periodic
inspections, performed to check the overall state of the production line.

With technological development, Condition-Based Maintenance (CBM) became possible. In
this way, limited maintenance interventions can be made only on machines that need it, when
they need it. Input data are needed, to describe in a reliable and objective way the actual con-
dition of the equipment through several installed sensors. Those sensors are related to electrical,
mechanical or temperature variables [2]. Such capacity for early problem detection can be cru-
cial to achieve a higher performance, efficiency, reliability, and safety, especially for processes like
power plants.

In terms of the structure of the manuscript, it is as follows. Section 2 presents a review of
the state of the art. Section 3 describes the materials and methods used during the research.
Section 4 presents all results obtained in the study, including graphs, tables and explanations.
Section 5 presents the discussion about the contributions of the study. Section 6 presents the
conclusions about the study.

2 State of the art

2.1 Maintenance practices in Hydro/Turbine Generators
The architectures and maintenance practices used for Hydro/Turbine generators are similar to
those applied in Biomass generators. Therefore, the maintenance approaches discussed in the
referenced article on Hydro/Turbine generators, specifically regarding predictive maintenance
can also be effectively applied to Biomass generators in this context.

According to Wang et al. [3], the current maintenance practice applied to Hydro/Turbines
Generators (HTG) is mainly preventive maintenance. Preventive maintenance is a more efficient
approach to HTG, serving the objective of carrying out the appropriate maintenance work to
maximize the equipment’s service life. Predictive Maintenance (PM), however, is increasingly
more popular, as sensors, computing power and algorithms advance. Predictive maintenance
actions can be divided into two types: Diagnostic actions and Prognostic actions. Diagnostic
deals with fault detection, isolation and identification when they occur. Prognostic deals with
fault prediction before the faults occur. From the perspective of predictive maintenance, it
consists in three key steps: Data Acquisition, Data Processing and Data Mining.

2.2 Applications of PCA and DBSCAN
PCA and DBSCAN are the two machine learning algorithms used to identify different state faults
in the current paper. Some articles studied implementations that can serve as base to implement
these algorithms in the current article.

1Biomass explained by U.S. Energy Information Administration (EIA), https://www.eia.gov/
energyexplained/biomass/ (last access on 10 March 2025).
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In Shetty et al. [4], the goal is to find the best hyperparameters input to feed DBSCAN for
environmental assessment on air quality and mitigation strategy. Predicting air pollution is a
complex task due to various challenges associated with the dynamic and multifaceted nature of
the atmosphere, such as meteorological variability, local emissions and sources, data quality and
availability, and emerging pollutants. Extensive experiments prove that the search tree approach
to find Eps, a hyperparameter for DBSCAN, is quicker and more efficient in comparison to the
widely used KNN algorithm. The time reduction to find Eps makes a significant impact as
the dataset size increases. The input parameters determine in part the DBSCAN algorithm’s
clustering results.

Hao et al. [5] propose a new algorithm based on the analysis of wavelet decomposition of pulse
signals recorded during Partial Discharge experiments. Principal Component Analysis is applied
to reduce the number of energy values derived from each decomposition level. The DBSCAN
algorithm has been utilized to discover clusters of arbitrary shapes in an n-dimensional space.

Li et al. [6] use a method of combining principal component analysis and DBSCAN, adopted
to establish the aggregated model of a permanent magnet synchronous generator offshore wind
farm. MATLAB/Simulink is employed in order to perform the simulation verification. The result
shows that the proposed model can accurately represent the dynamic response of a wind farm.

Muskatin et al. [7] propose a comparison study about the application of DBSCAN and
PCA-DBSCAN algorithm to group an earthquake area. Clustering in this study was conducted
through two experiments. The first experiment used DBSCAN without dimensionality reduction
and the second experiment used DBSCAN clustering with dimensional reduction using PCA.
The highest Silhouette Index was obtained using DBSCAN and PCA.

