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Abstract 
This study examined the effectiveness of integrated modeling of condition monitoring data for predictive 
maintenance in electrical power plant systems using a quantitative, quasi-experimental research design. The 
analysis was conducted on a dataset comprising 12,480 observations collected over an 18-month monitoring 
period across turbines, generators, transformers, and auxiliary systems. The study integrated multiple condition 
monitoring variables, including vibration, temperature, and electrical load, to develop predictive models using 
machine learning techniques. The results demonstrated that integrated models significantly outperformed 
single-source models, achieving a classification accuracy of 92.6% compared to 81.4%. Precision and recall 
values also improved, reaching 91.8% and 93.4%, respectively, indicating enhanced fault detection capability. 
Regression analysis revealed a substantial reduction in prediction error, with root mean square error decreasing 
from 0.58 to 0.42 and mean absolute error from 0.45 to 0.31. Additionally, integrated models identified faults 
approximately 36 hours in advance compared to 22 hours for single-source models, representing a 63.6% 
improvement in early detection capability. Component-level analysis indicated that turbines and generators 
achieved the highest predictive accuracy at 94.2% and 92.8%, respectively, while auxiliary systems showed 
comparatively lower accuracy at 87.3% due to higher operational variability. Statistical testing confirmed that 
these improvements were significant at a probability level below 0.05, with large effect sizes observed across key 
performance metrics. The findings also highlighted the importance of data quality, feature engineering, and 
model optimization in achieving reliable predictive outcomes. Overall, the study demonstrated that integrated 
condition monitoring significantly enhances predictive maintenance performance by improving accuracy, 
reducing uncertainty, and enabling proactive maintenance planning. These results provide strong empirical 
support for the adoption of integrated data-driven maintenance strategies in electrical power plant systems and 
contribute to the advancement of intelligent industrial maintenance practices. 
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INTRODUCTION 
Condition monitoring refers to the systematic process of collecting, measuring, and analyzing 
operational data from machinery and equipment to assess their current state and detect potential faults 
before failure occurs. In the context of electrical power plant systems, condition monitoring 
encompasses a wide range of diagnostic techniques, including vibration analysis, thermal imaging, 
acoustic emission, oil analysis, and electrical signal monitoring. These techniques enable engineers and 
system operators to track equipment degradation over time and identify anomalies that indicate 
emerging faults (Pogrow, 2019). Predictive maintenance, on the other hand, is a proactive maintenance 
strategy that leverages condition monitoring data to forecast the future health of equipment and 
schedule maintenance activities based on predicted failures rather than fixed intervals. This approach 
contrasts with traditional reactive and preventive maintenance strategies, which either respond to 
failures after occurrence or rely on predetermined maintenance schedules without considering actual 
equipment conditions.  

Figure 1: Data-Driven Power Plant Maintenance 

 
The integration of condition monitoring and predictive maintenance has become increasingly 
significant due to the complexity and criticality of modern electrical power plant systems. These 
systems include generators, transformers, circuit breakers, turbines, and auxiliary components that 
operate under high stress and demanding conditions. Failures in such systems can lead to substantial 
economic losses, safety hazards, and disruptions in power supply (Peeters, 2016). As global energy 
demand continues to rise, ensuring the reliability and efficiency of power generation infrastructure has 
become a central concern for both developed and developing economies. Predictive maintenance 
provides a data-driven framework that enhances decision-making processes by utilizing real-time and 
historical data to anticipate failures and optimize maintenance schedules. The advancement of sensor 
technologies and data acquisition systems has facilitated the continuous monitoring of equipment 
parameters, generating large volumes of condition data. This data serves as the foundation for 
predictive modeling, enabling the identification of patterns and trends associated with equipment 
degradation. The ability to process and analyze such data effectively is essential for improving 
maintenance strategies and reducing downtime. As a result, the integration of condition monitoring 
data into predictive maintenance frameworks represents a critical step toward achieving operational 
excellence in electrical power plant systems (Malkin & Isayev, 2022). 
The global energy sector is undergoing a transformative shift driven by increasing demand for reliable 
electricity, the integration of renewable energy sources, and the need for sustainable infrastructure 
management. Electrical power plants serve as the backbone of national economies, supporting 
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industrial production, commercial activities, and residential consumption. In this context, the reliability 
and efficiency of power plant systems are of paramount importance. Equipment failures in power 
plants can result in cascading effects, including widespread power outages, financial losses, and 
environmental impacts (Machado et al., 2018). Consequently, there is a growing emphasis on adopting 
advanced maintenance strategies that enhance system reliability and minimize operational risks. 
Predictive maintenance has emerged as a key solution to address these challenges by enabling early 
fault detection and timely intervention. Unlike traditional maintenance approaches, predictive 
maintenance relies on data-driven insights to determine the optimal timing for maintenance activities. 
This approach not only reduces unplanned downtime but also extends the lifespan of critical assets. In 
developed countries, predictive maintenance has been widely adopted as part of smart grid initiatives 
and digital transformation strategies. These initiatives aim to enhance grid resilience, improve energy 
efficiency, and support the integration of distributed energy resources (Weerink et al., 2017). In 
developing regions, the adoption of predictive maintenance is gaining momentum as governments and 
energy providers seek to modernize aging infrastructure and improve service reliability. The 
implementation of predictive maintenance frameworks can significantly reduce maintenance costs and 
improve resource allocation, which is particularly important in regions with limited financial and 
technical resources. Furthermore, the global push toward decarbonization and sustainable energy 
systems has increased the importance of efficient asset management. Predictive maintenance 
contributes to sustainability goals by reducing energy waste, minimizing emissions associated with 
equipment failures, and optimizing the performance of power generation systems (Reeve & Cheon, 
2021). 
The evolution of condition monitoring systems has been closely linked to advancements in data 
acquisition, storage, and processing technologies. Modern power plants are equipped with a wide array 
of sensors that continuously capture data related to temperature, pressure, vibration, current, voltage, 
and other operational parameters. These sensors generate high-frequency, high-dimensional datasets 
that provide valuable insights into the health and performance of equipment. However, the sheer 
volume and complexity of this data present significant challenges in terms of analysis and 
interpretation. Data-driven modeling plays a crucial role in transforming raw condition monitoring 
data into actionable information (Ara, 2021; Jakobsen et al., 2017). These models utilize statistical, 
mathematical, and computational techniques to identify patterns, correlations, and anomalies within 
the data. By analyzing historical and real-time data, predictive models can estimate the remaining 
useful life of equipment and predict the likelihood of failure. This capability is essential for optimizing 
maintenance schedules and preventing unexpected breakdowns (Ahmed & Hasan, 2021; Robel & 
Morshedul, 2021). The integration of multiple data sources further enhances the accuracy and reliability 
of predictive models. For example, combining vibration data with thermal and electrical measurements 
can provide a more comprehensive understanding of equipment behavior. Multivariate analysis 
techniques enable the simultaneous examination of multiple variables, capturing complex interactions 
that may not be evident when analyzing individual parameters (Aditya & Robel, 2022; Istiaq & Nusrat, 
2022; Wagenmakers et al., 2018). Additionally, the application of machine learning algorithms has 
significantly improved the predictive capabilities of condition monitoring systems by enabling the 
automatic detection of patterns and anomalies in large datasets. The effectiveness of data-driven 
modeling depends on the quality and consistency of the input data (Khaled & Hisham, 2022; Md 
Mehedi & Md, 2022). Data preprocessing techniques, such as noise reduction, normalization, and 
feature extraction, are essential for ensuring accurate model performance. As power plant systems 
continue to generate increasing amounts of data, the development of robust and scalable modeling 
techniques becomes critical for harnessing the full potential of condition monitoring systems (Duis & 
Coors, 2016; Mainuddin & Chandra, 2022; Morshedul et al., 2022). 
Integrated modeling refers to the combination of multiple analytical approaches and data sources to 
develop comprehensive predictive maintenance frameworks. In the context of electrical power plant 
systems, integrated modeling involves the fusion of condition monitoring data with advanced 
analytical techniques to improve fault detection and prediction accuracy. This approach addresses the 
limitations of single-model systems by leveraging the strengths of different modeling methods. 
Traditional predictive models often rely on specific types of data or analytical techniques, which may 
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not capture the full complexity of equipment behavior. Integrated modeling overcomes this limitation 
by combining statistical models, machine learning algorithms, and physics-based models (Garousi et 
al., 2020; Nazmul &Begum, 2022; Shahinur & Sultan, 2022). Statistical models provide insights into 
historical trends and probabilistic relationships, while machine learning models excel at identifying 
complex patterns in large datasets (Begum & Kaniz, 2023; Binte & Hasan Or, 2022). Physics-based 
models, on the other hand, incorporate fundamental principles of engineering and system dynamics to 
simulate equipment behavior under various conditions. The integration of these modeling techniques 
enables a more holistic understanding of equipment health and performance (Ara & Onyinyechi, 2023; 
Islam & Aditya, 2023). For instance, a hybrid model that combines vibration analysis with thermal 
modeling can detect faults that may not be apparent when using a single method. This approach 
enhances the robustness and reliability of predictive maintenance systems, particularly in complex 
environments where multiple factors influence equipment performance. Another important aspect of 
integrated modeling is the use of data fusion techniques (Cheung et al., 2017; Ahmed & Mehedi, 2023; 
Hasan Or et al., 2023).  
 

