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Abstract

Ensuring the reliability and efficiency of power plants in Libya requires advanced
predictive maintenance strategies. Traditional reactive and preventive approaches often fail
to prevent unplanned downtime and inefficiencies in modern power systems. This study
applies machine learning (ML) techniques, including K-Nearest Neighbors (KNN), Support
Vector Machines (SVM), and Random Forest, to sensor and historical operational data for
predicting maintenance requirements. Comparative evaluation demonstrates that Random
Forest achieves superior accuracy (100%) and robustness, while SVM attains high accuracy
(93.7%) but shows minor limitations in distinguishing normal and abnormal operational
states. The results indicate that ML-based predictive maintenance can significantly reduce
unexpected downtime, enhance operational efficiency, and optimize maintenance planning,

offering a data—driven alternative to conventional approaches.

Keywords: Predictive Maintenance, Machine Learning, Random Forest.
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1. Introduction

The relentless pursuit of operational efficiency and cost reduction has
long been a challenge facing industrial and manufacturing strategy (Grace,
2025). Traditional maintenance philosophies, particularly reactive (operation—
to—failure) and preventive (preventive) maintenance, have proven increasingly
inappropriate in the modern industrial landscape, often leading to unforeseen
downtime, over utilization of spare parts, and unnecessary maintenance
interventions  (Mitchell, et al., 2025). Predictive maintenance represents a
transformational maintenance strategy that leverages real-time data from
sensors and historical records to estimate equipment condition and accurately
predict when maintenance will be performed (Ullah, Hayat, Jhatial, & Yousuf,
2025). Unlike preventive maintenance, which operates on fixed schedule.
Traditional maintenance faces many significant challenges, primarily due to the

complexity and scope of the systems involved.

Traditional methods often rely on manual inspections based on personnel
expertise and scheduled maintenance based on the lifespan of systems and
equipment, which can be inefficient and error prone. One of the major
difficulties is the inability to accurately predict equipment failures in advance,
relying on historical data and predetermined time periods that may not consider
real-time operating conditions or subtle changes in equipment behavior. This
can lead to unnecessary maintenance or unexpected failures, both of which are
financially costly and disruptive (Hu, 2025), (Kusumaningrum, Kurniati, &

Santosa, 2021).
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Another challenge facing power plant systems is the massive volume of
data they generate, which exceeds the capabilities of traditional technologies
for effective processing and analysis. This makes it difficult to detect patterns
or anomalies that may indicate potential failures. Traditional methods also lack
the flexibility to adapt to changing data, limiting the improvement of forecast
accuracy over time (Marangis, et al., 2024). Furthermore, traditional predictive
maintenance techniques do not integrate well with modern loT and sensor
technologies, which provide real-time monitoring and data collection. This
limits the ability to fully leverage the full potential of these technologies to make
more accurate and timely maintenance decisions (Khamfoy, Klomwises, &
Srianomai, 2025), (Meribout, Saied, & Al Hosani, 2018).

This study presents a novel predictive maintenance framework for power
generation systems, overcoming critical limitations of conventional preventive
and reactive strategies. These traditional approaches impose significant
economic and operational burdens through unplanned downtime and
productivity losses. We develop a machine learning model, trained on
operational plant data, for strategic fault detection. This model forms the core
of a practical predictive maintenance system designed to enhance forecasting
accuracy, mitigate unexpected equipment failures, and optimize maintenance

scheduling, thereby substantially improving plant reliability and productivity.
2. Related Works

Ahmed Adel Sayed, Tagian Mohammed and Yasmine Ali Shalabidra
(2025) studied the Sabiya Steam Power Plant in Kuwait and developed a
predictive maintenance framework utilizing machine learning techniques. The
study focuses on anticipating maintenance needs by examining critical
operating characteristics such as temperature and pressure. operating hours,
flow rate, and alarm signals. The methodology relied on preprocessing the data

and dividing it into training and test data. Predictive models were then trained
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using SVM and KNN algorithms, in addition to building a neural network using
TensorFlow and comparing them with the improved version, TensorFlow Lite.
The results showed that the SVM algorithm achieved the best performance
with an accuracy of (.95, while KNN achieved an accuracy of (0.93. However,
the ensemble model (SVM+KNN) did not outperform SVM alone. A comparison
between TensorFlow and TensorFlow Lite demonstrated that both achieve the
same level of accuracy (0.95), but TensorFlow Lite is distinguished by its small
size (25KB) and high speed (0.13ms), making it more suitable for applications
on resource—constrained devices. The importance of this study lies in its
provision of a practical framework applicable in a real-world operational
environment. However, it was limited to a limited set of operational variables
and was tested only on a single station, which may limit the possibility of

generalizing its results to other stations (Grace, 2025).