Savvas et al. [8] propose a study about the application of PCA and DBSCAN to maximize
the quality and perfomance in detection of anomalies. Decreasing the dimensionality of the
data points, the quality was also decreasing. However, the quality of the solutions produced
by applying PCA to the corresponding data sets, until dimension 4, is above 80%, which is
acceptable in most cases. The results obtained with the application of DBSCAN to PCA data
points were very promising, since DBSCAN produces clusters of high quality even when the
dimension is reduced to 3.

Ni and Jinhang [9] use a clustering algorithm framework based on principal component anal-
ysis. A classification simulation for iris data set was performed using DBSCAN algorithm to
cluster the iris data set. Comparing the results of classification with the real results, the ac-
curacy obtained was up to 80% by the DBSCAN algorithm. Another experiment involved the
application of PCA to the iris raw data set with four rescaled principal components obtained.
The cumulative variance contribution rate of Component 1 and Component 2 is up to 91.541%,
the addition of Component 3 led to 98.789% of the variance. A new iris data set was constructed
by the main components C1 and C2 and clustered by DBSCAN. The clustering accuracy can be
up to 78%.

Yiu [10] propose a self-adaptive incremental PCA-Based DBSCAN of acoustic features for
anomalous sound detection. To resolve issues related to high volume of the training dataset and
the imbalance between normal and anomalous data, the algorithms used for Anomalous Sound
Detection (ASD) like deep convolutional neural networks and generative adversary networks
require one or more graphic processing units to process and generate good predictive results.
To resolve those issues in practice, the proposed algorithm integrates PCA with unsupervised
DBSCAN.

Bajwa et al. [11] applied PCA and DBSCAN in wavelet energy distribution for partial
discharge pulse extraction. Partial discharge pulse detection and extraction is the first step
in condition monitoring. The research is focused on assessing the capability of wavelet energy
distribution for pulse extraction with the help of PCA and DBSCAN. Partial Discharges, if left

48



untreated, can result in complete breakdown of insulation over long periods. Principal component
analysis was used to reduce the dimension of the wavelet energy distribution, so that it could be
plotted in a 3-D space. Wavelet energy with PCA and DBSCAN proved to be a very effective
method when it came to extracting PD pulses.

Wibisono et al. [12] used the DBSCAN algorithm to separate normal and anomalous weather
data, considering multiple weather variables. Then, PCA is used to visualize the clusters. The
experimental result demonstrated that DBSCAN is capable of identifying peculiar data points
that are deviating from the normal data distribution.

2.3 Relations between IT fields
The current article presents a exploratory case where occurs relations between IT fields, namely
between machine learning and Internet of Things given that the data representative of generator
states comes from generator installed sensors that need to be processed using machine learning
algorithms to reveal the generator behavior.

Li et al. [13] present a review about the literature and patents in four closely related fields:
Artificial Intelligence, Big data, Internet of Things and Blockchain. They aim is to provide a
holistic view of how they are related and their integrability in relation to smart energy manage-
ment strategies.

3 Methodology
The present article contains a data analysis of a biomass electrical generator and proposes to
detect abnormal operations that are evident from the data. Machine learning models are used
to study the data in order to implement the data mining process to extract useful information
from the dataset, its patterns and useful information that will be necessary to diagnose possible
abnormal states.

The research is supported by the utilization of some methods to serve the purpose of distin-
guishing the normal generator functioning from the abnormal functioning. One of the methods
to use is Principal Component Analysis, which consists of a method used to reduce the dimen-
sionality of large data sets by transforming a large set of features into a smaller one that still
contains most of the information of the large data set. The method transforms the data set into
a simpler version where some variance may be lost, in exchange of simplicity that is beneficial
to explore and visualize, because a smaller data set is easier to process for machine learning
algorithms. The new data set consists of new variables (principal components), sorted by the
amount of variance that they explain. Therefore, the first components are the most important
for analysis, while the last ones are the least relevant for analysis.

After the conversion of the data set variables into new ones using PCA, a clustering technique
was used to facilitate visualization and further processing. Clustering is effective in facilitating
the identification and removal of noise in a data set. It is also useful for data cleaning and outlier
detection. The method used was DBSCAN.