Figure 2: Condition Monitoring in Power Plants 

 
Data fusion involves combining information from different sensors and sources to generate a unified 
representation of system behavior (Mainuddin & Chandra, 2023; Mehedi & Nahar, 2023). This process 
reduces uncertainty and improves the accuracy of fault diagnosis. Advanced data fusion methods, such 
as sensor-level fusion and decision-level fusion, enable the integration of heterogeneous data types, 
including numerical, categorical, and time-series data. The implementation of integrated modeling 
frameworks requires careful consideration of system architecture, data management, and 
computational resources. The development of scalable and efficient models is essential for real-time 
monitoring and decision-making in power plant systems (Streukens & Leroi-Werelds, 2016). 
Quantitative research plays a central role in the development and validation of predictive maintenance 
models. This approach involves the use of numerical data and statistical techniques to analyze 
relationships between variables and test hypotheses related to equipment performance and failure 
mechanisms. In the context of condition monitoring, quantitative methods enable the systematic 
evaluation of model accuracy, reliability, and predictive capability. Statistical analysis forms the 
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foundation of quantitative predictive maintenance research. Techniques such as regression analysis, 
time-series analysis, and survival analysis are commonly used to model equipment degradation and 
estimate failure probabilities (Busetto et al., 2020; Mostafa, 2023; Chandra, 2023). These methods 
provide insights into the relationships between operational parameters and equipment health, enabling 
the identification of key factors that influence system performance. Machine learning algorithms have 
further enhanced the capabilities of quantitative predictive maintenance models. Algorithms such as 
decision trees, support vector machines, neural networks, and ensemble methods are widely used to 
analyze complex datasets and predict equipment failures (Begum & Kaniz, 2024; Khatun & Zakia, 
2023). These models can handle nonlinear relationships and high-dimensional data, making them 
suitable for analyzing condition monitoring data in power plant systems. Model evaluation is a critical 
component of quantitative research. Performance metrics such as accuracy, precision, recall, and mean 
squared error are used to assess the effectiveness of predictive models. Cross-validation techniques are 
employed to ensure that models generalize well to new data and do not suffer from overfitting (Badihi 
et al., 2022; Khaled & Morshedul, 2024; Mehedi & Nahar, 2024). Sensitivity analysis is also used to 
evaluate the impact of different variables on model performance. The application of quantitative 
methods enables researchers to develop robust and reliable predictive maintenance models that can be 
implemented in real-world power plant systems. The continuous improvement of these models 
depends on the availability of high-quality data and the development of advanced analytical 
techniques (Towhidul & Uddin, 2024; Robel & Morshedul, 2024). 
The modeling of condition monitoring data presents several challenges that must be addressed to 
ensure the effectiveness of predictive maintenance systems. One of the primary challenges is the 
heterogeneity of data sources (Yang et al., 2019). Condition monitoring systems generate data from 
multiple sensors, each with different characteristics, sampling rates, and measurement units. 
Integrating this heterogeneous data into a unified modeling framework requires sophisticated data 
preprocessing and normalization techniques. Another significant challenge is the presence of noise and 
missing data. Sensor measurements are often affected by environmental factors, measurement errors, 
and system disturbances, which can introduce noise into the data. Missing data can occur due to sensor 
failures or communication issues (Albert, 2025; Zakia & Khatun, 2024). These factors can adversely 
affect the accuracy of predictive models if not properly addressed. Techniques such as data imputation, 
filtering, and outlier detection are essential for improving data quality. The high dimensionality of 
condition monitoring data also poses challenges for modeling (Qi et al., 2022). As the number of 
variables increases, the complexity of the model increases, leading to higher computational 
requirements and potential overfitting. Feature selection and dimensionality reduction techniques are 
used to identify the most relevant variables and reduce model complexity. Another challenge is the 
dynamic nature of power plant systems. Equipment behavior can change over time due to factors such 
as aging, operational conditions, and maintenance activities. This variability requires models to be 
adaptive and capable of updating their parameters based on new data. The development of adaptive 
and online learning models is essential for addressing this challenge. Finally, the implementation of 
predictive maintenance models in real-world systems requires careful consideration of computational 
efficiency and scalability (Ishtiaque & Rajib, 2025; Kazi Rakib Hasan, 2025; W. Zhang et al., 2019). Real-
time monitoring and decision-making require models that can process data  and provide timely 
predictions. 
Integrated modeling of condition monitoring data plays a pivotal role in enhancing the reliability and 
efficiency of electrical power plant systems. By combining multiple data sources and analytical 
techniques, integrated models provide a comprehensive understanding of equipment health and 
performance. This holistic approach enables more accurate fault detection, improved prediction of 
equipment failures, and optimized maintenance strategies. The ability to detect faults at an early stage 
is one of the key advantages of integrated modeling (Cheng et al., 2020; Ashfaq & Ashraful, 2025; Robel, 
2025). Early detection allows for timely intervention, reducing the risk of catastrophic failures and 
minimizing downtime. This capability is particularly important in power plant systems, where 
equipment failures can have significant economic and operational consequences. Integrated models 
can identify subtle patterns and anomalies that may not be detectable using traditional methods, 
providing valuable insights into the underlying causes of equipment degradation. Integrated modeling 
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also enhances decision-making processes by providing data-driven insights that support maintenance 
planning and resource allocation. By predicting the remaining useful life of equipment, these models 
enable operators to schedule maintenance activities at the most appropriate time, reducing unnecessary 
maintenance and optimizing the use of resources. This approach leads to cost savings and improved 
operational efficiency (Zhang et al., 2016). Furthermore, integrated modeling contributes to the overall 
resilience of power plant systems. By continuously monitoring equipment health and predicting 
potential failures, these models help ensure the stability and reliability of power generation. This is 
particularly important in the context of increasing energy demand and the integration of renewable 
energy sources, which require flexible and reliable power systems. The adoption of integrated 
modeling frameworks represents a significant advancement in the field of predictive maintenance, 
providing a robust and scalable solution for managing the complexities of modern electrical power 
plant systems (Zhang et al., 2021). 
The primary objective of this quantitative study is to develop, test, and validate an integrated modeling 
framework that uses condition monitoring data to improve predictive maintenance performance in 
electrical power plant systems. The study is specifically designed to measure how different categories 
of monitoring information, including vibration patterns, temperature changes, electrical signal 
variations, lubrication conditions, pressure behavior, load fluctuations, and equipment operating 
history, can be combined into a unified model for identifying early signs of deterioration and estimating 
the likelihood of component failure. A central objective is to determine the statistical relationships 
between these monitored variables and the observable maintenance outcomes of major plant assets 
such as generators, transformers, turbines, motors, pumps, switchgear, and auxiliary subsystems. The 
study also aims to quantify the extent to which integrated data modeling can increase the accuracy of 
fault classification, enhance failure prediction, and improve the estimation of remaining useful life 
when compared with isolated or single-parameter monitoring methods. Another objective is to 
examine the predictive strength of selected variables and establish which condition indicators 
contribute most significantly to maintenance decisions, risk ranking, and intervention timing. In 
addition, the study seeks to construct a measurable basis for maintenance prioritization by evaluating 
how the proposed model can support the scheduling of repairs, reduce unexpected outages, minimize 
equipment downtime, and improve asset availability across the plant environment. The research 
further aims to assess the reliability, consistency, and performance of the integrated model through 
quantitative validation procedures using operational datasets, model accuracy measures, classification 
rates, prediction errors, and maintenance-related performance indicators. A related objective is to 
investigate how data fusion and multivariable analysis can reveal hidden interactions among 
equipment condition indicators that are not adequately captured when each signal is interpreted 
separately. The study also focuses on establishing a structured analytical process for transforming raw 
monitoring data into decision-oriented outputs that can be used by maintenance engineers and plant 
managers for evidence-based maintenance planning. Through these objectives, the research positions 
integrated modeling as a measurable and systematic approach for linking equipment condition 
assessment, fault prediction, and maintenance optimization within electrical power plant systems. 
LITERATURE REVIEW 
The literature on integrated modeling of condition monitoring data for predictive maintenance in 
electrical power plant systems reflects a rapidly evolving interdisciplinary domain that combines data 
analytics, electrical engineering, and industrial maintenance strategies. As power generation systems 
become increasingly complex and data-intensive, the need for advanced maintenance frameworks has 
intensified. Traditional maintenance approaches, such as reactive and scheduled maintenance, have 
been widely criticized for their inability to prevent unexpected failures and optimize operational 
efficiency (Wang et al., 2022). Consequently, predictive maintenance has emerged as a critical 
paradigm, leveraging continuous condition monitoring and data-driven insights to anticipate 
equipment degradation and failure. The integration of diverse condition monitoring data—ranging 
from thermal, electrical, and vibration signals to operational logs—has been identified as a cornerstone 
for improving the accuracy and reliability of predictive models. Recent literature emphasizes the role 
of integrated modeling techniques in synthesizing heterogeneous datasets into unified analytical 
frameworks capable of supporting real-time decision-making. These models not only enhance fault 



American Journal of Scholarly Research and Innovation, December 2025, 695– 731 

701 
 

detection and diagnostics but also enable prognostics, allowing operators to estimate remaining useful 
life and optimize maintenance scheduling (Janssens et al., 2016). Furthermore, the growing adoption of 
machine learning, artificial intelligence, and industrial internet technologies has significantly expanded 
the scope of predictive maintenance research. However, despite these advancements, challenges such 
as data heterogeneity, scalability, and model interpretability remain critical areas of investigation. This 
literature review aims to synthesize existing research on integrated condition monitoring data 
modeling, focusing on quantitative methodologies, system applications, and performance outcomes in 
electrical power plant environments (Achouch et al., 2022).  
Predictive Maintenance  
The transition from reactive and preventive maintenance to predictive maintenance represents a 
fundamental shift in industrial asset management, particularly within electrical power plant systems. 
Early maintenance practices were predominantly reactive, relying on corrective actions only after 
equipment failure occurred, which often led to unplanned downtime, high repair costs, and 
compromised system reliability.  
 

Figure 3: Evolution of Predictive Maintenance Strategies  

 
As industrial systems became more complex, preventive maintenance strategies were introduced to 
mitigate these risks by scheduling maintenance activities at regular intervals. However, these time-
based approaches often resulted in either over-maintenance or unexpected failures due to their inability 
to account for actual equipment condition (Ge, 2017). The literature consistently highlights that 
predictive maintenance emerged as a more efficient alternative by leveraging real-time condition 
monitoring data to anticipate failures before they occur. This evolution has been supported by 
numerous studies demonstrating significant improvements in operational efficiency, asset longevity, 
and maintenance cost optimization. Researchers have also emphasized that predictive maintenance 
enables a shift toward data-driven decision-making, allowing maintenance actions to be aligned with 
actual equipment health rather than predefined schedules. The integration of advanced analytics and 
monitoring technologies has further accelerated this transition, making predictive maintenance a 
central component of modern power plant management strategies (Lei et al., 2019). 
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Condition monitoring has become a critical enabler of predictive maintenance in electrical power plant 
systems, providing continuous insights into the operational health of critical assets. The literature 
underscores that condition monitoring systems collect real-time data from various components, 
enabling early detection of anomalies and performance degradation. In power plants, where equipment 
such as turbines, generators, and transformers operate under high stress and demanding conditions, 
the ability to monitor system behavior continuously is essential for maintaining reliability and safety 
(Alaswad & Xiang, 2017). Studies have demonstrated that effective condition monitoring reduces the 
likelihood of catastrophic failures and supports timely maintenance interventions. Furthermore, the 
integration of monitoring systems with centralized data platforms allows for comprehensive analysis 
across multiple subsystems, enhancing overall situational awareness. Researchers have also 
highlighted that condition monitoring contributes to improved maintenance planning by providing 
actionable insights into equipment performance trends. This capability is particularly important in 
large-scale power generation environments, where even minor disruptions can lead to significant 
economic and operational consequences. The literature consistently shows that condition monitoring 
not only improves fault detection accuracy but also plays a vital role in optimizing resource allocation 
and extending the lifespan of critical infrastructure (Ayvaz & Alpay, 2021). 
The effectiveness of predictive maintenance largely depends on the diversity and quality of condition 
monitoring data collected from power plant systems. The literature identifies several key types of data 
used in monitoring applications, including vibration, thermal, electrical, and acoustic signals. Each data 
type provides unique insights into different aspects of equipment performance and degradation. 
Vibration data, for example, is widely used to detect mechanical faults such as imbalance, 
misalignment, and bearing wear. Thermal data helps identify overheating and insulation failures, 
which are critical in electrical components (Zhao et al., 2017). Electrical measurements provide 
information on load conditions, voltage irregularities, and system stability, while acoustic data is useful 
for detecting anomalies such as leaks and structural defects. Researchers have emphasized that 
combining these diverse data sources enhances the accuracy of fault detection and diagnosis by 
providing a more comprehensive view of system behavior. The integration of multiple data types also 
enables the identification of complex fault patterns that may not be detectable through single-source 
analysis. Studies have further highlighted the importance of advanced signal processing and data 
analytics techniques in extracting meaningful features from raw data, thereby improving the 
effectiveness of predictive maintenance models in complex industrial environments (Chen et al., 2020). 
Quantitative metrics play a crucial role in evaluating the effectiveness of predictive maintenance 
strategies and guiding decision-making processes in power plant systems. The literature frequently 
references key performance indicators such as failure rate reduction, mean time between failures, and 
system availability as essential measures of maintenance performance. These metrics provide a 
standardized framework for assessing improvements in reliability and operational efficiency resulting 
from predictive maintenance implementations. Researchers have demonstrated that the use of 
integrated condition monitoring data significantly enhances these performance indicators by enabling 
more accurate failure predictions and timely maintenance interventions (Sony et al., 2019). In addition 
to quantitative metrics, conceptual frameworks for predictive maintenance modeling have been 
extensively explored in the literature. These frameworks typically incorporate data acquisition, feature 
extraction, model development, and decision support components, forming a comprehensive approach 
to maintenance management. Studies have emphasized the importance of integrating domain 
knowledge with data-driven techniques to improve model interpretability and effectiveness. 
Furthermore, the development of scalable and adaptable frameworks has been identified as a key 
requirement for handling the increasing complexity of modern power plant systems. Overall, the 
literature indicates that the combination of robust quantitative metrics and well-structured modeling 
frameworks is essential for achieving reliable and efficient predictive maintenance outcomes (Yan et 
al., 2015). 
Data Acquisition and Sensor-Based Monitoring Systems 
Sensor technologies form the backbone of condition monitoring and predictive maintenance systems 
in electrical power plants because they enable the continuous observation of asset behavior under 
dynamic operating conditions. The literature shows that modern power plants rely on a wide range of 
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sensing devices to capture mechanical, thermal, electrical, and environmental changes across critical 
components such as turbines, generators, transformers, boilers, motors, bearings, and auxiliary 
systems. Vibration sensors are widely discussed for rotating machinery because they are effective in 
identifying imbalance, looseness, shaft misalignment, and bearing degradation (Azimi et al., 2020).  
Temperature sensors are equally prominent in the literature due to their usefulness in detecting 
overheating, insulation deterioration, lubrication failure, and thermal stress in generators and 
transformers. Electrical sensors, including current and voltage transducers, are emphasized for 
tracking power quality, load fluctuations, insulation abnormalities, and circuit instability. Acoustic and 
ultrasonic sensors are also recognized for their contribution to identifying leaks, arcing, cavitation, and 
other abnormal sound signatures that may precede failure. In addition, pressure, humidity, oil quality, 
and gas detection sensors have gained increasing attention in the monitoring of boilers, cooling 
systems, and transformer health. Across the literature, scholars consistently argue that no single sensor 
can provide a complete representation of equipment condition. Instead, multi-sensor deployment is 
considered essential for capturing the complex interactions between thermal, mechanical, and electrical 
degradation processes (Guillera‐Arroita et al., 2015).  
 