Amir Hossein Baradaran (2025) did research to create a model for
predicting diagnosis of electric motor health using supervised learning
algorithms. The researcher employed a quantitative methodology based on
genuine data from 1,050 industrial maintenance reports, which included
characteristics including temperature, current intensity, coil resistance, and
acoustic condition.  Various statistical and intelligent models were used,
including Naive Bayes, logistic regression, k—NN, Random Forest, and SVM
(with different kernels). XGBoost, LightGBM, and CatBoost, with performance
evaluated using precision, recall, specificity, and F1 coefficient metrics. The
results showed that the CatBoost model outperformed other models with an
accuracy of 92.86%, outperforming other models due to its ability to handle
categorical data efficiently and reduce overgeneralization. The study's
advantages include its reliance on actual industrial data, the diversity of the
compared models, and the use of comprehensive evaluation criteria, which
enhances its reliability and industrial applicability. However, its limitation to one

type of engine (160kW capacity) and the sample size limit the generalization of
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the results to other types of engines or different operating environments
(Mitchell, et al., 2025).

B. Dhana Laxmi and G. Sai Chaitanya Kumar (2024) did a study to
improve the efficiency of solar power plants through predictive maintenance
and defect detection using machine learning algorithms. The researchers used
a quantitative methodology employing public data from the Kaggle platform,
which contained more than 3,000 samples of sensor data (ambient
temperature and module temperature), as well as power. generation data. The
data was analyzed using Weka 3.8.6, employing Gaussian Processes, Linear
Regression, and SMOreg algorithms, in addition to meta—classifiers such as
Bagging, Random Committee, and Random Subspace, and evaluated using
correlation coefficient, mean square error (MSE), and root mean square error
(RMSE). The results showed that the SMOreg algorithm achieved the highest
correlation coefficient (0.9796) and the lowest RMSE (0.0605), while the
metaclassifiers were characterized by faster model building (less than one
second) compared to other algorithms. The study's advantages include its use
of realistic data and its evaluation of a variety of algorithms, including meta—
classifiers that strike a balance between accuracy and speed, enhancing its
practical applicability in solar power plant management. However, limiting the
analysis to two main variables (ambient temperature and module temperature)
and not incorporating other environmental variables such as solar radiation or
wind speed is a major limitation of the model's comprehensiveness (Ullah,

Hayat, Jhatial, & Yousuf, 2025).

Pacheco et al. (2024) presented a study aiming at establishing
predictive indicators for power transformers using machine learning algorithms
to reduce breakdowns and downtime expenses. The researchers used a
quantitative approach with two data sets: chromatographic data from public
databases to develop the Chromatographic Assay Indicator (CAl), and

operational sensor data from a major electricity company’s SCADA/EMS
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system to develop the Electrical Failure Risk Indicator (EFRI). The Random
Forest approach was chosen after testing it against various algorithms such as
SVM and FURIA, as well as data processing techniques (cleaning, SMOTE
balance, and feature calibration), and model evaluation using precision, AUC,
and recall measures. The results showed that CAl surpassed traditional
dissolved gas analysis (DGA) methods, with an accuracy of 92.2% and a 19-
percentage point difference from the best conventional approach. EFRI also
achieved an accuracy of 95.4% and an AUC of around 89% on test data,
indicating a strong capacity to anticipate failures before they occur. The
research has several advantages, including the integration of genuine industry
data with public databases and the production of two integrated indicators to
assist maintenance decision—makers. CAl's limitations include its reliance on a
small number of gases available in public databases, as well as the complexity
of the data balancing process due to the rarity of failure instances, which may
alter the results' applicability to varied operating conditions (Xu, Zhao, & Yu,

2025).

