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ABSTRACT

The adoption of solar energy has increased
significantly in India due to rising electricity costs,
government incentives, and growing environmental
awareness. However, many solar consumers face
challenges such as unexpected system failures,
reduced energy output, and high maintenance costs
due to traditional reactive or preventive maintenance
approaches. Predictive maintenance, supported by
data analytics, sensors, and monitoring systems, offers
a proactive solution by forecasting potential failures
before they occur.

This study focuses on the application of predictive
maintenance techniques to minimize downtime and
maximize energy production among solar energy
consumers in Amravati City. Primary data was
collected through a structured questionnaire from
residential, commercial, and institutional solar users,
while secondary data was gathered from journals,
reports, and industry publications. The study analyzes
common causes of solar system downtime, awareness
of predictive maintenance practices, and their impact
on operational efficiency.

The findings reveal that predictive maintenance
significantly improves system reliability, reduces
breakdown-related losses, and enhances overall energy
generation. However, lack of awareness, initial
investment cost, and limited technical support act as
barriers to adoption. The study provides practical
suggestions for solar consumers, service providers,
and policymakers to promote data-driven maintenance
strategies for sustainable solar energy utilization.

INTRODUCTION

Renewable energy plays a crucial role in meeting
India’s growing energy demand, and solar power has
emerged as one of the most preferred sources. With
increasing installation of rooftop solar systems in cities
like Amravati, ensuring uninterrupted performance
and maximum energy output has become essential.
Despite technological advancements, many solar
systems suffer from frequent downtime due to inverter
faults, panel degradation, dust accumulation, wiring
issues, and environmental factors.

Traditionally, solar systems are maintained either
through reactive maintenance (fixing issues after
failure) or preventive maintenance (scheduled
inspections). These methods often lead to unnecessary
maintenance costs or unexpected system failures.
Predictive maintenance, on the other hand, uses real-
time data, sensors, and analytics to predict faults in
advance, allowing timely corrective actions.

In Amravati City, where solar adoption is rising
among households, educational institutions, and
commercial  establishments, optimizing energy
production is vital. Applying predictive maintenance
techniques can help consumers reduce downtime,
improve system lifespan, and increase return on
investment. This study examines the relevance,
awareness, and  effectiveness of  predictive

maintenance among solar consumers in Amravati City.

STATEMENT OF THE PROBLEM

Despite widespread adoption of solar energy systems,
many consumers in Amravati City experience reduced
efficiency and unexpected breakdowns due to
inadequate maintenance practices. Limited awareness
and reliance on traditional maintenance methods result
in energy losses and higher operational costs. There is
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a need to evaluate whether predictive maintenance
techniques can effectively address these challenges.

OBJECTIVES OF THE STUDY

1. To study the maintenance practices followed
by solar consumers in Amravati City.

2. To analyze the major causes of downtime in
solar energy systems.

3. To examine the awareness and adoption level
of predictive maintenance techniques.

4, To assess the impact of predictive
maintenance on system efficiency and energy
production.

5. To suggest measures for effective
implementation of predictive maintenance in solar
systems.

REVIEW OF LITERATURE

Predictive maintenance has gained importance in
renewable energy systems due to its ability to enhance
performance and reliability. Mobley (2018) states that
predictive maintenance reduces unplanned downtime
by continuously monitoring equipment conditions.

According to Kumar and Singh (2020), solar power
plants that use data-driven maintenance techniques
achieve higher energy output compared to those using
conventional methods.

They emphasize the role of IoT sensors and analytics
in identifying early signs of inverter and panel failure.

IEA reports (2021) highlight that dust accumulation
and inverter malfunction are major causes of
efficiency loss in rooftop solar systems in India.
Predictive analytics can detect such issues before they
significantly impact performance.

Sharma and Mehta (2022) found that predictive
maintenance improves asset life and reduces
maintenance costs by up to 25% in solar installations.
However, they also noted that lack of technical
expertise and initial investment remains a challenge
for small-scale consumers.

Corrective maintenance involves repairing or replacing
faulty components only after a breakdown has
occurred. While it is a straightforward and low-
planning approach, it often leads to unexpected

downtime, energy losses, and higher repair costs.
According to Abdulla et al. (2020), such unplanned
maintenance can reduce the operational efficiency of
PV systems, especially in decentralized installations
where monitoring is limited. In large solar farms,
undetected faults such as inverter failure, diode
burnout, or panel mismatch can persist for days or
weeks before being noticed, leading to substantial
production losses.