Figure 4: Sensor Monitoring in Power Plants 

 
This view has strengthened the movement toward integrated sensing strategies, where complementary 
sensor outputs are combined to provide a more accurate and reliable picture of system health. As a 
result, sensor selection is presented not merely as a technical choice, but as a foundational decision that 
shapes the effectiveness of downstream monitoring, diagnostics, and maintenance planning. 
The literature on data acquisition in electrical power plants emphasizes that the value of sensor 
technologies depends heavily on the architecture used to collect, synchronize, transmit, and process 
measurement data (Manesh et al., 2020; Murad, 2025). Researchers describe data acquisition systems as 
the operational bridge between physical sensing devices and predictive maintenance analytics, with 
strong attention given to real-time monitoring requirements in high-risk industrial environments. In 
traditional plant settings, centralized architectures were commonly used, where data from multiple 
sensors were transmitted to supervisory systems for storage and analysis. However, more recent 
studies report a shift toward distributed and layered architectures that support higher scalability, faster 
response times, and improved redundancy. These architectures often integrate programmable logic 
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controllers, distributed control systems, supervisory control and data acquisition platforms, industrial 
communication networks, and cloud-connected monitoring interfaces. The literature repeatedly notes 
that real-time monitoring has become especially important in power plants because equipment failure 
can escalate rapidly and affect both operational continuity and safety (Zhang et al., 2018). Real-time 
systems are therefore valued for their ability to detect abnormal operating conditions promptly and 
trigger alerts before faults become critical. Scholars also highlight the importance of time 
synchronization across multiple data sources, since accurate event sequencing is essential when 
monitoring interconnected assets. Another recurring theme is interoperability, as power plants often 
operate legacy equipment alongside newer digital platforms. Many studies discuss the challenge of 
building acquisition systems that can unify data from heterogeneous devices without introducing 
excessive latency or incompatibility. Overall, the literature presents real-time data acquisition 
architectures as more than technical infrastructure; they are described as strategic enablers of intelligent 
maintenance because they determine whether sensor information can be transformed into timely, 
actionable decisions (Hästbacka et al., 2019). 
A central theme in the literature is that the usefulness of sensor-based monitoring systems depends not 
only on the presence of sensors, but also on the quantitative quality of the data they produce. Scholars 
frequently discuss sampling frequency, data resolution, and signal clarity as key determinants of 
whether meaningful fault signatures can be captured in time. High-frequency data acquisition is often 
considered essential for monitoring rapidly changing conditions in rotating equipment, electrical 
transients, and vibration behavior, while lower-frequency approaches may suffice for slower thermal 
or environmental trends (Liang & Chen, 2018). The literature explains that selecting an inappropriate 
sampling rate can either obscure critical anomalies or generate excessive data volumes that burden 
storage and analysis systems without improving diagnosis. Data resolution is similarly emphasized 
because fine-grained measurements allow subtle condition changes to be detected earlier, especially in 
assets where degradation progresses gradually. Researchers also give considerable attention to signal-
to-noise conditions, noting that industrial environments are inherently noisy due to electromagnetic 
interference, mechanical disturbances, ambient temperature shifts, and communication disruptions. In 
such contexts, raw sensor outputs may contain distortions that complicate fault identification and 
reduce model accuracy. As a result, many studies stress the importance of filtering, calibration, signal 
conditioning, and preprocessing before data are used in maintenance modeling (Omar & Nehdi, 2016). 
Another important issue in the literature concerns consistency across different measurement channels, 
particularly when multiple sensors observe related processes. Scholars argue that reliable analytics 
require stable and comparable data streams over time, especially when integrated models depend on 
trend detection and anomaly comparison. Taken together, the literature makes clear that quantitative 
data characteristics are not minor technical details; they are decisive factors that shape diagnostic 
confidence, maintenance timing, and the overall credibility of predictive maintenance systems in power 
plant environments (Alfian et al., 2018). 
Integrated Data Modeling Techniques 
The literature on integrated data modeling techniques consistently identifies data fusion as one of the 
most important foundations of predictive maintenance in condition-monitored systems. Across 
industrial and energy-related applications, scholars describe early fusion as an approach in which 
heterogeneous sensor variables are combined at the input or feature level before model training, 
allowing a single predictive model to learn from a unified representation of machine condition. This 
method is widely valued because it can capture interdependencies among vibration, thermal, electrical, 
and acoustic features that may remain hidden when signals are processed separately (Serhani et al., 
2020). At the same time, the literature notes that early fusion may become sensitive to scale mismatch, 
missing values, and noise propagation when raw or semi-processed measurements are not adequately 
aligned. Late fusion is commonly presented as a more modular alternative in which separate models 
are developed for different sensor streams and their outputs are combined at the decision stage. 
Researchers often associate this strategy with greater robustness, interpretability, and flexibility, 
especially in environments where data sources differ in update rate or reliability.  
Hybrid fusion has received growing attention because it combines the strengths of both earlier 
strategies, using feature-level integration for strongly related signals while preserving decision-level 
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aggregation for more independent or uncertain modalities (Zhou et al., 2018). The reviewed studies 
generally indicate that fusion-based modeling improves fault discrimination, anomaly recognition, and 
degradation tracking compared with isolated signal analysis. This has made data fusion a central 
methodological theme in predictive maintenance research, particularly in complex systems such as 
electrical power plants where asset behavior is influenced by multiple interacting physical processes.  
 

Figure 5: Integrated Modeling for Predictive Maintenance 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
A major theme in the literature is that predictive maintenance models perform more effectively when 
they are embedded within broader multi-source data integration frameworks rather than being built 
on a single sensor channel or isolated database. Researchers describe these frameworks as structured 
environments that bring together sensor measurements, maintenance logs, inspection histories, 
operating parameters, alarm records, and contextual production data into one analytical pipeline 
(Rathore et al., 2018). This integration is especially important in power-related systems because 
component degradation is rarely explained by one signal alone. Instead, fault development tends to 
reflect the interaction of load variation, thermal stress, environmental exposure, operational transients, 
and maintenance history. Studies repeatedly show that frameworks capable of synchronizing these 
diverse sources improve both condition awareness and diagnostic confidence. The literature also 
emphasizes that successful integration depends on preprocessing stages such as time alignment, 
feature standardization, missing-data treatment, and contextual tagging. Without these steps, multi-
source systems may create redundancy, inconsistency, or misleading relationships rather than 
actionable insight (Helo & Shamsuzzoha, 2020). In more advanced studies, integration frameworks are 
presented as layered architectures linking data acquisition, feature engineering, model inference, and 
maintenance decision support. This layered view is particularly relevant to electrical power plant 
systems, where monitoring platforms must connect equipment-level sensing with plant-level 
operational management. Scholars further note that integrated frameworks are better suited for 
scalable deployment because they support continuous updating, cross-asset comparison, and the 
inclusion of both historical and real-time information. As a result, the literature portrays multi-source 
integration not simply as a technical convenience, but as a necessary condition for moving predictive 
maintenance from narrow fault detection toward a more comprehensive model of asset health and 
maintenance optimization (Wan et al., 2017).  
The literature also demonstrates a strong and continuing role for statistical and probabilistic modeling 
within integrated predictive maintenance systems. Although machine learning and deep learning 
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dominate much of the current discussion, many studies stress that statistical approaches remain 
essential because they provide structured ways to interpret uncertainty, estimate degradation trends, 
and connect sensor evidence with maintenance decisions. In this body of work, probabilistic models 
are often used to represent the likelihood of equipment failure, the progression of health states, or the 
uncertainty surrounding remaining useful life estimates (Plageras et al., 2018). Scholars commonly 
argue that these approaches are particularly useful in industrial settings where sensor data are noisy, 
incomplete, or collected under changing operating regimes. Statistical process monitoring, time-series 
analysis, state-space estimation, and Bayesian methods are frequently discussed as tools for 
distinguishing genuine degradation signals from random fluctuation. One recurring argument in the 
literature is that probabilistic modeling strengthens predictive maintenance because plant operators 
rarely need only a classification label; they also need confidence information that can guide 
maintenance timing, risk prioritization, and spare-parts planning. This is highly relevant for electrical 
power plant systems, where false alarms and missed detections can both carry substantial operational 
consequences (Cachada et al., 2018). Researchers further show that integrated probabilistic frameworks 
can assimilate multiple evidence sources and update health assessments as new condition data become 
available. Compared with purely deterministic models, these approaches are often seen as more 
realistic for decision support because they acknowledge that asset deterioration is uncertain, context-
dependent, and dynamic. The literature therefore presents statistical and probabilistic methods not as 
outdated alternatives to intelligent analytics, but as foundational elements that improve reliability, 
transparency, and operational usefulness in integrated condition-monitoring models (Upadhyay & 
Sampalli, 2020).  
Across the literature, quantitative evaluation is treated as a decisive element in determining whether 
integrated predictive maintenance models genuinely outperform single-source approaches. 
Researchers commonly assess model quality through measures such as prediction accuracy, 
classification error, precision, recall, and related performance indicators that capture how well failures 
or abnormal states are identified under realistic operating conditions. A consistent finding is that 
overall accuracy alone is often insufficient, particularly in predictive maintenance datasets where 
failure events are rare and class imbalance is common (Albahri et al., 2018). For that reason, many 
studies give stronger emphasis to precision and recall in order to evaluate whether a model can detect 
meaningful faults without generating excessive false alarms. The comparative literature generally 
favors integrated models because fusion-based and multi-source frameworks tend to preserve more 
information about machine condition than single-modality systems. Studies comparing fused and non-
fused approaches often report better discrimination of fault classes, stronger anomaly detection 
capability, and more stable predictive performance when multiple streams of condition data are 
modeled together. This advantage is especially visible when one sensor type captures mechanical 
change while another captures thermal or electrical deviation, allowing the integrated model to identify 
compound failure patterns that would otherwise be missed (Kumar et al., 2021). At the same time, the 
literature remains cautious, noting that performance gains depend on data quality, feature design, 
model selection, and the degree of complementarity among sources. Poorly integrated inputs can 
increase dimensionality and noise without improving results. Even so, the dominant conclusion across 
the reviewed studies is that carefully designed integrated data models offer a more reliable basis for 
predictive maintenance than single-source models, particularly in complex asset environments such as 
electrical power plants where failures emerge through interacting and multi-domain signals (Al-Ali et 
al., 2018).  
Machine Learning and AI-Based Predictive Maintenance Models 
Supervised learning models occupy a central position in the predictive maintenance literature because 
they provide structured ways to map historical condition data to known fault states, degradation levels, 
or maintenance outcomes. In electrical power plant systems, these models are widely discussed in 
relation to regression and classification tasks. Regression-oriented approaches are commonly used 
when the objective is to estimate continuous maintenance-related variables such as degradation 
severity, equipment health indices, or remaining useful life. Classification-oriented approaches, by 
contrast, are frequently applied to categorize machine states into normal, warning, or fault classes and 
to distinguish among specific failure modes (Chowdury et al., 2019). The literature consistently 
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indicates that supervised models are valuable because they can learn direct relationships between 
sensor-derived features and observed maintenance events, allowing operators to move beyond rule-
based inspection practices toward data-driven diagnosis. Researchers have explored decision trees, 
random forests, support vector machines, logistic regression, k-nearest neighbors, and ensemble 
methods for this purpose, often reporting strong performance when the training data are well labeled 
and operational conditions are sufficiently represented. A recurring theme in the literature is that 
supervised learning performs best when vibration, thermal, electrical, and operational data are 
carefully preprocessed and transformed into informative features. At the same time, scholars note 
important limitations, especially the dependence on labeled datasets, which are often difficult to obtain 
in industrial settings where actual failures are infrequent and maintenance logs may be incomplete (Lee 
et al., 2015). Even with these constraints, the literature portrays supervised learning as a highly 
influential methodological foundation in predictive maintenance because of its interpretability, 
measurable performance, and strong applicability to condition-based decision support in power plant 
environments. 
Unsupervised learning has gained major importance in predictive maintenance research because many 
industrial environments lack sufficiently labeled fault data for conventional supervised model 
development. In electrical power plant systems, where failures are relatively rare but potentially 
catastrophic, researchers frequently rely on unsupervised techniques to identify deviations from 
normal operating behavior without requiring prior labeling of every fault class. The literature presents 
anomaly detection as one of the most practical uses of unsupervised learning, particularly for turbines, 
generators, transformers, pumps, and auxiliary equipment that operate continuously under changing 
loads and environmental conditions (Thiele et al., 2021). Clustering methods, density-based techniques, 
principal component approaches, self-organizing maps, and reconstruction-based models are 
commonly examined for their ability to detect abnormal operating signatures from large volumes of 
sensor data. Scholars emphasize that these methods are especially useful when monitoring systems 
generate complex multivariate data in which subtle faults emerge gradually rather than appearing as 
abrupt and clearly labeled events. A consistent insight from the literature is that unsupervised models 
help reveal hidden structure in condition monitoring data and support earlier recognition of incipient 
degradation. They are also valued for discovering unknown or previously unrecorded failure patterns, 
which is particularly important in aging power plant systems with variable maintenance histories. 
However, the literature also highlights that unsupervised anomaly detection may produce false 
positives if normal operational variability is not properly represented. For this reason, many studies 
argue that successful implementation depends on high-quality baseline data, contextual knowledge of 
operating regimes, and careful threshold setting (Ayvaz & Alpay, 2021). Overall, the literature depicts 
unsupervised learning as a powerful strategy for enhancing predictive maintenance in settings where 
fault labeling is limited but early deviation detection is essential. 
Deep learning approaches have become increasingly prominent in the predictive maintenance 
literature because they offer strong capabilities for analyzing high-dimensional, nonlinear, and 
heterogeneous condition monitoring data. In power plant applications, the growing density of sensor 
networks and the continuous generation of time-dependent operational data have created conditions 
in which conventional feature-engineering methods may be insufficient or overly labor-intensive. Deep 
learning models are therefore discussed as effective tools for automatically extracting relevant patterns 
from raw or minimally processed data, particularly where fault signatures are complex and distributed 
across multiple sensing channels (Lee et al., 2019). Convolutional neural networks, recurrent neural 
networks, long short-term memory models, autoencoders, and hybrid deep architectures are among 
the approaches most frequently reported in the literature. These models are often applied to vibration 
spectra, thermal sequences, current signatures, multivariate process histories, and sensor-fusion 
datasets to identify degradation trends and classify operating states. Researchers commonly argue that 
deep learning is especially useful for representing temporal dependencies and cross-signal 
relationships that are difficult to capture with shallow models. Another repeated finding is that deep 
architectures can improve predictive maintenance performance when monitoring datasets are large, 
diverse, and collected under dynamic conditions. Even so, the literature does not treat deep learning 
as universally superior. Scholars point to significant challenges involving computational cost, data 
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volume requirements, training instability, limited transparency, and difficulties in explaining model 
decisions to maintenance engineers (Ong et al., 2021). In high-stakes power plant settings, 
interpretability remains a major concern because decisions based on complex models must often be 
justified operationally and economically. Despite these concerns, the literature strongly supports the 
role of deep learning as a transformative approach for extracting maintenance intelligence from high-
dimensional condition monitoring systems. 
 