Deshmukh et al. (2024) presented a study aimed at developing an
integrated predictive maintenance framework that combines machine learning,
Internet of Things (loT), and self-attention techniques to improve the reliability
and efficiency of industrial motors in power plants. The researchers adopted a
quantitative methodology based on collecting operational data from three
industrial motors across 34 datasets containing more than 10,000 sensory data
points (temperature, vibration, current), 500 historical maintenance records,
and 100 actual failure cases. Advanced machine learning algorithms were
applied, most notably Long Short-Term Memory (LSTM) with self-attention
mechanisms and optimization techniques such as Adam Optimization, with
performance evaluated using precision, recall, F1, and Mean Squared
Logarithmic Error (MSLE) criterion. Results across ten replicated experiments

showed an average accuracy of 86.3%, recall of 84.5%, and an F1 coefficient
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of 86.2%, demonstrating the reliability of the proposed framework in predicting
failures early and guiding maintenance strategies. The advantages of the study
include the integration of multiple data sources (sensory, historical, and actual
faults), the adoption of advanced techniques such as self-attention, which
improves prediction accuracy, and the real-time applicability of loT devices.
Limitations include the limited sample size (only three engines) and the high
complexity of the models, which may make their practical application on a large
industrial scale difficult (Ade & Sheriffdeen, 2024).

Kundacina et al. (2024) presented a study aimed at developing a new
framework for detecting operational anomalies in thermal power plants with the
aim of enhancing predictive maintenance and reducing unplanned breakdowns.
The researchers adopted a quantitative approach using simulation data for a
20 MW Rankine cycle power plant model. More than 600,000 samples were
collected, distributed among training, calibration, and test data, which included
normal operating conditions and four simulated failure conditions (low pump
efficiency, condenser fouling, low cooling water flow rate, and high steam
temperature at the boiler outlet). Anomaly detection algorithms (Isolation
Forest, One—Class SVM, Local Outlier Factor) were used as a basis, and the
Conformal Anomaly Detection (CAD) technique was applied with statistical
modifications to adjust the false positive rate. The results showed that the
proposed framework reduced the false positive rate to 0.0995 using the Simes
modification, while maintaining high sensitivity (recall 0.8913) and an overall
accuracy of 89.9%, outperforming traditional methods that suffered from a high
false alarm rate (exceeding 65% in the case of Isolation Forest without tuning).
A notable advantage of the research is that it presents the first application of
CAD in the context of predictive maintenance of thermal power plants with
formal statistical guarantees, in addition to its real-time applicability without the
need for manual threshold calibration. Limitations include its reliance on

simulated data rather than actual industrial data, which may limit the
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generalizability of the results. Furthermore, the complexity of the statistical
framework used may pose challenges for large—scale industrial application

(Alburshaid & Al-Alawi, 2024).

Bouaziz, Cherif, and Bacha (2025) conducted a study to improve
predictive maintenance scheduling at a 10 MW solar power facility in Tozeur,
Tunisia, by merging weather data with hybrid machine learning approaches.
The researchers took a quantitative approach, employing historical climate data
(2019-2024) acquired by the Solcast API platform, which included variables
such as solar radiation, temperature, wind speed, humidity, air pressure, and
cloudiness, along with PV system performance data. The study used multiple
models: SARIMA to analyze seasonal variations in energy production,
Autoencoder to detect environmental anomalies, a hybrid framework combining
ARIMA with Isolation Forest to predict anomalies, and finally Random Forest
Classifier to generate optimal maintenance schedules based on climate
predictions and system status. The results showed that the integrated
approach improved maintenance reliability and operational efficiency, accurately
predicting seasonal declines and climatic-related failures, and suggested
maintenance schedules that reduced system downtime and extended system
life. The research's advantages include its comprehensiveness, as it integrates
realtime climate analysis with performance data and its application to a real-
world case study of a major power plant, enhancing its practical application.
However, its heavy reliance on limited historical data from a single source
(Solcast) and the lack of performance verification via real-time field operating
data remain major limitations that may limit the generalizability of its results
(Hu, 2025).