DBSCAN works by partitioning data into dense regions of points that are separated by less
dense or empty areas. It defines similarity-based clusters. The points in a cluster are close
to each other. Points that are far from any cluster are considered outliers or noise. Other
techniques to partition observations into clusters include K-Means algorithm and K-Medoids.
However, DBSCAN stands out for being more efficient than other algorithms, according to a
study conducted by C. Kondal Raj [14].
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4 Results

4.1 Dataset used
The data set used consisted in a total of 17,569 entries from 35 features of different sensor types
related to temperature, pressure, power, current, frequency, or vibration. The 17,569 entries
provided were collected between 2024-08-03 and 2024-10-03. The samples were collected with a
period of 5 minutes. Table 1 describes each data set feature.

Table 1: Features Descriptions and Values for TG4 Parameters. Min is the minimum, Max the
maximum, STD the Standard Deviation

Feature Description Mean Min Max STD
TG4 - Steam Flow AP Steam flow in power plants controls the

fuel flow. When homogeneous, gives very
predictable performance and stable oper-
ation

347.78
t/h

0.0 t/h 471.39
t/h

181.78
t/h

TG4 - Steam Temper-
ature AP

Warm air temperature related to the
steam flow

404.7 ºC 0.0 ºC 484.94
ºC

147.65
ºC

TG4 - Active Power Active power is the electrical power
that converts electrical energy into other
forms of energy

49.7921
MW

-0.1669
MW

66.6450
MW

25.89
MW

TG4 - Power Factor Measures how efficiently a machine uses
its energy. Ideally, would be 1

0.78229 0.0 0.99976 0.38

TG4 - Reactive Power Exchange of electric and magnetic fields
in the circuit

7.9297
MVAr

-4.5368
MVAr

22.336
MVAr

9.27
MVAr

TG4 - Frequency Directly related to rotation velocity. Ide-
ally 50 Hz

49.989 Hz 0.0 Hz 50.0803
Hz

0.75 Hz

TG4 - Turbine Speed
CH0

Turbine rotations per minute. Ideal 3000
rpm for 50 Hz frequency

2424.1570
1/min

0.0
1/min

3005.4990
1/min

1171.32
1/min

TG4 - Turbine Speed
CH1

Turbine rotations per minute. Ideal 3000
rpm for 50 Hz frequency

2424.0477
1/min

0.0
1/min

3005.0129
1/min

1171.26
1/min

TG4 - Temperature
Generator Bearing,
front

Temperature from the front bearing 77.628 ºC 0.0 ºC 89.40
ºC

21.49
ºC

TG4 - Temperature
Generator Bearing,
rear

Temperature of the rear bearing 76.089 ºC 0.0 ºC 87.4926
ºC

21.23
ºC

Shaft Vibration Gen.
Journal Bearing, front

Two transducers, 90 º to each other, mea-
sure vibration in the same plane at each
bearing

21.2670
um

−1.10
um

32.4289
um

10.29
um

TG4 Current L1 Current at phase L1 1493.6919
A

0.0 A 2066.414
A

775.68
A

TG4 Current L2 Second phase generator current value. 1475.9438
A

0.0 A 2652.66
A

766.72
A

TG4 Current L3 Third phase generator current value. 1428.0716
A

0.0 A 2534.68
A

741.17
A

Generator Warm Air
Temperature

Warm air temperature at the generator
output

56.7 ºC 0.0 ºC 67.6 ºC 14.02
ºC

Shaft Vibration Gen.
Journal Bearing, front

First sensor relative to Shaft Vibration
Generator Journal Bearing of the front.

21.2670
um

−1.10
um

32.4289
um

10.28
um

Shaft Vibration Gen.
Journal Bearing, front

Second sensor relative to Shaft Vibration
Generator Journal Bearing of the front.

16.4974
um

−1.62
um

25.227
um

7.98 um

Shaft Vibration Gen.
Journal Bearing, rear

First sensor relative to Shaft Vibration
Generator Journal Bearing of the rear.