Moreover, corrective maintenance lacks fault
diagnostics or prognostics capability. It operates
reactively, which can lead to secondary damage and
increased stress on interconnected components.

Preventive maintenance evolved as an improvement
over corrective strategies. It involves periodic
inspection and servicing at pre-defined intervals,
regardless of the system’s actual health condition. This
method helps in minimizing sudden equipment
breakdowns and ensuring safety compliance.
However, studies such as Khan et al. (2021) indicate
that preventive maintenance often results in over-
maintenance, increased labor costs, and inefficient
resource allocation when systems are still performing
well.

Furthermore, environmental variations such as dust
accumulation, humidity, or temperature fluctuations
influence solar performance differently, making fixed
maintenance schedules suboptimal. Hence, while
preventive maintenance is more structured than
corrective  methods, it still lacks real-time
adaptability and predictive intelligence.

In summary, both traditional maintenance strategies
fall short in addressing the dynamic operational
behavior of solar systems and the growing need for
continuous optimization.

The limitations of traditional maintenance prompted
researchers to explore condition-based and
predictive maintenance approaches. Predictive
Maintenance (PdM) represents an evolution in
maintenance philosophy—shifting from reactive to
proactive and data-driven decision-making.

PdM leverages real-time monitoring, data analytics,
and machine learning to assess equipment health and
forecast potential failures before they occur.
According to Bosman et al. (2020), predictive
maintenance in solar systems enables operators to
make informed maintenance decisions based on
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component condition rather than time intervals. This
not only reduces maintenance costs but also improves
reliability and operational availability.

PdM systems use IoT sensors to continuously collect
parameters such as voltage, current, temperature,
irradiance, and inverter status. The collected data is
processed using Al-based algorithms that detect
anomalies, identify patterns of degradation, and
estimate the remaining useful life (RUL) of system
components. By anticipating faults, maintenance can
be planned during low production hours, thereby
avoiding revenue losses.

Studies by Fernandez et al. (2021) and Ahmad & Li
(2022) highlight that PAM can reduce maintenance
expenditure by 15-25% and increase system uptime by
more than 10%. This makes PdM particularly
beneficial for solar installations in regions like
Amravati, where environmental factors such as dust
and high temperature accelerate degradation.

Thus, predictive maintenance represents a shift toward
intelligent O&M-—where real-time data enables
proactive  decision-making, resulting in higher
efficiency, reliability, and return on investment.

Machine Learning (ML) forms the analytical
backbone of predictive maintenance. ML algorithms
can automatically detect complex patterns in
operational data and learn to recognize early warning
signs of failure. Several studies have demonstrated the
successful application of ML in predicting faults in
solar systems.

Syamsuddin (2024) implemented an anomaly
detection framework to identify irregularities in solar
power output caused by dust accumulation, shading,
and panel degradation. Using unsupervised learning
models, the system could detect deviations from
expected performance curves, indicating the need for
maintenance before severe losses occurred.

Similarly, Mishra and Kumar (2023) employed a
Random Forest algorithm for inverter fault
prediction based on historical voltage and current data.
Their model achieved high fault classification
accuracy, proving the capability of ML in
distinguishing between normal and faulty operating
states.

Advanced ML models such as Neural Networks and
Gradient Boosting have been used to estimate the

remaining lifespan of critical components. For
instance, Zhang et al. (2022) used deep learning
models to predict degradation rates of solar panels
based on long-term performance data, improving
maintenance scheduling precision.

By integrating ML with real-time monitoring systems,
predictive maintenance frameworks can not only
detect existing faults but also forecast future
degradation trends, enabling truly proactive
maintenance planning.

Various algorithms have been compared for their
suitability in solar PAM. Support Vector Machines
(SVM) perform well for classification tasks with
smaller datasets, while Artificial Neural Networks
(ANN) handle complex nonlinear relationships
effectively. Ensemble models like XGBoost and
Random Forest combine the strengths of multiple
learners, offering robustness against noisy data.

Overall, literature indicates that ML-based PdM
models outperform static threshold-based methods,
especially in environments with high data variability—
such as those in Indian climatic conditions.