Marangis and colleagues (2024) presented a study aimed at developing
an integrated, data—driven routine for fault detection and maintenance
prediction in utility—scale photovoltaic (PV) power plants. The researchers

adopted a quantitative approach using three years of historical data from a 1.8
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MW solar plant in Larissa, Greece, which included electrical (current, voltage,
DC/AC power) and climatological (irradiance, temperature) measurements. The
framework included three main tools: XGBoost to simulate electrical system
performance, One-Class SVM to detect anomalies, and Facebook Prophet to
predict performance trends and generate maintenance alerts up to 7 days in
advance. The results demonstrated high performance simulation accuracy
(nRMSE < 5.4%), a high fault detection efficiency of 96.9%, a predictive
sensitivity of 92.9%, and an overall accuracy of 99.4% with limited false
alarms. The study's advantages include its integration of statistical modeling
and machine learning algorithms, and its reliance on real, large—scale
operational data, which enhances its reliability and industrial applicability.
However, limitations include its reliance on data from a single site within a
specific climate, in addition to the challenges of real-time application, which
requires the development of a continuously updated digital twin model
(Marangis, et al., 2024).

Remaining Global Research Challenges in Predictive

Maintenance

Although significant advances were noticed in terms of predictive
maintenance using machine learning through multiple generation systems,
research challenges remain globally. First, many studies highly depend on
limited datasets from single sites or specific equipment, therefore restricting the
general aspect of predictive models to other environments or plants (Marangis,
et al., 2024), (Bouaziz, Cherif, & Bacha, 2025). Second, integrating different
data sources, including historical maintenance records, environmental variables
and loT sensors, remain an overlooked and complicated process, and this
limits the ability to develop entirely adaptive tools. Third, the imbalance in
handling class and rare failure events continue to be a significant challenge. It
is known that most of the ML models tend to underperform on infrequent but

significant operational anomalies (Kusumaningrum, Kurniati, & Santosa, 2021).
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Finally, scalability and real-time implementation of predictive maintenance
models in industrial environments reflect practical difficulties, and this includes
data streaming, model restraining requirements and computational constraints.
Identifying those challenges reflect a key direction for future research, to
ensure that predictive maintenance systems can achieve accurate, strong and

scalable performance on a global scale.
3. Experimental Setup

In the experimental setup, five key operational parameters were
considered: temperature, pressure, operating hours, flow rate, and alert signals
from the boiler feed pump. The boiler feed pump plays a vital role in power
plants by transferring water from the feed tank to the boiler, thereby
maintaining appropriate water levels and pressure against internal steam
pressure, which is essential for steam generation and power production. These
parameters were selected due to their critical impact on system reliability and
operational efficiency, as monitoring them allows early detection of deviations
from normal conditions that may indicate potential faults or maintenance needs

(Marangis, et al., 2024).

For practical implementation, maintenance requirements were
categorized into four states: normal, abnormal, early maintenance, and annual
maintenance, enabling prioritization of corrective actions based on severity and
urgency. The categorical outputs were further encoded using label encoding to
facilitate processing by machine learning algorithms (Khamfoy, Klomwises, &
Srianomai, 2025).

3.1.0perational Parameters & Data Collection

This research identified five key operational parameters — temperature,
pressure, operating hours, flow rate, and boiler feed pump alert signals — as
essential for analysis. These variables were continuously tracked through

sensor—-based monitoring. The dataset contains historical records categorized
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into four operational states: normal, abnormal, early maintenance, and annual
maintenance. To prepare the data for machine learning applications, label
encoding was employed to transform the categorical states into numerical
values. This framework establishes the groundwork for developing models
capable of identifying anomalies and forecasting maintenance requirements in

advance.
3.2.Feature Distributions

An examination of the distributions of the main operational features was
performed. The continuous variables, particularly temperature and pressure,
showed patterns close to normality, whereas flow rate and operating hours
displayed more uniform distributions. In contrast, alert signals appeared
infrequent, with only a limited number of discrete values occurring repeatedly.
Recognizing these distribution patterns is crucial for guiding both model
selection and preprocessing steps, such as normalization and standardization

(Khvostov, Asgeirsson, & Kristjansson, 2025).

