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ABSTRACT:

For sustainable energy production, photovoltaic (PV) systems must operate dependably and efficiently. However,
flaws like dirt buildup and partial shade drastically lower PV modules' power production. This research offers a
machine learning-based fault detection framework that uses just electrical and environmental data to classify and
identify defects in PV systems in order to address this problem.

Logistic regression, decision trees, random forests, support vector machines (SVM), and artificial neural networks
(ANN) are among the supervised machine learning methods used in the suggested system.

Important characteristics including voltage, current, ambient temperature, and irradiance are included in the
dataset, which was gathered under three different operating conditions: normal operation, partial shading, and dirt
accumulation. To get the dataset ready for training and testing, data preparation methods such label encoding, data
splitting, and normalisation were used. Standard classification criteria, including accuracy, precision, recall, F1-
score, and confusion matrix, were used to assess each model's performance. The Artificial Neural Network
achieved the best accuracy, surpassing 98% precision, according to experimental data, which show that all models
performed well in identifying errors inside the same system used for training. However, models' performance
deteriorated when tested on data from a separate PV system with different features, underscoring the necessity of
system-specific model training. This study finds that when trained on pertinent system data, machine learning
models—in particular, artificial neural networks—are useful for failure identification in photovoltaic systems. The
method provides an automated, economical way to improve solar energy systems' performance and dependability.
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1. INTRODUCTION:

Photovoltaic (PV) systems are now an essential part of
contemporary power generation due to the growing
demand for clean, sustainable energy sources
worldwide. The efficiency and dependability of PV
systems become essential as the globe moves toward
renewable energy to fight environmental deterioration
and lessen dependency on fossil fuels. Although these
systems are often low-maintenance and convert
sunlight into power, their effectiveness is extremely
sensitive to external factors including physical
obstacles and environmental conditions.

Even though PV systems have advanced
technologically, flaws like partial shade, dirt buildup,
or hardware problems frequently cause performance
decrease in real-world operations. In large-scale
installations, these abnormalities frequently go
undetected and result in a significant drop in power
production, which lowers overall system efficiency
and causes energy losses. Conventional defect
detection techniques are less practical for scaling
deployments because they are either expensive,
necessitate manual inspection, or lack the accuracy
required for prompt response.

This paper suggests a machine learning-based fault
detection framework that uses solely electrical and
environmental data to accurately identify faults in
order to overcome these limitations. The system
divides operating conditions into normal, partially
shaded, and dirt-affected categories using supervised
learning methods such Logistic Regression, Decision
Tree, Random Forest, Support Vector Machine
(SVM), and Artificial Neural Networks (ANN). This
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data-driven strategy improves system reliability and
guarantees affordable, real-time issue detection. The
study emphasises the necessity of system-specific
training to sustain high performance as it investigates
the generalisability of these models across various PV
systems.

1.10BJECTIVE:

This project's main goal is to provide a dependable and
affordable machine learning-based framework that
uses solely electrical and environmental data to
identify and categorise defects in photovoltaic (PV)
systems. By precisely identifying typical problems
like partial shade and dirt collection, which have a
substantial impact on energy output, the goal is to
improve the operational efficiency and dependability
of PV installations. The research aims to identify the
best model for fault classification by utilising a variety
of supervised machine learning methods, such as
Logistic Regression, Decision Tree, Random Forest,
Support Vector Machine (SVM), and Artificial Neural
Network (ANN). The goal also includes studying
these models' generalisability across various PV
systems and assessing their performance using
common categorisation measures. By using this
strategy, the project hopes to promote the more
general objective of sustainable energy generation by
helping to develop sophisticated, automated solar
energy monitoring systems.

2. EXISTING SYSTEM:
Fault detection in conventional photovoltaic (PV)
systems is frequently carried out by hand inspections
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or hardware-based monitoring tools like current
sensors and thermal cameras. In addition to being
labour-intensive  and  time-consuming,  these
techniques necessitate substantial maintenance and
operating expenses, particularly in large-scale solar
farms. Early-stage shading or light dirt deposition are
examples of subtle or partial flaws that can
progressively impair system performance without
setting off alarms, yet conventional procedures
frequently miss them. Furthermore, the efficiency of
these systems in determining the underlying cause of
performance losses is often limited due to their lack of
intelligent fault classification capabilities.