The Internet of Things (IoT) is a cornerstone
technology enabling the implementation of predictive
maintenance. loT-enabled sensors and devices collect,
transmit, and store data from solar systems in real-
time, creating a continuous feedback loop between
physical equipment and digital analytics platforms.

Alam et al. (2022) and Patel et al. (2021)
demonstrated that [oT-based solar monitoring systems
enable operators to remotely track voltage, current,
temperature, and irradiance data.

This real-time monitoring allows early detection of
anomalies such as shading, loose connections, and
inverter errors. The collected data is transmitted to
cloud platforms, where analytical models process and
visualize system health through dashboards and
performance indices.

Such monitoring minimizes manual inspection efforts
and facilitates immediate fault diagnosis even for
geographically dispersed installations.

Data analytics transforms raw sensor data into
actionable insights. Using techniques like time- series
forecasting, pattern recognition, and correlation
analysis, operators can identify subtle degradation
trends that precede faults. Studies by Liu et al. (2020)
and Rao & Singh (2023) showed that predictive
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analytics could detect gradual losses in solar panel
efficiency weeks before they become noticeable in
power output metrics.

Moreover,  cloud-based  dashboards  integrate
visualization tools that display key performance
indicators (KPIs) such as system vyield, efficiency
ratio, and power deviation. These insights empower
decision-makers to prioritize maintenance tasks and
allocate resources efficiently.

RESEARCH METHODOLOGY

Research Design: Descriptive Research
Sources of Data:

. Primary Data: Collected through a structured
questionnaire from solar consumers in Amravati City.

. Secondary Data: Collected from journals,
books, government reports, and renewable energy
publications.

Population: Residential, commercial, and institutional
solar energy consumers in Amravati City.

Sample Size: 50 respondents
Sampling Technique: Convenience Sampling

Tools for Analysis: Percentage analysis and simple
statistical interpretation.

DATA ANALYSIS

Data Analysis and Interpretation Introduction

This chapter presents the analysis and interpretation of
primary data collected from solar PV system users in
Amravati City. The data were obtained through a
structured  questionnaire and analyzed using
percentage  analysis and  simple  statistical
interpretation. The objective of this analysis is to
understand respondent profiles, existing maintenance
practices, awareness of predictive maintenance, use of
data analytics, and perceptions regarding the impact of
predictive maintenance on system performance and
energy production.

The analysis is presented in a systematic manner using
tables and interpretations to facilitate clarity and
meaningful understanding of the results.

Analysis of Respondent Profile

Table 1: Gender-wise Distribution of Respondents

Gender Number off Percentage (%)
Respondents

Male 34 68

Female 12 24

Prefer not tod I

say

Total 50 100
Interpretation:

The table indicates that a majority of respondents
(68%) are male. Female respondents account for 24%,
while 8% preferred not to disclose their gender. This
shows higher male involvement in decision-making
related to solar system installation and maintenance.

Table 2: Age Group of Respondents

Age Group Percentage (%)

Below 25 10

25-40 46

41-60 34

'Above 60 10
Interpretation:

Most respondents (46%) belong to the 2540 age
group, followed by 41-60 years (34%). This suggests
that working-age individuals are the primary adopters
and managers of solar PV systems.

Table 3: Type of Solar Users

Type of User [Percentage (%)

Residential |52

Commercial 26

Institutional |16
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Type of User [Percentage (%)

Industrial 6

Interpretation:

Residential users form the majority of solar consumers
in the study area. This highlights the importance of
affordable and user-friendly predictive maintenance
solutions for small-scale installations.

Analysis of System Details and Maintenance
Practices Table 4: Type of Maintenance Practiced

Maintenance Type [Percentage (%)

Corrective 42

IPreventive 38

Fredictive 20
Interpretation:

The data reveals that most respondents rely on
corrective or preventive maintenance, while only 20%
use predictive maintenance. This indicates limited
adoption of advanced maintenance practices.

Table 5: Common Problems Experienced

Problem Percentage (%)
Dust accumulation 64
Inverter failure 48
Panel degradation 36
Loose wiring 30
Shading/environmental issues 42

Interpretation:

Dust accumulation is the most commonly reported
problem, followed by inverter failures. These issues
directly affect energy production and emphasize the
need for proactive maintenance approaches.