Fealure Distributions in Data
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Figure 1: Distribution of operational features used for predictive maintenance

The feature distribution chart provides an overview of how the
operational variables — temperature, pressure, flow rate, operating hours, and
alert signals — are represented within the dataset. The continuous features,
particularly temperature and pressure, follow smooth distributions that

approximate normality, whereas alert signals consist of a small set of discrete
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values. Recognizing these distribution patterns is important for preprocessing
procedures such as normalization and standardization, which in turn contribute

to more effective model training.
3.3.Correlation Analysis

A correlation matrix was constructed to examine the relationships among
the features. As expected, temperature and pressure exhibited a strong
positive correlation, consistent with their physical interdependence in boiler
operations. In contrast, alert signals showed only weak associations with the
other variables, suggesting that they contribute distinct information valuable for
predictive modeling. This analysis was useful in identifying potential
redundancies and informed the process of feature selection (Umar, 2024).

Correlation Matrix
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Figure 2: Correlation matrix showing relationships between operational

features

The correlation matrix provides insight into how the features relate to one
another. Temperature and pressure exhibit a strong positive correlation,
reflecting their underlying physical relationship. By contrast, alert signals have

only weak correlations with other variables, indicating that they offer unique
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information. Identifying strongly correlated features can inform decisions on
feature selection or dimensionality reduction, helping to enhance model

efficiency and minimize redundancy.
3.4.Class Distribution

The dataset exhibited an imbalance among maintenance categories: the
abnormal class accounted for roughly 37% of the samples, early maintenance
represented 23%, while normal and annual maintenance comprised smaller
shares.

Class Distribution
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Figure 3: Distribution of maintenance classes in the dataset

The class distribution chart indicates that abnormal cases constitute
around 37% of the dataset, with early maintenance representing 23%, while
normal and annual maintenance account for smaller proportions. Such an
imbalance has the potential to bias model predictions toward the majority

classes.
4. Methodology
4.1.Data Collection & Preprocessing

The research gathered operational data from power plants, concentrating
on five primary parameters: temperature, pressure, operating hours, flow rate,
and boiler feed pump alert signals. During preprocessing, missing values were

addressed, outliers were identified and corrected, and continuous variables —
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namely temperature, pressure, flow rate, and operating hours - were
normalized to achieve consistent scaling. In addition, maintenance states
classified as normal, abnormal, early maintenance, and annual maintenance
were transformed into numerical representations through label encoding to
ensure compatibility with machine learning models. Dataset was obtained by
using Kaggle as a reference, and it consists of six columns and 1,188 rows
(Albia & lbrahim, 2025).

( )

1. Data Collection and Preprocessing

- Gather sensor data (temperature,
pressure, flow rate, operating hours, alerts).

- Clean data and handle missing values.

- Encode maintenance categories and
normalize variables.

- Split data into training and testing sets.

\. J
( ) ( )

2. Exploratory Data Analysis (EDA) 5. Model Evaluation

- Visualize feature distributions and - Testeach model on the unseen dataset.

correlations. - Evaluate using accuracy, precision, recall,

- Detect anomalies and class imbalances. and F1-score.

- Compare model performance to identify

- Refine data for model development. the best algorithm.

\. J \. J
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- Choose KNN, SVM, and Random Forest for L X .
predictive modeling. - Optimize parameters using grid search

and random search.

4. Hyperparameter Tuning
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dataset. - Fine-tune models to enhance accuracy

—— - and prevent overfitting.
- Apply cross-validation to ensure stability.

\. J

Figure 4: Simplified Flowchart of Predictive Maintenance Process
4.2.Exploratory Data Analysis (EDA)

An Exploratory Data Analysis (EDA) was carried out to examine the
characteristics of the dataset and to prepare it for subsequent modeling. The

process involved several steps:
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Feature distributions: Continuous variables, including temperature and
pressure, were assessed, showing distributions that were close to

normal, whereas alert signals appeared infrequent and discrete.