Figure 6: AI Models for Predictive Maintenance 

 
Feature Engineering and Data Preprocessing 
The literature consistently identifies feature engineering as a foundational stage in predictive 
maintenance because raw condition monitoring signals rarely provide direct diagnostic value without 
transformation. In electrical power plant systems, signal processing techniques are widely used to 
extract meaningful representations from vibration, thermal, electrical, and acoustic measurements so 
that degradation patterns can be recognized more reliably (Shin et al., 2021). Studies commonly group 
extracted features into time-domain, frequency-domain, and time-frequency categories, each of which 
captures different aspects of equipment behavior. Time-domain features are frequently valued for their 
simplicity and sensitivity to abrupt changes in amplitude and statistical dispersion, while frequency-
domain features are preferred when fault signatures appear as periodic or harmonic components 
associated with rotating machinery and electrical disturbances.  
Time-frequency methods are especially emphasized in the literature because power plant assets often 
operate under nonstationary conditions, making it necessary to capture both when and where signal 
changes occur. Researchers repeatedly note that wavelet-based methods, envelope analysis, spectral 
decomposition, and higher-order statistical descriptors improve the visibility of incipient defects that 
are difficult to observe in raw measurements alone (Confalonieri et al., 2015). Across the reviewed 
studies, feature extraction is not treated as a purely technical preprocessing step, but rather as the stage 
that determines whether subsequent models can distinguish normal operational variation from 
meaningful deterioration. The literature also shows that carefully engineered features reduce 
ambiguity, improve class separability, and support more interpretable maintenance decisions, 
particularly in systems where faults evolve gradually across multiple physical domains.  
The literature places strong emphasis on noise reduction and data cleaning because industrial condition 
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monitoring data are frequently affected by interference, redundancy, drift, missing observations, and 
inconsistent labeling (Timofeev & Denisov, 2019). In electrical power plant environments, sensor 
streams are often influenced by electromagnetic disturbances, variable loads, harsh operating 
conditions, and communication irregularities, all of which can distort the relationship between 
measured signals and actual asset health. As a result, researchers describe data cleaning as essential for 
preserving the integrity of predictive maintenance models. Commonly discussed practices include 
outlier screening, signal smoothing, filtering, baseline correction, normalization, and sensor calibration, 
with each approach aimed at improving the reliability of extracted patterns. The literature repeatedly 
shows that without these steps, machine learning models may learn noise characteristics rather than 
degradation behavior, leading to unstable predictions and poor generalization (Nacchia et al., 2021).  
 

Figure 7: Feature Engineering Process  Flowchart 

 
 
Scholars also stress that cleaning is not limited to removing erroneous values; it includes reconciling 
inconsistent timestamps, managing duplicate records, aligning multimodal inputs, and identifying 
segments affected by sensor malfunction or operational anomalies unrelated to faults. Another 
recurring point is that preprocessing decisions influence not only model accuracy but also 
interpretability, because cleaner data enable a clearer mapping between observed features and physical 
failure mechanisms. Across review studies, noise reduction is therefore framed as a prerequisite for 
trustworthy predictive maintenance rather than an optional enhancement. This perspective is 
especially strong in condition monitoring applications involving continuous sensor acquisition, where 
the cumulative effect of minor data defects can substantially degrade diagnostic performance over time 
(Kim & Choi, 2021).  
A major theme in the literature is that predictive maintenance systems often generate high-dimensional 
feature spaces, especially when multiple sensors, operating modes, and signal transformations are 
combined within the same monitoring framework. Researchers therefore give considerable attention to 
dimensionality reduction and feature selection as methods for concentrating the most informative 
aspects of machinery condition while limiting redundancy and computational burden. The reviewed 
studies indicate that many extracted variables contribute overlapping or weakly relevant information, 
which can reduce model efficiency and increase the risk of overfitting (Khan et al., 2021). 
Dimensionality reduction is consequently presented as a way to preserve essential degradation 
structure in a more compact representation, while feature selection is described as the process of 
identifying the subset of variables most strongly associated with fault discrimination or prognostic 
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accuracy. The literature consistently reports that appropriate reduction of feature space tends to 
improve classification stability, lower computational cost, and strengthen generalization when models 
are applied to new data. At the same time, scholars caution that excessive reduction may remove weak 
but important degradation cues, especially in complex assets where faults manifest across several 
interacting signals. This has led many studies to evaluate reduced feature sets not only by speed gains 
but also by changes in prediction accuracy, classification balance, estimation error, and robustness 
across operating conditions (Sahasrabudhe et al., 2020). Across the field, the dominant synthesis is that 
feature selection exerts a measurable influence on model performance because it shapes class 
separability, controls noise propagation, and determines whether learning algorithms focus on 
physically meaningful condition indicators rather than irrelevant variation.  
The literature repeatedly identifies missing data and class imbalance as two of the most persistent 
barriers to reliable predictive maintenance modeling. In electrical power plant systems, missing 
observations may arise from sensor drift, temporary communication failure, maintenance 
interruptions, inconsistent manual logging, or the selective activation of monitoring devices during 
abnormal events (Borghesi et al., 2021). Researchers note that such gaps can distort degradation 
trajectories, bias health indicators, and weaken the temporal continuity needed for machine learning 
and prognostic analysis. At the same time, imbalanced datasets are widespread because failure events 
are far less common than normal operating states, particularly in well-managed plants where critical 
equipment is designed to avoid frequent breakdowns (Ghavidel et al., 2016). The literature emphasizes 
that this imbalance creates a strong tendency for predictive models to favor the majority class, thereby 
inflating apparent accuracy while reducing the ability to identify rare but consequential faults. To 
address these issues, studies discuss imputation strategies, interpolation, model-based estimation, and 
data validation routines for recovering incomplete observations, as well as resampling, synthetic 
sample generation, cost-sensitive learning, and threshold adjustment for managing minority fault 
classes. Review papers further observe that missingness and imbalance often interact, since rare fault 
periods are also the periods most vulnerable to incomplete records and uncertain labels. As a result, 
researchers increasingly argue that preprocessing pipelines should treat data completeness and class 
balance as central design considerations rather than downstream corrections (Gusev, 2015). The overall 
literature synthesis suggests that the success of predictive maintenance depends not only on 
sophisticated algorithms, but also on how effectively the data foundation is repaired, balanced, and 
made representative of real operational risk.  
Applications in Electrical Power Plant Components 
The literature on predictive maintenance in electrical power plant components consistently identifies 
turbines, generators, and transformers as the most critical assets for condition-based intervention 
because their failure can trigger severe operational disruption, repair expense, and safety risk. Studies 
examining turbine systems emphasize the value of integrated monitoring of vibration behavior, 
lubrication condition, shaft alignment, bearing temperature, rotational stability, and acoustic 
irregularities for identifying wear progression and early-stage defects (G. Zhang et al., 2019). In 
generator-focused research, scholars frequently examine insulation health, partial discharge behavior, 
rotor and stator condition, thermal stress, and electrical loading patterns to detect degradation before 
fault escalation. Transformer-related literature similarly highlights the importance of combining oil 
condition assessment, dissolved gas observations, thermal measurements, load history, moisture 
behavior, and electrical stress indicators to obtain a more comprehensive understanding of equipment 
health.  
Across these component categories, the literature shows that predictive maintenance is most effective 
when monitoring is not restricted to a single symptom but instead incorporates multiple physical 
signals that reflect interacting fault mechanisms (Diantari & Pujotomo, 2016). Researchers repeatedly 
argue that component-level degradation in power plant systems is rarely linear or isolated, which is 
why integrated condition monitoring has become central to turbine, generator, and transformer 
diagnostics. The reviewed studies further indicate that predictive maintenance in these assets supports 
more accurate fault localization, improved maintenance timing, and better prioritization of 
intervention schedules. In this sense, the literature portrays turbines, generators, and transformers not 
simply as equipment categories, but as representative cases demonstrating how predictive 
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maintenance can improve reliability when asset-specific condition patterns are captured and modeled 
in an integrated manner (Ersayin & Ozgener, 2015). 
 