Recent developments in data-driven technologies
have made it possible to monitor electrical outputs and
spot anomalies using statistical methods or threshold-
based rule engines. Nevertheless, these

techniques have poor accuracy and significant false-
positive rates due to their sensitivity to environmental
changes like temperature and light. Additionally, they
are frequently designed for certain system
configurations, which prevents them from being
scalable across other PV setups. An intelligent,
adaptable, and scalable solution that can precisely
identify and categorise errors in real-time without
requiring expensive hardware installations is still
desperately needed, despite considerable
improvements.

2.1 Existing System Disadvantages:

e Prone to overfitting

e Sensitivity to noisy data

e Bias toward features with more levels

e Limited ability to capture complex patterns

3. LITERATURE SURVAY:

Artificial  Intelligence in Photovoltaic  Fault
Identification and Diagnosis: A Systematic Review
Author: Mahmudul Islam et al. 2023

This systematic review analyzes 31 Al-based studies
for PV fault detection, including ML and DL methods
like K-Nearest Neighbor, Random Forest, CNN, and
RNN. It finds that deep learning approaches generally
outperform traditional ML techniques in terms of
accuracy and efficiency, and proposes an ANN-based
classification method for PV faults

Development of a machine-learning-based method for
early fault detection in photovoltaic systems Author:
Stylianos Voutsinas, Dimitrios Karolidis, Ioannis
Voyiatzis et al. 2023

This paper presents a logistic regression model (with
cross-validation) trained on a year’s worth of
irradiance, temperature, voltage, and current data from
smart PV arrays. The approach achieves 97.11%
accuracy for detecting DC-side faults (e.g., open-
circuit, short-circuit, mismatch faults), noting its low
computational cost and practicality.

4. RELATED WORK:
Machine learning approaches have been used by a
number of academics to identify and categorise faults
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in photovoltaic (PV) systems. Electrical and
environmental characteristics, including as irradiance,
ambient temperature, voltage, and current, have been
used in a variety of algorithms to detect defects such
partial shading (PS), open-circuit (OC), and short-
circuit (SC) problems. These research have shown
how ML-based methods can improve PV system
maintenance and dependability.

Many current studies concentrate mostly on
identifying electrical problems, but they fall short in
addressing problems brought on by dirt buildup on
solar panels. Shading and dirt-related problems are
combined into a single category in certain research,
which could lower classification accuracy and result
in ineffective maintenance choices. In order to provide
a more thorough understanding of PV system failures,
other researchers have expanded their analysis to
include numerous fault circumstances, such as
combinations of partial shading with open-circuit and
short-circuit faults.

Computer vision techniques have also been used in
recent developments to diagnose photovoltaic faults.
Defects using image-based data have been identified
using Convolutional Neural Networks (CNNs), k-
Nearest Neighbours (kNN) algorithms, Neuro-Fuzzy
systems, and semantic image segmentation
techniques. These methods have demonstrated
encouraging outcomes in identifying panel anomalies
and enhancing fault classification efficiency.
Furthermore, research on concentrated solar power
systems has investigated machine learning-based
structural fault identification, providing insightful
information for comparable applications in
photovoltaic systems.

Despite tremendous advancements, the performance
and applicability of current methods vary greatly.
Many studies' capacity to generalise across various PV
systems and operating situations is limited because
they depend on simulated datasets or concentrate on
particular fault types. Additionally, the ability of
models to adapt to real-world situations and the
identification of several simultaneous errors continue
to be difficult problems. These drawbacks emphasise
the necessity of strong machine learning frameworks
that can reliably identify and categorise dirt
accumulation and partial shading defects using actual
sensor data.