Correlation analysis: A correlation matrix was applied to identify strong
inter—variable relationships, such as the link between temperature and

pressure, which can guide feature selection.

Class distribution: The occurrence of each maintenance category was
reviewed, highlighting a class imbalance, with the abnormal class being

the most common.

4.3.Machine Learning Models

To forecast maintenance requirements, three machine learning models

were applied:

K-Nearest Neighbors (KNN): This model is a non—parametric approach
that assigns class labels by evaluating the proximity of data points within
the feature space. This method performs particularly well when the
dataset is clearly clustered, and classes are distinctly separated (Lidya,
Arif, & Dini, 2025).

Support Vector Machine (SVM): This model constructs hyperplanes to
divide different classes. Although effective in classification tasks, SVM
often requires careful parameter tuning to address issues such as class

imbalance (Rasyid, Sukmono, & Jakaria, 2024).

Random Forest: As an ensemble technique, it combines multiple
decision trees, producing aggregated predictions that enhance both
accuracy and stability. Random Forest is especially robust, showing
strong performance even with imbalanced or noisy datasets while
reducing the risk of overfitting (Kusumaningrum, Kurniati, & Santosa,

2021).

1-2620 ISSN: 3014-6266 303, (2025 jsais) «(37) 2303 (10) alaall LLLEN L) Ana



Predictive Maintenance of Power Plants in Libya Using --------------------- Basma Mohammed Albia et. a/

4.4.Model Training & Evaluation

The dataset was partitioned into separate training and testing subsets.
Model development was carried out on the training portion, while evaluation
relied on several performance metrics, including accuracy, precision, recall, and
the F1-score. To examine how each class was predicted, confusion matrices
were constructed. A comparative assessment of the results was then
performed to determine which model offered the most effective solution for
predictive maintenance applications (Kusumaningrum, Kurniati, & Santosa,

2021), (Hussien & Nemer, 2025), (Abdul Amir & Nemer, 2025).
4.5.Model Optimization

To enhance model performance, hyperparameter optimization was
carried out using both grid search and random search techniques. Model
reliability was further validated through cross-validation, which ensured the

stability and generalizability of the outcomes.
5. Results

5.1.Model Performance Metrics

5.1.1. K-Nearest Neighbors (KNN)

e Overall accuracy: 100%

e Per-class precision and recall: perfect for all four maintenance states.
e Confusion matrix: showed no misclassifications.

e Interpretation: KNN perfectly classified all samples due to clear

separation in the feature space and sufficient training data.
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Figure 5: Confusion matrix for KNN model
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Figure 6: Accuracy by class for KNN model

The KNN model attained a perfect overall accuracy of 100% on the test
dataset. It correctly identified all early maintenance and annual maintenance
cases. Only minor confusion was observed when differentiating between
normal and abnormal cases, although the dataset’s structure enabled KNN to
effectively separate the clusters. While KNN excels with clearly clustered data,

it may be prone to overfitting when applied to noisy or larger datasets.
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Figure 8: Explain TP-KNN

5.1.2. Support Vector Machine (SVM)

e Overall accuracy: 93.7%
e Per-class performance:
o Annual maintenance: Precision = 1.0, Recall = 1.0
o Early maintenance: Precision = 1.0, Recall = 1.0
o Abnormal: Precision = 1.0, Recall = 0.83
o Normal: Precision = (.77, Recall = 1.0
e Confusion matrix: Most errors were abnormal cases misclassified as
normal.
e Interpretation: SVM separated most classes well but struggled with
underrepresented or overlapping normal /abnormal samples.