Figure 8: Predictive Maintenance in Power Components 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Beyond core generation assets, the literature increasingly recognizes auxiliary systems as essential 
targets of predictive maintenance because the performance of pumps, valves, cooling circuits, 
lubrication units, fans, compressors, boilers, control panels, and switchgear directly influences overall 
plant continuity. Researchers note that auxiliary systems are often overlooked in maintenance planning 
even though their malfunction can interrupt generation processes, reduce thermal efficiency, and create 
cascading operational problems across interconnected subsystems. Studies focusing on integrated 
monitoring of these assets show that predictive maintenance becomes more effective when auxiliary 
equipment is observed through combinations of pressure data, flow behavior, vibration signals, 
temperature variation, motor current patterns, acoustic activity, and control-state information 
(Kulmala & Alahäivälä, 2019). This integrated approach is repeatedly described in the literature as 
necessary because many auxiliary failures begin with subtle changes that do not appear significant 
when examined through one data channel alone. Scholars also emphasize that auxiliary systems 
operate under varying duty cycles and environmental conditions, making continuous monitoring 
important for distinguishing normal operating fluctuations from abnormal deterioration. The literature 
further suggests that auxiliary assets provide useful contextual information for interpreting the 
behavior of primary equipment. For example, irregular cooling performance may influence generator 
temperature trends, while lubrication instability may shape turbine bearing behavior. As a result, 
integrated monitoring of auxiliary systems is not presented as a secondary maintenance concern, but 
as part of a broader plant-wide reliability strategy (Budisulistyo & Krumdieck, 2015). Across the 
reviewed studies, this plant-level perspective strengthens the argument that predictive maintenance 
should extend beyond major components and include the supporting infrastructure that sustains 
power production stability and operational safety. 
A recurring theme in the literature is that predictive maintenance applications in electrical power plant 
components are justified not only by diagnostic sophistication but also by measurable operational 
improvements. Case-based studies consistently report that integrated monitoring and predictive 
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intervention contribute to downtime reduction by enabling earlier detection of degradation and more 
targeted maintenance scheduling. Instead of relying on fixed service intervals or waiting for equipment 
failure, operators using predictive maintenance are better able to intervene during controlled windows, 
reducing production interruptions and avoiding secondary damage (Ghavidel et al., 2016). Researchers 
further associate these practices with cost savings through lower emergency repair expenditure, 
reduced spare-parts waste, improved labor allocation, and longer asset service life. The literature also 
links predictive maintenance to efficiency gains, particularly where continuously monitored assets can 
be kept closer to optimal operating conditions without increasing failure risk. In turbine and generator 
applications, studies often describe improved output stability and reduced performance drift when 
condition indicators are monitored and acted upon promptly. In transformer and auxiliary system 
studies, quantitative improvements are often discussed in terms of improved availability, fewer forced 
outages, and better resource planning. Although the magnitude of improvement varies by plant type, 
monitoring maturity, and data quality, the literature shows broad agreement that integrated predictive 
maintenance outperforms conventional maintenance approaches in both economic and operational 
terms (Gusev, 2015). Scholars also warn that these gains depend on appropriate implementation, 
including reliable sensing infrastructure, valid model development, and maintenance processes 
capable of acting on generated insights. Even with these qualifications, the cumulative literature 
presents a strong synthesis that predictive maintenance creates practical value through measurable 
reductions in operational disruption and more efficient use of maintenance resources. 
The literature on applications in power plant components makes clear that predictive maintenance 
models are most effective when they are tailored to the operational behavior and failure mechanisms 
of specific assets while remaining integrated with real-time monitoring and control systems (Ersayin & 
Ozgener, 2015). Researchers frequently note that turbines, generators, transformers, and auxiliary 
systems exhibit different degradation signatures, response times, and sensor requirements, which 
means that a uniform predictive model often fails to capture the nuances of component-specific 
behavior. Consequently, many studies advocate modeling strategies that are customized according to 
asset type, using variable selection, threshold design, fault indicators, and analytical workflows aligned 
with each component’s physical characteristics. For turbines, this may involve models sensitive to 
rotational instability and lubrication-related anomalies, whereas generator models may prioritize 
electrical and thermal behavior, and transformer models may emphasize insulation and oil-condition 
indicators. The literature also stresses that these component-specific models gain greater practical value 
when linked with real-time monitoring platforms capable of continuous data processing, alarm 
management, and maintenance decision support (Perna et al., 2018). In advanced implementations, 
predictive outputs are integrated with supervisory and plant control environments so that abnormal 
patterns can be detected promptly and contextualized within broader operational states. Scholars 
describe this connection between real-time monitoring and control integration as essential for turning 
predictive maintenance from an analytical exercise into an operational capability. Rather than 
producing static reports, these systems support dynamic asset management by enabling ongoing health 
assessment, rapid response to emerging risks, and closer coordination between monitoring teams and 
maintenance personnel. Overall, the literature suggests that successful application in power plant 
components depends on balancing asset-specific model precision with plant-wide real-time visibility 
and decision integration (El Fouas et al., 2020). 
Performance Evaluation and Optimization of Predictive Models 
The literature consistently shows that performance evaluation in predictive maintenance is anchored 
in the use of key performance indicators that connect technical model output with maintenance 
effectiveness and operational value. In maintenance systems for electrical power plant assets and other 
complex industrial environments, researchers typically assess performance through indicators related 
to reliability, availability, fault detection quality, maintenance responsiveness, and asset utilization.  
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Figure 9: Evaluating Predictive Maintenance Performance 

 
 
 
 
 

Commonly discussed measures include downtime reduction, failure avoidance, maintenance lead 
time, false alarm frequency, missed fault rate, system availability, and improvements in mean time 
between failures (Mladenov et al., 2020). The literature emphasizes that these indicators are important 
because predictive maintenance models are not judged solely by whether they generate correct 
predictions, but by whether those predictions improve maintenance timing and resource allocation 
under real operating conditions. Scholars repeatedly argue that a technically accurate model can still 
perform poorly from a maintenance perspective if it produces too many false alerts, lacks decision 
relevance, or fails to support actionable scheduling. Another strong theme in the literature is that 
performance indicators should be aligned with asset criticality and plant objectives. For example, in 
highly sensitive systems, reliability-centered indicators may carry greater importance than 
computational speed, while in cost-constrained environments maintenance efficiency and labor 
optimization may receive more emphasis (Reyes-Belmonte et al., 2016). Studies further suggest that 
KPI design should capture both model-centered and operation-centered performance, thereby linking 
data analytics with maintenance outcomes. Overall, the literature presents KPIs as the bridge between 
predictive model quality and organizational maintenance value, making them essential for evaluating 
whether predictive systems truly outperform conventional maintenance approaches.  
A major focus of the literature is the quantitative benchmarking of predictive maintenance models in 
order to compare how different analytical approaches perform under similar fault diagnosis or 
prognostic conditions. Researchers frequently compare statistical models, machine learning methods, 
hybrid frameworks, and deep learning architectures using performance indicators such as prediction 
accuracy, precision, recall, F1-score, estimation error, robustness across operating regimes, and stability 
under noisy inputs (Cho & Ahn, 2019). The literature shows that benchmarking is necessary because 
predictive maintenance datasets differ widely in feature complexity, temporal behavior, class 
imbalance, and fault rarity, making it difficult to declare one modeling family universally superior. 
Studies therefore emphasize comparative assessment across multiple criteria rather than reliance on a 
single score. Another recurring insight is that benchmarking must account for the actual maintenance 
problem being solved. Models used for fault classification are often assessed differently from models 
designed for remaining useful life estimation or anomaly detection. Researchers also note that some 
highly accurate models may be less useful in practice if they require excessive computational resources 
or lack resilience when transferred to new equipment conditions. Comparative reviews repeatedly 
indicate that integrated and hybrid models often perform well because they combine strengths from 
data-driven learning and domain-informed reasoning (Lorencin et al., 2019). At the same time, simpler 
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approaches may remain competitive when datasets are limited or when interpretability is operationally 
important. The literature therefore treats benchmarking not only as a numerical exercise, but also as a 
method for identifying context-appropriate modeling choices. In this synthesis, good benchmarking 
clarifies where performance gains are genuine, where they are dataset-specific, and how modeling 
decisions should align with practical maintenance priorities. 
Challenges in Integrated Condition Monitoring Systems 
The literature consistently identifies data heterogeneity as one of the most persistent obstacles in 
integrated condition monitoring systems (Cho & Ahn, 2019). In predictive maintenance environments, 
data are commonly collected from vibration sensors, thermal devices, electrical meters, acoustic 
channels, control systems, inspection logs, and maintenance databases, each of which may use different 
formats, sampling structures, communication protocols, and semantic labels. This diversity makes 
integration difficult because the same physical event may be represented differently across platforms, 
while some systems generate continuous time-series streams and others produce event-based or 
manually recorded data. In electrical power plant settings, the challenge becomes more severe because 
legacy infrastructure often coexists with newer digital technologies, creating interoperability gaps 
between supervisory control systems, distributed sensors, and analytical platforms. The literature 
shows that these incompatibilities reduce the ability to synchronize signals, align timestamps, and 
combine multiple sources into a coherent model of asset health (Heydari & Askarzadeh, 2016).  
 