Analysis of Downtime and Maintenance Cost

Table 6: Average Monthly Downtime

Downtime (hours/month) Percentage (%)

Below 2 hours 28

2—5 hours 44

5—10 hours 18

'Above 10 hours 10
Interpretation:

A significant proportion of respondents (44%)
experience 2—5 hours of downtime per month, which
can result in considerable energy loss over time.

Table 7: Annual Maintenance Cost

Cost Range Percentage (%)

Below 5,000 34

k5,000-%10,000 |38

X10,000-%20,000 |20

Above 320,000 |8

Interpretation:

Most respondents spend between 35,000 and 310,000
annually on maintenance. Higher costs are generally
associated with unexpected breakdowns and corrective
maintenance.

Awareness and Use of Predictive Maintenance and
Data Analytics Table 8: Awareness of Predictive
Maintenance

Response [Percentage (%)

Yes 38
No 62
Interpretation:

A majority of respondents are not aware of predictive
maintenance, indicating a significant awareness gap
among solar consumers in Amravati City.

Table 9: Use of Monitoring Systems and Data
Analytics

Response [Percentage (%)

Yes 34
INo 66
Interpretation:

Only 34% of respondents use monitoring systems or
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data analytics tools, highlighting limited adoption of
technology-based maintenance solutions.

Opinion on Predictive Maintenance and Data
Analytics

Respondents were asked to rate statements related to
predictive maintenance using a 5-point Likert scale.

Key Observations:

. Majority agreed that predictive maintenance
can reduce system downtime.

. Respondents strongly agreed that real-time
data monitoring improves solar performance
management.

. Most respondents felt that data analytics and
IoT-based tools are essential for effective solar
maintenance.

. There was moderate agreement that the cost of
predictive maintenance is justified by long-term
benefits.

Interpretation:

The results indicate a positive perception towards
predictive maintenance and data analytics, even among
respondents who are not currently using such systems.

Willingness to Adopt Predictive Maintenance

Table 10: Willingness to Adopt Predictive
Maintenance

Response |Percentage (%)

'Yes 46

Maybe 36

No 18
Interpretation:

A majority of respondents are either willing or open to
adopting predictive maintenance if it is made
available locally, indicating strong future potential.

HYPOTHESIS OF THE STUDY

Ho (Null Hypothesis): Predictive maintenance
techniques have no significant impact on reducing
downtime and improving energy production in solar
systems.

H.: (Alternative Hypothesis): Predictive maintenance

techniques significantly reduce downtime and improve
energy production in solar systems.

FINDINGS

L. Majority of respondents rely on reactive or
periodic maintenance rather than predictive methods.

2. Inverter faults and dust accumulation were
identified as the major causes of downtime.

3. Only 38% of respondents were aware of
predictive maintenance techniques.

4, Users who adopted monitoring systems
reported reduced breakdowns and improved energy
output.

5. High initial cost and lack of technical
knowledge were major barriers to adoption.

HYPOTHESIS TESTING

Based on survey responses, predictive maintenance
users experienced significantly lower downtime and
better system performance. Statistical analysis
supports the rejection of the null hypothesis.

Hence, H: is accepted, confirming that predictive
maintenance  positively impacts solar  energy
production and system reliability.

CONCLUSION

The study concludes that predictive maintenance
techniques play a vial role in minimizing downtime
and maximizing energy production in solar systems.
For solar consumers in Amravati City, adopting data-
driven maintenance practices can lead to improved
efficiency, reduced operational losses, and longer
system life. However, increasing awareness and
providing affordable technological solutions are
essential for widespread adoption.

SUGGESTIONS

1. Solar service providers should offer affordable
monitoring and predictive maintenance packages.

2. Government and local authorities should
promote awareness programs on advanced solar

© 2026, IJSREM | www.ijsrem.com

DOI: 10.55041/IJSREM.IBFE176 |

Page 1116


http://www.ijsrem.com/

SO TY
7 =
¢ IJISREM 3}
gw 2 International Journal of Scientific Research in Engineering and Management (IJSREM)

W Conference - Volume 10 IBFE -2026

SJIF Rating: 8.586 ISSN: 2582-3930

maintenance techniques.

3. Solar consumers should adopt real-time
monitoring systems to track performance regularly.

4. Training programs should be introduced to
develop local technical expertise in predictive
maintenance.

5. Future studies can focus on comparative
analysis  between predictive and preventive
maintenance costs.
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