5. PROPOSED SYSTEM:

Using electrical and environmental characteristics, the
suggested system presents a machine learning-based
framework for automatic defect identification in
photovoltaic (PV) systems. This system uses data like
voltage, current, irradiance, and ambient temperature
to identify and categorise issues such partial shading
and dirt accumulation, in contrast to conventional
approaches that depend on hardware-based
monitoring or manual examination. The goal is to
provide a low-cost, scalable, and intelligent solution
that can lower maintenance costs while increasing
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energy production efficiency and real-time defect
detection.

Several machine learning algorithms, such as Random
Forest, Support Vector Machine, Decision Tree, K-
Nearest Neighbours, and Logistic Regression, are
applied and compared using this system. The dataset
is used to train and assess these models following
extensive data preprocessing, including cleaning,
normalisation, and encoding. Metrics including
accuracy, precision, recall, and F1-score are used to
gauge performance. Random Forest is suggested as
the best option among the assessed models because of
its high classification accuracy (more than 98% in
testing), resilience to overfitting, and capacity to
manage non-linear trends in PV system behaviour.
The intelligent defect monitoring system, which can
be expanded for use in different PV installations, will
be built around this paradigm.

5.1 Proposed System Advantages:

e Reduces Over fitting

e Works Well with Missing Data

e Handles Non-Linearity

e Resistant to Noise

6. MODULES:

MODULE EXPLANATION:

Data Collection Module:

The framework for fault detection is built on the Data
Collection Module. It entails gathering pertinent data
from photovoltaic (PV) systems with an emphasis on
environmental and electrical aspects. Voltage, current,
irradiance, and ambient temperature are important
characteristics that are crucial indications of PV
system performance. Three distinct operational
scenarios—normal circumstances, partial shading,
and dirt accumulation—are used to collect the data.
This module may rely on publicly accessible or
simulated datasets, or it may use sensors in real-world
settings. In order for the models trained in subsequent
stages to successfully learn the differences between
different fault types, accurate and representative data
collection is essential.

Data Preprocessing Module:

After being gathered, the raw data is preprocessed to
make sure it is consistent, clean, and appropriate for
machine learning model training. This module carries
out crucial tasks such encoding categorical labels into
machine-readable formats, addressing missing or
noisy values, and normalising numerical features to a
common scale. Additionally, the dataset is divided into
training and testing sets, usually in a conventional
ratio like 80:20. By lowering bias and variation in the
data and maintaining the integrity of the machine
learning pipeline, proper preprocessing enhances
model accuracy and generalisation.

Model Training Module:

The preprocessed dataset is used to train a variety of
supervised machine learning algorithms in the Model
Training Module. Logistic regression, decision trees,
random forests, support vector machines (SVM), and
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artificial neural networks (ANN) are among the
models that were chosen. Every algorithm discovers
the connections and patterns between the target labels
(fault types) and the input features. In order to reduce
classification mistakes, internal parameters are
optimised during the training phase. This module is
essential for creating reliable models that can
precisely and automatically identify various PV
system conditions.

Model Evaluation Module:

Following training, the models are assessed to see how
well they identify errors. The Model Evaluation
Module evaluates each algorithm's performance using
performance metrics like accuracy, precision, recall,
F1-score, and confusion matrix. These measurements
shed light on each model's advantages and
disadvantages, especially with regard to identifying
particular problem kinds without incorrectly
classifying them. The best-performing model (such as
an ANN) can be chosen for deployment in the fault
detection system by comparing models using a
standardised evaluation framework.

Fault Detection and Classification Module:

This module is the core component of the operational
phase, when incoming data from a PV system is
classified using the trained machine learning model. It
analyses test or real-time data to ascertain whether the
system is functioning regularly or is impacted by dirt
buildup or partial shading. This module guarantees
accurate defect detection by utilising the model with
the best evaluation performance. It makes it possible
to quickly and automatically identify problems,
minimising downtime and preserving PV installations'
energy production efficiency.