Figure 10: Challenges in Integrated Monitoring System 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Researchers also argue that heterogeneity is not only technical but organizational, since different 
departments may store equipment data according to separate operational priorities and inconsistent 
naming conventions. This weakens traceability and complicates plant-wide maintenance intelligence. 
Across the reviewed studies, scholars repeatedly emphasize that successful integrated condition 
monitoring depends on standardized data models, communication compatibility, and common 
information architectures that can translate diverse sensor outputs into usable predictive inputs. 
Without such interoperability, the promise of integrated predictive maintenance remains limited 
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because disconnected datasets prevent comprehensive fault interpretation and reduce confidence in 
cross-system maintenance decisions (Richter et al., 2019).  
Scalability is another central concern in the literature because integrated condition monitoring systems 
increasingly operate in data-rich industrial environments where sensors continuously generate high-
volume, high-velocity, and high-variety information. In modern predictive maintenance systems, 
especially those associated with power plants and other complex industrial assets, the expansion of 
sensor networks and real-time acquisition platforms has created major challenges for storage, 
transmission, processing, and decision latency. The literature indicates that as more components are 
monitored simultaneously, the system must handle not only greater data volume but also increased 
complexity in temporal alignment, feature extraction, and continuous model updating (Barati et al., 
2017). Researchers frequently note that conventional centralized architectures struggle under such 
demand, particularly when plants require near-real-time diagnostics or prognostics across 
geographically distributed assets. The introduction of Industrial Internet of Things platforms, edge 
computing, cloud analytics, and layered processing frameworks has been presented as a response to 
this problem, but the literature also shows that scalability is not solved simply by adding more 
computing power. Instead, it requires efficient data pipelines, prioritized feature handling, and 
architectures that distribute computational burden without sacrificing reliability. Scholars further 
observe that poor scalability can undermine predictive maintenance value by creating delayed alerts, 
excessive storage cost, and bottlenecks in model retraining. In this sense, big data is treated in the 
literature as both an opportunity and a burden (Wang et al., 2018). While large datasets can improve 
condition awareness and model robustness, they can also overwhelm monitoring infrastructure if data 
management strategies are not designed for sustained industrial-scale operation.  
The literature strongly emphasizes that the effectiveness of integrated condition monitoring depends 
on data quality, yet industrial monitoring environments are frequently affected by noise, missing 
values, inconsistent labels, sensor drift, and communication interruptions. These defects can distort 
degradation patterns and reduce the trustworthiness of predictive maintenance models. In power-
related and other continuous-process systems, noise may originate from harsh operating conditions, 
electromagnetic interference, varying load regimes, or environmental disturbances, making it difficult 
to distinguish meaningful fault signals from ordinary operational fluctuation (Kumar et al., 2018). 
Missing values are also commonly reported, often resulting from temporary sensor failure, incomplete 
transmission, or maintenance interruptions, while inconsistencies may appear when data are logged 
across separate systems without unified standards. The literature further shows that these quality 
problems interact with computational complexity. As more data sources are integrated, the cost of 
preprocessing, feature engineering, synchronization, and model inference increases substantially. 
Researchers point out that complex machine learning and deep learning models may achieve strong 
predictive performance, but they also require considerable memory, training time, and computational 
resources, especially when deployed for real-time monitoring. In industrial settings, these limitations 
are important because maintenance systems must often operate under constrained processing budgets 
and deliver rapid, dependable results (Sahu et al., 2016). The literature therefore treats data cleaning, 
signal conditioning, dimensional control, and efficient model design as necessary measures for 
balancing predictive depth with computational feasibility. This synthesis suggests that integrated 
condition monitoring systems fail not only when models are weak, but also when poor-quality data 
and excessive processing demands make accurate prediction too slow, unstable, or expensive to use 
operationally.  
A recurring conclusion in the literature is that many integrated condition monitoring models perform 
well in controlled datasets yet generalize poorly when transferred to new machines, operating regimes, 
plants, or failure conditions (Minucci et al., 2020). This issue is especially important in predictive 
maintenance because industrial assets rarely operate under perfectly stable and repeatable conditions. 
Researchers note that models trained on one dataset may implicitly learn site-specific patterns, sensor 
behavior, or operating assumptions that do not hold elsewhere. In electrical power plant systems, this 
problem is amplified by differences in equipment age, maintenance history, loading profile, 
environmental stress, and monitoring maturity across units and facilities. The literature also highlights 
that quantitative evaluation often overstates model capability when testing conditions resemble 
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training conditions too closely. Measures such as accuracy, precision, recall, and related error metrics 
may appear strong within a specific dataset, but their practical value decreases if the model cannot 
adapt to nonstationary behavior, rare faults, or new degradation pathways (López-Campos et al., 2017). 
Scholars therefore argue that model generalization should be understood as a central limitation rather 
than a secondary performance issue. Domain shift, class imbalance, limited labeled failure data, and 
noise-sensitive feature extraction are repeatedly identified as reasons why predictive models struggle 
outside their original development context. Across the reviewed studies, the general synthesis is that 
reliable integrated monitoring requires more than high benchmark performance; it requires models 
that remain stable under uncertainty, data variation, and operational change. Without that robustness, 
predictive maintenance systems may produce misleading confidence and inconsistent maintenance 
decisions when deployed beyond the environments in which they were originally trained (Tautz‐
Weinert & Watson, 2017). 
METHOD  
This study adopted a quantitative research design grounded in a quasi-experimental and data-driven 
analytical framework to examine the effectiveness of integrated modeling of condition monitoring data 
for predictive maintenance in electrical power plant systems. The approach was selected because it 
allowed for systematic evaluation of relationships between multiple condition monitoring variables 
and maintenance outcomes under real-world operational settings. The design incorporated both 
retrospective and real-time datasets collected from power plant components, enabling comparative 
analysis between traditional maintenance practices and predictive maintenance models. The theoretical 
framework was based on data-centric predictive analytics, integrating principles from condition-based 
maintenance, machine learning modeling, and reliability engineering to assess improvements in system 
performance indicators such as failure rates, system availability, and maintenance efficiency. 
 

Figure 11: Methodology of this study 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The study utilized operational datasets derived from electrical power plant systems, including turbines, 
generators, transformers, and auxiliary equipment. A purposive sampling strategy was employed to 
select datasets and components that exhibited sufficient variability in operational conditions and 
maintenance history, ensuring meaningful predictive modeling outcomes. Inclusion criteria consisted 
of systems with continuous sensor data availability, documented maintenance records, and at least one 
recorded fault or degradation event, while systems with incomplete records, inconsistent sensor logs, 
or unreliable data streams were excluded to maintain analytical integrity. The dataset included 
multivariate condition monitoring variables such as vibration signals, temperature readings, electrical 
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load parameters, and operational logs. This selection ensured that the analysis captured a 
comprehensive representation of equipment behavior across different operating conditions. 
Instrumentation and data collection involved the use of industrial sensor networks and digital 
monitoring platforms integrated with supervisory control and data acquisition systems. Data were 
obtained from existing plant monitoring infrastructure, ensuring ecological validity and real-world 
applicability. The collected data were stored and processed using advanced analytical environments, 
including Python-based platforms and data management systems. Preprocessing tools were applied to 
clean, normalize, and structure the datasets prior to analysis. Data validation procedures were 
implemented to ensure reliability, including consistency checks, noise filtering, and verification against 
historical maintenance records. For datasets derived from structured logs or system-generated 
indicators, internal consistency and reliability were assessed through statistical validation techniques 
to confirm data suitability for predictive modeling. 
The experimental procedure followed a structured and chronological sequence. Initially, raw condition 
monitoring data were extracted from plant databases and subjected to preprocessing, including noise 
reduction, missing value treatment, and feature extraction. Subsequently, the dataset was divided into 
training and testing subsets to enable model development and validation. Integrated data modeling 
techniques were applied to combine multiple sensor inputs into unified analytical representations. 
Predictive maintenance models were then developed using machine learning algorithms, including 
both regression and classification techniques, to estimate equipment health and predict failure events. 
Model outputs were compared against actual maintenance outcomes to evaluate predictive 
performance. The procedure also included iterative model refinement through parameter tuning and 
validation to enhance predictive accuracy and robustness. 
Data analysis was conducted using statistical and computational tools, primarily Python and R, 
supported by relevant libraries for machine learning and data analysis. Descriptive statistics were used 
to summarize the characteristics of the dataset, while inferential statistical techniques were applied to 
evaluate relationships between variables and model performance. Regression analysis was employed 
to assess predictive relationships between condition monitoring variables and maintenance outcomes, 
while classification performance was evaluated using metrics such as accuracy, precision, recall, and 
F1-score. Comparative analysis between integrated and non-integrated models was conducted to 
determine the effectiveness of data fusion approaches. Statistical significance was assessed using a 
standard threshold, where results were considered significant at a probability level below 0.05. Model 
validation techniques, including cross-validation and error analysis using measures such as root mean 
square error and mean absolute error, were applied to ensure reliability and generalizability of the 
findings. Overall, the analytical approach provided a rigorous quantitative assessment of predictive 
maintenance performance within integrated condition monitoring frameworks. 
FINDINGS 
Participant/Sample Characteristics 
The analysis of the final dataset revealed a comprehensive and well-structured representation of 
operational conditions across multiple electrical power plant components. The dataset comprised 
12,480 observations collected over a continuous monitoring period of 18 months, covering turbines, 
generators, transformers, and auxiliary systems. Descriptive statistical analysis indicated that vibration 
intensity exhibited moderate variability across components, with higher dispersion observed in turbine 
systems compared to auxiliary equipment. Temperature readings showed relatively stable 
distributions, although occasional peaks were recorded during high-load conditions. Electrical load 
parameters demonstrated significant variation depending on operational demand cycles, reflecting 
realistic plant behavior. The dataset included 9,860 normal operational instances and 2,620 fault-related 
instances, indicating a naturally imbalanced distribution consistent with industrial maintenance data. 
Measures of central tendency confirmed that most variables followed near-normal distributions after 
preprocessing, while dispersion measures highlighted the presence of meaningful variability necessary 
for predictive modeling. Data completeness exceeded 96%, confirming that preprocessing techniques 
effectively handled missing values and inconsistencies. These findings confirmed that the dataset was 
both statistically robust and operationally representative, supporting reliable predictive maintenance 
analysis. 
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Table 1: Descriptive Statistics of Condition Monitoring Variables 

 

Variable Mean Std. Deviation Minimum Maximum 

Vibration (mm/s) 4.85 1.72 1.10 9.60 

Temperature (°C) 68.40 8.25 45.20 95.80 

Electrical Load (%) 72.15 12.60 30.00 98.00 

Operational Time (h) 1450 320 800 2100 

 
Table 1 presented the descriptive statistics of key condition monitoring variables, highlighting their 
central tendencies and variability across the dataset. The mean values indicated typical operational 
conditions, while standard deviations reflected the extent of fluctuation within each parameter. 
Vibration and electrical load exhibited relatively higher variability, suggesting sensitivity to 
operational changes, whereas temperature remained more stable. The range between minimum and 
maximum values demonstrated the presence of both normal and extreme operating conditions, which 
were essential for predictive modeling. These statistical characteristics confirmed that the dataset 
contained sufficient diversity and variation, enabling the development of robust and generalizable 
predictive maintenance models. 
 

Table 2: Sample Distribution Across Power Plant Components 
 

Component Type Total Observations Normal Cases Fault Cases Fault Percentage (%) 

Turbines 3,200 2,450 750 23.44 

Generators 2,800 2,150 650 23.21 

Transformers 3,100 2,520 580 18.71 

Auxiliary Sys. 3,380 2,740 640 18.93 

Total 12,480 9,860 2,620 21.00 

 
Table 2 summarized the distribution of observations across different power plant components, 
providing insight into the composition of the dataset. Turbines and generators showed slightly higher 
fault percentages compared to transformers and auxiliary systems, reflecting their higher operational 
stress and complexity. The overall fault rate of approximately 21% indicated a realistic imbalance 
typical of industrial datasets. The distribution demonstrated that all major components were 
adequately represented, ensuring that predictive models could generalize across different equipment 
types. This balanced yet realistic composition strengthened the validity of subsequent analyses by 
ensuring that both normal and faulty conditions were sufficiently captured within the dataset. 
Primary Outcomes 
The quantitative analysis of the primary outcomes demonstrated a clear and statistically meaningful 
improvement in predictive maintenance performance when integrated condition monitoring data 
models were applied. The integrated modeling framework achieved a classification accuracy of 92.6%, 
compared to 81.4% for single-source models, indicating a substantial enhancement in fault detection 
capability. Precision and recall values also improved significantly, reflecting a stronger ability to 
correctly identify both true fault conditions and normal operations. Regression analysis further 
confirmed that integrated models produced more reliable estimations of equipment health, with a 
reduction in prediction error across all major components. The integrated approach reduced the 
average prediction error by approximately 28%, indicating improved consistency and robustness in 
performance. Additionally, early fault detection capability increased, with integrated models 
identifying degradation patterns on average 18% earlier than non-integrated approaches. These 
findings demonstrated that the use of multi-source condition monitoring data provided a more 
comprehensive representation of system behavior, resulting in improved predictive accuracy, reduced 
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uncertainty, and enhanced maintenance decision-making. The results also indicated that integrated 
models maintained stable performance across turbines, generators, transformers, and auxiliary 
systems, confirming their adaptability in complex operational environments. 
 

Table 3: Comparative Performance of Integrated vs. Single-Source Models 
 

Model Type Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Integrated Model 92.6 91.8 93.4 92.6 

Single-Source Model 81.4 79.6 82.3 80.9 

Improvement (%) +11.2 +12.2 +11.1 +11.7 

 
Table 3 presented a comparative evaluation of classification performance between integrated and 
single-source predictive models. The integrated model consistently outperformed the single-source 
model across all performance metrics, including accuracy, precision, recall, and F1-score. The 
improvement exceeded 11% across all indicators, demonstrating the effectiveness of combining 
multiple condition monitoring variables. Higher precision indicated fewer false positives, while 
improved recall reflected enhanced fault detection capability. The balanced F1-score confirmed overall 
model reliability. These results provided strong empirical evidence that integrated modeling 
significantly enhanced classification performance and offered a more accurate and dependable 
approach for predictive maintenance in electrical power plant systems. 
 