18.921
um

0.0 um 26.029
um

9.03 um

Shaft Vibration Gen.
Journal Bearing, rear

Second sensor relative to Shaft Vibration
Generator Journal Bearing of the rear.

14.548
um

0.0 um 18.7746
um

5.16 um

4.2 Correlation Matrix
A correlation matrix was created, to explore the correlation coefficients between the variables, as
a first step to search for patterns between those variables. The correlation indicates how strong
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the relationship between two variables is. This can be important to better understand which
variables are the most important in the model, which follow the same trends, and which follow
opposite trends.

Figure 1 shows a heat map of the correlation matrix. In the figure, it is possible to see a high
correlation between a vast majority of the features. Some of the features are highly correlated,
namely the Steam Flow, Colector Pressure, Temperature Steam, Active Power, Power Factor,
Current L1, Current L2, Current L3, Turbine Speed CH0, Turbine Speed CH1, Temperature
Bearing Front, Stator Slot Temperature Phase U, Temperature Phase V, Temperature Phase
W, Warm Air Temperature, Temperature Generator Bearing Rear, Shaft Vibration Generator
Journal Bearing Front and Vibration Generator Journal Bearing Rear. On the other hand,
the features Reactive Power, Bus Voltage and Frequency present a low correlation to the other
dataset features. Table 2 describes the abbreviations used in Figure 1.

Table 2: Feature Abbreviations for Correlation Matrix

Feature Abbrev.
Steam Flow SF
Collector Pressure CP
Steam Temperature ST
Active Power AP
Power Factor PF
Current L1 CL1
Reactive Power RP
Bus Voltage BV
Frequency FQ
Turbine Speed CH0 TSCH0
Cold Air Temperature 1 CAT1_1

Feature Abbrev.
Temperature Bearing front TBF
Warm Air Temperature WAT
Stator Slot Temperature Phase U SSTPU_1
Stator Slot Temperature Phase V SSTPV_1
Stator Slot Temperature Phase W SSTPW_1
Cold Air Temperature 2 CAT2_1
Temperature Generator Bearing rear TGBR
Shaft Vibration Generator Journal Bearing front SVGJBF_1
Shaft Vibration Generator Journal Bearing front SVGJBF_2
Shaft Vibration Generator Journal Bearing rear SVGJBR_1
Shaft Vibration Generator Journal Bearing rear SVGJBR_2

4.3 Features behavior
Through graphic representation of each feature, it is possible to see an irregular behavior through-
out the period of the data set. That will be analyzed in order to identify the potential causes of
this unexpected behavior.

Graphs were plotted using the matplotlib pyplot library. Analysing the behavior of the
majority of the features it is possible to see three major periods of abnormal states, where some
anomalies in the normal behavior of the features are visible.

The first verified anomaly is depicted in Figure 2a. It occured in the interval from 2024-08-21
to 2024-08-23. It is possible to verify a small anomaly that could be caused by missing data
given that it occurs in a 10 minutes interval where no data was registered. The features Current
L1, Current L2, Current L3, Power Factor, Bus Voltage and Frequency registered this behavior
during this interval occured between 17:50 and 18:00 on the day 2024-08-21. The other features
continued their normal behavior. A possible explanation behind this anomaly can be due to a
sudden disconnect from the power source, as there is no driving source to maintain it. This is
expected in a event of total loss of supply. Another explanation to this phenomenon can rely on
an activation of the system protection mechanism in result of a fault detection which forced a
load disconnect. Another possible explanation can be a sensor fault.

During the following day, 2024-08-22, another anomaly occured around 13:35 and the periods
between 14:10 and 14:30, as shown in Figure 2a. The majority of the features not affected by the
anomaly occurred on 2024-08-21 showed unusual patterns. During these intervals, the features
Steam Flow, Collector Pressure, Steam Temperature, Turbine Speed CH0, Turbine Speed CH1,
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Figure 1: Dataset Correlation Matrix
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