Hyperparameter tuning could improve performance.
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Figure 9: Confusion matrix for SVM model
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Figure 10: Accuracy by class for SVM model

The SVM model attained an overall accuracy of 93.7%. It correctly
classified all early and annual maintenance cases and achieved 100%
precision for abnormal cases; however, 17% of abnormal samples were
incorrectly labeled as normal. These results indicate that, although SVM offers
a more generalizable modeling approach, errors in critical classes — such as
false negatives — can have significant practical implications for maintenance
applications.  Performance could potentially be enhanced through

hyperparameter tuning and the application of class weighting.
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Figure 11: Explain True vs False-SVM
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Figure 12: Explain TP-SVM
5.1.3. Random Forest

e Overall accuracy: 100%

e Per-class precision, recall, F1-score: all 1.0

e Confusion matrix: perfect classification across all four categories.

e Interpretation: Random Forest effectively dealt with feature interactions,
noise, and class imbalance, resulting in robust and generalizable

outcomes.
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Figure 13: Confusion matrix for Random Forest model

Per-Class Accuracy (Grid Best)

0.8

0.6

0.4

0.24

0.0~

na‘-\(‘ﬁ “Oﬂ(\a\

Figure 14: Accuracy by class for Random Forest model

The Random Forest model correctly classified all classes, attaining 100%
accuracy with balanced precision, recall, and F]1-score. Its ensemble design
allows it to better manage noisy or overlapping data than KNN, making it the
most reliable and practical solution for predictive maintenance in this dataset.
Furthermore, the model exhibits excellent generalizability to previously

encountered samples.
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Figure 15: Explain True vs False-RF
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Figure 16: Explain TP-RF

5.2.Comparative Model Analysis

Model Accuracy Notes

KNN 100% Perfect classification; sensitive to noise

SVM 93.7% | Robust and generalizable; some false negatives in abnormal
Random Forest 100% Robust, balanced, generalizable; ideal for practical use

Table 1: Summary of Model Comparison

1-2627 ISSN: 3014-6266 303, (2025 juads) «(37) a3al ¢(10) daall ALLaN aslall Al



Predictive Maintenance of Power Plants in Libya Using --------------------- Basma Mohammed Albia et. a/

6. Conclusion

This study looked into the use of machine learning algorithms for
predictive maintenance in Libyan power plants, with an emphasis on essential
operational metrics like temperature, pressure, flow rate, running hours, and
alert signals. The results showed that models such as K-Nearest Neighbors
(KNN) and Random Forest obtained perfect classification accuracy (100%) on
the test dataset, whilst Support Vector Machine (SVM) earned a little lower but
still high accuracy of 93.7%. An examination of per—class performance
revealed that all models were quite effective at predicting maintenance-related

events, particularly early and annual maintenance.

Nonetheless, SVM has considerable difficulties discriminating between
normal and abnormal operating states, which could lead to false negatives.
Overall, the findings show that machine learning models may accurately predict
maintenance requirements, reduce unplanned downtime, and improve
operational efficiency. The study further suggests that implementing data-—
driven predictive maintenance strategies can substantially improve plant
reliability, optimize resource allocation, and lower maintenance costs compared

with traditional reactive or preventive approaches.
7. Recommendations

Based on the results and analysis, several recommendations can be

proposed for both practical implementation and future research:

1. Model Selection: Considering the current dataset, Random Forest is
recommended as the primary predictive model due to its perfect accuracy,
balanced performance across all classes, and robustness against
overfitting. While KNN also demonstrated strong performance, it may be
less suitable for larger datasets due to scalability limitations.

2. Handling Class Imbalance: To ensure that less frequent operational

events, such as abnormal states, are accurately predicted, techniques like
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SMOTE or class weighting should be applied to address potential
imbalances in the dataset.

3. Hyperparameter Optimization: For models such as SVM, tuning
hyperparameters—such as performing a grid search for C and gamma
values—can enhance accuracy and reduce false negatives.

4. Integration with loT and Real-Time Monitoring: Incorporating real-time
data from loT sensors can strengthen predictive capabilities, facilitate
proactive maintenance decisions, and minimize unexpected equipment
failures.

5. Extended Data Collection: Expanding data collection to multiple power
plants and including additional operational variables, such as vibration,
humidity, or other environmental factors, can improve the generalizability of
predictive models.

6. Model Validation and Maintenance: Ongoing monitoring of model
performance through cross—validation and periodic retraining with updated
operational data is recommended to maintain high prediction accuracy over
time.

7. Industrial Implementation: Predictive maintenance systems based on
Random Forest or other ensemble models should be integrated into the
plant’s operational workflow to optimize maintenance schedules, reduce

downtime, and enhance safety.
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