Table 4: Regression Performance and Early Fault Detection Analysis 

Model Type RMSE MAE Early Detection Lead Time (hours) 

Integrated Model 0.42 0.31 36 

Single-Source Model 0.58 0.45 22 

Improvement (%) -27.6 -31.1 +63.6 

 
Table 4 illustrated the regression performance and early fault detection capability of predictive 
maintenance models. The integrated model showed lower RMSE and MAE values, indicating reduced 
prediction error and improved estimation accuracy compared to the single-source model. The 
reduction in error exceeded 27%, confirming the effectiveness of integrated data modeling in capturing 
complex degradation patterns. Additionally, the integrated model demonstrated a significantly longer 
early detection lead time, identifying faults approximately 14 hours earlier than the single-source 
model. This improvement highlighted the practical advantage of integrated approaches in enabling 
proactive maintenance and minimizing unexpected equipment failures. 
Secondary and Sub-Group Analysis 
The secondary and subgroup analysis provided deeper insights into the variability and contextual 
performance of predictive maintenance models across different operational and component-level 
conditions. The results indicated that model performance was not uniform across all equipment types, 
with turbines achieving the highest predictive accuracy of 94.2%, followed by generators at 92.8%, 
transformers at 89.7%, and auxiliary systems at 87.3%. This variation was attributed to differences in 
sensor density, signal consistency, and operational stability. Subgroup analysis based on load 
conditions revealed that models trained under stable operational loads achieved higher accuracy levels 
compared to those exposed to highly fluctuating load environments, where prediction uncertainty 
increased. Furthermore, feature importance analysis showed that vibration and temperature variables 
contributed most significantly to predictive performance, accounting for over 65% of model 
explanatory power, while electrical load variables contributed comparatively less. Temporal analysis 
demonstrated that models trained on longer historical datasets showed improved generalization, with 
performance gains of approximately 8–10% compared to models trained on shorter data windows. 
Additionally, multi-sensor integration enhanced the detection of complex fault patterns, particularly 
in cases where single-variable signals failed to capture early degradation. These findings highlighted 
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the importance of component-specific modeling, stable operating conditions, and comprehensive data 
integration in optimizing predictive maintenance performance. 
 

Table 5: Model Performance Across Equipment Types 
 

Component Type Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Turbines 94.2 93.5 95.1 94.3 

Generators 92.8 91.9 93.7 92.8 

Transformers 89.7 88.5 90.8 89.6 

Auxiliary Sys. 87.3 85.9 88.6 87.2 

 
Table 5 presented the comparative performance of predictive models across different power plant 
components. Turbines and generators achieved higher accuracy and balanced performance metrics due 
to more consistent and high-frequency sensor data, which improved model learning and fault detection 
capability. Transformers showed moderate performance, reflecting more stable but less dynamic 
operational conditions. Auxiliary systems demonstrated comparatively lower accuracy due to 
variability in operational environments and less structured monitoring data. The differences across 
components confirmed that predictive performance was influenced by both data quality and system 
complexity, emphasizing the need for component-specific modeling strategies to achieve optimal 
maintenance outcomes. 
 

Table 6: Sub-Group Analysis Based on Load Conditions and Data Window 
 

Condition Type Accuracy (%) RMSE Feature Contribution (%) 

Stable Load Conditions 93.5 0.39 68 (Vibration & Temp) 

Fluctuating Load Conditions 88.6 0.52 61 (Vibration & Temp) 

Long Historical Data 92.9 0.41 66 

Short Historical Data 84.7 0.57 59 

 
Table 6 summarized the subgroup analysis based on operational load conditions and historical data 
length. Models operating under stable load conditions achieved higher accuracy and lower prediction 
error compared to those under fluctuating conditions, indicating that operational stability enhanced 
predictive reliability. The analysis also showed that longer historical datasets improved model 
performance by providing more comprehensive learning patterns. Feature contribution analysis 
confirmed that vibration and temperature variables dominated predictive capability across all 
conditions. These findings demonstrated that both operational context and data availability 
significantly influenced model performance, reinforcing the importance of stable conditions and 
sufficient historical data for accurate predictive maintenance. 
Statistical Significance and Effect Sizes 
The inferential statistical analysis provided strong evidence that the improvements observed in 
predictive maintenance performance were statistically significant and not attributable to random 
variation. Comparative hypothesis testing between integrated and non-integrated models 
demonstrated statistically significant differences across all major performance indicators, with 
probability values consistently below the accepted threshold of 0.05. The integrated models exhibited 
superior predictive capability, reflected in higher classification accuracy and lower prediction error. In 
addition to significance testing, effect size analysis revealed that the magnitude of improvement 
achieved through integrated modeling was substantial. The calculated effect sizes indicated a large 
practical impact on predictive accuracy, confirming that the integration of multi-source condition 
monitoring data significantly enhanced model performance. Regression analysis further supported 
these findings, showing strong and statistically significant associations between key variables such as 
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vibration and temperature and the likelihood of equipment failure. The reduction in prediction error, 
combined with improved classification metrics, demonstrated that integrated models provided both 
statistically reliable and operationally meaningful advantages. These findings validated the robustness 
of the analytical framework and confirmed that the observed improvements were both quantitatively 
significant and practically relevant for predictive maintenance applications. 
 

Table 7: Statistical Significance Testing of Model Performance 
 

Performance Metric Integrated Model Single-Source Model t-value p-value 

Accuracy (%) 92.6 81.4 8.72 0.0001 

Precision (%) 91.8 79.6 7.95 0.0002 

Recall (%) 93.4 82.3 8.10 0.0001 

RMSE 0.42 0.58 -6.88 0.0003 

 
Table 7 presented the results of inferential statistical testing comparing integrated and single-source 
predictive models. The t-values indicated strong differences between model performances across all 
metrics, while the p-values were consistently below 0.05, confirming statistical significance. The 
integrated model demonstrated superior accuracy, precision, and recall, alongside significantly lower 
prediction error. These results indicated that the improvements observed were unlikely due to chance. 
The consistency of statistical significance across multiple performance indicators strengthened the 
reliability of the findings and confirmed that integrated data modeling produced measurable and 
statistically validated improvements in predictive maintenance outcomes. 
 

Table 8: Effect Size and Regression Analysis Results 
 

Metric/Variable 
Effect Size (Cohen’s 
d) 

Regression Coefficient 
(β) 

Standard 
Error 

Significance 

Vibration 0.85 0.62 0.05 Significant 

Temperature 0.78 0.55 0.06 Significant 

Electrical Load 0.54 0.38 0.07 Significant 

Integrated Model 
Gain 

0.92 — — Significant 

 
Table 8 illustrated the effect size measurements and regression analysis outcomes for key predictive 
variables. The effect size values indicated moderate to large practical impacts, with vibration and 
temperature showing the strongest influence on predictive performance. Regression coefficients 
confirmed positive and statistically significant relationships between these variables and failure 
prediction. The integrated model gain demonstrated a large overall effect size, indicating substantial 
improvement over single-source models. The relatively low standard errors suggested stable and 
reliable estimates. These findings confirmed that integrated modeling not only improved prediction 
accuracy but also produced meaningful and quantifiable effects on maintenance performance 
outcomes. 
Visual Representation of Results 
The visual analysis of results provided additional clarity and supported the quantitative findings by 
illustrating trends, distributions, and comparative model performance across different system 
components. Graphical representations revealed consistent patterns in condition monitoring variables, 
where line plots indicated gradual degradation trends prior to fault occurrence, particularly in 
vibration and temperature signals. These temporal trends confirmed the capability of predictive models 
to identify early-stage anomalies. Comparative bar chart analysis demonstrated that integrated models 
consistently achieved higher performance metrics than single-source models across all components. 
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Distribution plots further highlighted the separation between normal and faulty operating conditions, 
with fault states exhibiting wider variability and higher dispersion in key variables. The visual findings 
reinforced the statistical results by showing clear distinctions in model behavior and system 
performance. Overall, the graphical representation validated the effectiveness of integrated condition 
monitoring by providing intuitive evidence of improved predictive accuracy, earlier fault detection, 
and enhanced system reliability. 
 

Table 9: Comparative Model Performance Visualization Data 
 

Component Type Integrated Accuracy (%) Single-Source Accuracy (%) Error Reduction (%) 

Turbines 94.2 83.5 27.1 

Generators 92.8 82.1 26.4 

Transformers 89.7 79.8 23.8 

Auxiliary Sys. 87.3 77.5 22.5 

 
Table 9 presented numerical values used in graphical comparisons of predictive model performance 
across different power plant components. The integrated model consistently showed higher accuracy 
across all components, with turbines and generators achieving the highest performance improvements. 
Error reduction percentages further confirmed that integrated models significantly minimized 
prediction errors compared to single-source approaches. The variation across components reflected 
differences in data quality and operational complexity. These values supported the graphical bar chart 
representations, clearly illustrating the superiority of integrated modeling. The results demonstrated 
that performance improvements were consistent and measurable, reinforcing the reliability of 
integrated predictive maintenance systems. 
 

Table 10: Distribution Analysis of Key Monitoring Variables 
 

Variable Normal Mean Fault Mean Normal Std. Dev. Fault Std. Dev. 

Vibration (mm/s) 4.20 6.75 1.15 1.95 

Temperature (°C) 65.30 78.90 6.40 9.10 

Electrical Load (%) 70.10 81.50 10.20 13.40 

 
Table 10 summarized the distribution characteristics of key condition monitoring variables under 
normal and faulty operating conditions. Fault states consistently exhibited higher mean values and 
greater variability compared to normal conditions, indicating increased instability during equipment 
degradation. Vibration and temperature showed the most pronounced differences, highlighting their 
importance in fault detection. The higher standard deviation in fault conditions suggested wider 
fluctuation and irregular behavior prior to failure. These numerical patterns supported the distribution 
plots by clearly illustrating the separation between normal and faulty states. The findings confirmed 
that integrated monitoring variables provided strong discriminatory power for predictive maintenance 
models. 
DISCUSSION 
This study demonstrated that integrated modeling of condition monitoring data significantly enhanced 
predictive maintenance performance across electrical power plant systems, aligning with the broader 
body of literature that emphasizes the value of multi-source data fusion. Earlier studies have 
consistently highlighted that traditional single-source monitoring approaches are limited in their ability 
to capture complex fault dynamics, particularly in systems where degradation arises from interacting 
mechanical, thermal, and electrical processes (Gangsar & Tiwari, 2020). The findings of this study 
reinforced this perspective by showing that integrated models achieved higher predictive accuracy, 
improved early fault detection, and reduced prediction errors. Compared to earlier research that 
reported moderate improvements through basic data integration techniques, this study revealed a 
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more substantial performance gain, suggesting that advancements in machine learning and data 
preprocessing have strengthened the effectiveness of integrated approaches.  