Result Visualization:

The model performance and fault classification results
are displayed graphically and tabularly in the Result
Visualisation Module. Stakeholders are assisted in
interpreting the efficacy of the system by tools such as
prediction summaries, bar charts of performance
measures, and confusion matrices. By improving the
user experience and offering transparency into model
behaviour, this module makes it simpler to identify
possible problems, comprehend system dependability,
and make data-driven choices regarding PV
maintenance and monitoring tactics.

7. TECHNIQUE USED:

7.1 EXISTING TECHNIQUE:

Manual inspections and hardware-based monitoring
tools like heat cameras, current sensors, and threshold-
based systems are the primary methods now used for
problem identification in photovoltaic (PV) systems.
By looking for abnormalities in electrical outputs like
voltage and current, these techniques usually
concentrate on finding obvious or significant defects.
However, hardware sensors need costly installation
and upkeep, while manual examinations are time-
consuming, expensive, and prone to human error.
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Furthermore, a lot of current techniques rely on 8. RESULT
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differentiating between partial shading and dirt (
accumulation. Additionally, a lot of methods are made

for particular PV system configurations and do not S

adapt well to other module features or environmental

circumstances. Because of this, they provide little -
flexibility and scalability in actual, diverse PV

installations. P

7.2PROPOSED TECHNIQUE: .

By applying machine learning (ML) techniques to —

identify and categorise PV system defects using solely ..

electrical and environmental sensor data, the e e
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including Random Forest, Support Vector Machine, Mot e e
and Logistic Regression. This data-driven method
enables automatic,

real-time defect identification with greater accuracy
and robustness by reducing reliance on expensive
hardware and manual examination.

Additionally, the suggested approach is made to be
scalable and adaptive. The system can better B
generalise across various PV setups by employing
features like voltage, current, irradiance, and ambient
temperature and training models on a variety of
datasets. Machine learning models, particularly
Random Forest, can achieve precision values
exceeding 98%, greatly improving fault classification
and enabling proactive maintenance strategies that
improve PV system reliability and energy output,
according to performance evaluation using metrics
like accuracy, precision, and recall.
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9. DISCUSSION AND CONCLUSSION:

Using solely electrical and environmental data, this
experiment shows how machine learning, namely the
Random Forest method, may be effectively used to
identify and categorise defects in photovoltaic (PV)
systems. The system effectively detects typical
problems like partial shade and dirt accumulation,
which are known to drastically lower solar energy
output, by concentrating on important factors like
voltage, current, temperature, and irradiance. The
model's accuracy and robustness under the identical
system conditions used for training are guaranteed by
the use of supervised learning and preprocessing
procedures.

According to experimental findings, the Random
Forest model offers a scalable, automated, and
economical way to improve the performance and
dependability of PV systems by classifying faults with
high accuracy. However, because model performance
can deteriorate when tested on data from various PV
systems, the experiment also emphasises the necessity
of system-specific training. All things considered, the
study supports the promise of machine learning in
intelligent solar energy management, opening the door
for proactive maintenance and intelligent defect
identification in actual PV installations.

10. FUTURE ENHANCEMENTS:

Developing a real-time monitoring system coupled
with Internet of Things (IoT) devices for real-time
data collecting from PV systems would be a
significant improvement in further versions of this
project. The system can quickly identify anomalies
and errors by using wireless sensors to continuously
monitor variables including voltage, current,
temperature, and irradiance. This reduces downtime
and boosts operational efficiency. Furthermore,
especially in remote solar farms, integrating edge
computing for initial processing at the data source
might lower latency and enable prompt failure
reactions.

Enhancing the model's ability to generalise by training
it on a variety of datasets from various hardware and
geographic  situations is another significant
improvement that will enable it to adapt to different
PV system kinds and configurations. Convolutional
neural networks (CNNs) and recurrent neural
networks (RNNs), two deep learning techniques, may
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be used to more successfully capture intricate patterns
and time-series behaviours. Additionally, the system
would be a complete solution for PV system operators
if it were integrated into a web or mobile dashboard
with performance metrics and predictive maintenance
notifications.
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