Figure 12: Integrated Predictive Maintenance Modeling Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Furthermore, the ability of integrated models to maintain consistent performance across multiple 
components supports previous assertions that predictive maintenance systems must be adaptable to 
diverse operational environments. However, this study extended earlier work by quantitatively 
demonstrating the magnitude of improvement, particularly in terms of error reduction and detection 
lead time. This contribution is important because prior research often focused on conceptual 
advantages without providing detailed comparative metrics (Islam et al., 2020). The findings therefore 
provided stronger empirical validation for integrated predictive maintenance frameworks, confirming 
that combining multiple condition monitoring variables offers a more comprehensive and reliable 
representation of system health. This alignment with existing studies, combined with enhanced 
quantitative evidence, underscores the growing importance of integrated data modeling in modern 
industrial maintenance strategies. 
The variation in predictive performance across different power plant components observed in this 
study was consistent with earlier research that emphasized the influence of system complexity and data 
quality on model effectiveness (Li et al., 2019). Previous studies have suggested that turbines and 
generators typically yield higher predictive accuracy due to their well-defined operational patterns and 
the availability of high-frequency sensor data. The findings of this study supported this claim, as 
turbines and generators exhibited superior model performance compared to transformers and auxiliary 
systems. This consistency reinforced the understanding that data richness and signal clarity play a 
critical role in predictive maintenance outcomes. However, this study also highlighted that auxiliary 
systems, despite being less frequently analyzed in earlier research, present unique challenges due to 
their variable operating conditions and less structured monitoring environments. This observation 
expanded on previous literature by emphasizing the need to include auxiliary systems in predictive 
maintenance frameworks to achieve comprehensive plant-level reliability. Additionally, the study 
confirmed earlier findings that operational stability influences predictive performance, with models 
performing more effectively under stable load conditions (Yang et al., 2019). This result aligned with 
prior work that identified load variability as a source of noise and uncertainty in predictive modeling. 
By quantifying these differences, the study provided deeper insight into how system-specific 
characteristics affect predictive accuracy, thereby extending the existing literature and highlighting the 
importance of context-aware modeling strategies in industrial applications. 
The findings of this study strongly supported earlier research that identified data quality and feature 
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engineering as critical determinants of predictive maintenance success. Previous studies have 
emphasized that noise, missing values, and inconsistent data can significantly degrade model 
performance, often leading to unreliable predictions (Hira & Gillies, 2015). This study confirmed these 
observations by demonstrating that effective preprocessing, including noise reduction and feature 
extraction, contributed to improved model accuracy and stability. The importance of vibration and 
temperature variables observed in this study was also consistent with earlier findings, which identified 
these parameters as primary indicators of mechanical and thermal degradation. However, this study 
extended the existing literature by quantitatively showing the extent to which these variables 
contributed to predictive performance, accounting for a significant proportion of model explanatory 
power. Furthermore, the results highlighted the benefits of dimensionality reduction and feature 
selection in enhancing model efficiency, supporting previous claims that redundant or irrelevant 
features can hinder predictive accuracy (Bahadure et al., 2017). The study also reinforced the 
importance of handling imbalanced datasets, as fault events were relatively rare compared to normal 
conditions. This finding aligned with earlier research that identified class imbalance as a major 
challenge in predictive maintenance modeling. By integrating these aspects into a unified analytical 
framework, this study provided a more comprehensive understanding of how data quality and feature 
engineering influence predictive outcomes, thereby strengthening and expanding upon prior research 
in this area (Amershi et al., 2019). 
The application of machine learning and artificial intelligence in this study demonstrated significant 
improvements in predictive maintenance performance, supporting earlier studies that have 
highlighted the potential of these technologies in industrial applications (Zhao & Du, 2016). Previous 
research has shown that supervised learning models are effective in fault classification and regression 
tasks, while unsupervised methods are valuable for anomaly detection. The findings of this study 
confirmed these observations, with classification models achieving high accuracy and regression 
models providing reliable estimates of equipment health. Additionally, the study supported earlier 
claims that deep learning approaches are particularly effective in handling high-dimensional data, 
although their complexity may pose challenges in terms of interpretability and computational 
requirements (Weimer et al., 2016). This study extended previous work by demonstrating that 
integrated machine learning models, which combine multiple data sources, offer superior performance 
compared to models based on single data streams. The results also highlighted the importance of model 
validation and optimization techniques, such as cross-validation and parameter tuning, in achieving 
reliable and generalizable outcomes. This finding was consistent with earlier research that emphasized 
the need for rigorous model development processes. By providing detailed quantitative evidence of 
model performance improvements, this study contributed to the growing body of literature supporting 
the use of advanced analytics in predictive maintenance, while also addressing some of the limitations 
identified in previous studies (Horn et al., 2019). 
The statistical analysis conducted in this study confirmed that the observed improvements in predictive 
maintenance performance were both statistically significant and practically meaningful, aligning with 
earlier research that emphasized the importance of combining statistical validation with effect size 
analysis. Previous studies have often focused on statistical significance without adequately addressing 
the practical implications of predictive model improvements. In contrast, this study demonstrated that 
integrated models not only achieved statistically significant results but also produced substantial effect 
sizes, indicating meaningful improvements in predictive accuracy and maintenance outcomes (Roh et 
al., 2019). This finding reinforced the argument that predictive maintenance systems should be 
evaluated based on both statistical reliability and operational impact. The reduction in prediction errors 
and improvement in early fault detection observed in this study supported earlier claims that 
predictive maintenance can enhance system reliability and reduce operational costs. However, this 
study provided a more comprehensive evaluation by quantifying the magnitude of these 
improvements, thereby offering stronger evidence of their practical significance. The results also 
highlighted the importance of selecting appropriate performance metrics, as reliance on a single metric 
may not fully capture model effectiveness (Zhong et al., 2021). By integrating multiple evaluation 
criteria, this study provided a more robust assessment of predictive maintenance performance, 
contributing to a more nuanced understanding of its benefits and limitations. 
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The findings of this study have important implications for the implementation of predictive 
maintenance systems in real-time industrial environments. Earlier research has emphasized the need 
for real-time monitoring and rapid decision-making in power plant operations, particularly in systems 
where equipment failure can have significant economic and safety consequences. This study supported 
these observations by demonstrating that integrated predictive models can provide timely and accurate 
insights into equipment health, enabling proactive maintenance interventions (Ignatov, 2018). The 
ability of integrated models to detect faults earlier than traditional approaches is particularly 
significant, as it allows for more effective planning and reduces the risk of unexpected downtime. 
Additionally, the study highlighted the importance of integrating predictive models with existing 
monitoring and control systems, a concept that has been discussed in earlier literature but often lacks 
empirical validation. By demonstrating the practical benefits of such integration, this study provided 
valuable insights into how predictive maintenance can be implemented in real-world settings. The 
results also suggested that the adoption of advanced analytics and integrated monitoring systems can 
enhance overall operational efficiency and system reliability, supporting the broader trend toward 
digital transformation in industrial maintenance (Zhu et al., 2020). 
This study contributed to the existing literature by providing a comprehensive and quantitatively 
validated analysis of integrated condition monitoring data modeling for predictive maintenance. While 
earlier studies have established the theoretical benefits of data integration and machine learning, this 
study extended those findings by offering detailed empirical evidence of performance improvements 
across multiple components and operational conditions (Li et al., 2018). The results confirmed many of 
the conclusions drawn in previous research, including the importance of data quality, feature 
engineering, and model optimization, while also addressing gaps related to quantitative evaluation 
and comparative analysis. Furthermore, the study highlighted the need for context-specific modeling 
strategies, particularly in systems with varying operational conditions and data characteristics. This 
insight builds on earlier work that has called for more adaptive and flexible predictive maintenance 
frameworks. The study also underscored the importance of balancing model complexity with 
interpretability, a challenge that has been widely discussed in the literature. By integrating these 
considerations into a unified analytical framework, this study provided a more holistic understanding 
of predictive maintenance in electrical power plant systems (Sarker, 2021). Overall, the findings 
reinforced the relevance of integrated data modeling in modern industrial maintenance and provided 
a strong foundation for future research aimed at further improving predictive accuracy, scalability, and 
practical implementation (Traverso et al., 2018). 
CONCLUSION 
This study provided a comprehensive quantitative evaluation of integrated modeling of condition 
monitoring data for predictive maintenance in electrical power plant systems, demonstrating its 
effectiveness in enhancing predictive accuracy, operational reliability, and maintenance efficiency. The 
findings confirmed that integrating multiple data sources, including vibration, thermal, and electrical 
parameters, significantly improved fault detection capability and reduced prediction error compared 
to single-source approaches. The study also highlighted that integrated models were capable of 
identifying early-stage degradation patterns, thereby enabling proactive maintenance interventions 
and minimizing unexpected downtime. Component-level analysis revealed that predictive 
performance varied across system types, with turbines and generators showing higher accuracy due to 
more structured and high-frequency sensor data, while auxiliary systems required more context-
specific modeling strategies. The results further emphasized the importance of data quality, 
preprocessing, and feature engineering in ensuring model reliability, as well as the need to address 
challenges such as data heterogeneity, class imbalance, and computational complexity. Statistical 
analysis demonstrated that the observed improvements were both statistically significant and 
practically meaningful, supported by substantial effect sizes and consistent performance gains across 
multiple evaluation metrics. Additionally, the study underscored the value of combining machine 
learning techniques with integrated data frameworks to handle complex, high-dimensional industrial 
datasets. From a practical perspective, the integration of predictive models with real-time monitoring 
systems was shown to enhance decision-making processes and support more efficient maintenance 
planning. Overall, the study contributed to the growing body of knowledge on predictive maintenance 
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by providing robust empirical evidence of the advantages of integrated condition monitoring systems. 
It reinforced the need for advanced data-driven approaches in modern industrial maintenance and 
highlighted the potential for further improvements through continued development of scalable, 
interpretable, and context-aware predictive models. 
RECOMMENDATION 
Based on the findings of this study, it is recommended that electrical power plant operators and 
industrial maintenance stakeholders adopt integrated condition monitoring frameworks as a standard 
approach for predictive maintenance implementation. The demonstrated improvement in predictive 
accuracy and early fault detection indicates that reliance on single-source monitoring systems should 
be progressively replaced with multi-sensor data integration strategies that capture the complex 
interactions among mechanical, thermal, and electrical processes. It is further recommended that 
organizations invest in robust data acquisition infrastructures, including high-quality sensors and real-
time monitoring platforms, to ensure the continuous availability of reliable and high-resolution data. 
Emphasis should also be placed on advanced data preprocessing and feature engineering techniques, 
as these were shown to significantly influence model performance and predictive reliability. In 
addition, maintenance systems should incorporate adaptive machine learning models capable of 
handling dynamic operational conditions and evolving system behavior, particularly in components 
with high variability such as auxiliary systems. The study also suggests that organizations should 
prioritize the development of standardized data formats and interoperable platforms to address 
challenges related to data heterogeneity and system integration. Furthermore, it is recommended that 
predictive maintenance models be integrated with existing supervisory control and operational 
decision systems to enable real-time maintenance planning and rapid response to emerging faults. 
Training and capacity building for technical personnel should also be considered essential, ensuring 
that maintenance teams can effectively interpret model outputs and make informed decisions. Finally, 
future research and industrial practice should focus on improving model generalization, scalability, 
and interpretability to enhance practical applicability across diverse operational environments. By 
implementing these recommendations, organizations can achieve more efficient, reliable, and cost-
effective maintenance strategies, ultimately improving the sustainability and performance of electrical 
power plant systems. 
LIMITATIONS 
Despite the comprehensive scope and robust quantitative approach of this study, several limitations 
were identified that may influence the generalizability and interpretation of the findings. One key 
limitation relates to the dependency on the quality and completeness of the available condition 
monitoring data, as the accuracy of predictive models is inherently constrained by the reliability of 
sensor-generated inputs. Although preprocessing techniques were applied to address missing values, 
noise, and inconsistencies, residual data imperfections may have affected model performance to some 
extent. Additionally, the dataset was derived from specific electrical power plant systems, which may 
limit the applicability of the findings to other industrial contexts or facilities with different operational 
configurations, equipment types, or monitoring infrastructures. The presence of class imbalance, 
characterized by fewer fault instances compared to normal operational data, also posed challenges for 
model training and evaluation, potentially influencing classification performance despite mitigation 
strategies. Another limitation concerns the use of machine learning models that, while effective in 
predictive accuracy, may exhibit reduced interpretability, making it difficult for maintenance 
practitioners to fully understand the reasoning behind certain predictions. Furthermore, computational 
complexity associated with integrated modeling approaches may limit scalability in environments with 
constrained processing resources or real-time requirements.  
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