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Abstract—This study presents a method to predict how
dust collects on solar photovoltaic (PV) modules and
how this buildup lowers their electrical output. Dust
forms a barrier betweenincoming sunlight and the panel
surface, gradually reducing the amount of usable light.
To predict this decline, the proposed method includes
environmental factors like humidity, temperature, wind
conditions, and airborne particle levels into a machine
learning-based forecasting model. The system forecasts
both the rate of dust buildup and the resulting drop in
performance. This enables operators to make better
decisions about cleaning schedules and maintenance
planning. Experimental results show that dust
forecasting can notably improve the accuracy of
estimating power loss and cut unnecessary operational
costs, providing a practical way to incorporate smart
monitoring into modern PV setups.

[. INTRODUCTION

Solar photovoltaic (PV) systems are commonly used
for clean, decentralized electricity generation.
However, their real-world performance is greatly
affected by environmental conditions. Among the
many factors influencing energy yield, the gradual
accumulation of dust on PV module surfaces is one of
the most persistent issues. Even a thin layer of dust
can block incoming sunlight and decrease usable
irradiance, leading to significant drops in power
output. These losses build up quietly over time,
particularly in dry climates, areas with high dust
levels, or regions with lots of human and industrial
activity.

In many setups, the impact of dust is not easily
noticeable, which makes it hard for operators to see
when performance starts to decline. Standard
cleaning routines usually follow. set schedules rather
than actual site conditions. This often leads to either
unnecessary cleaning, raising maintenance costs, or
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delayed cleaning that results in avoidable energy loss.
Without reliable forecasting tools, finding the right
balance between cleaning frequency and power
generation is challenging.

Recent progress in collecting environmental data,
modeling the atmosphere, and using machine
learning opens new possibilities to tackle this
problem. By examining changes in temperature,
humidity, wind patterns, and airborne particle
concentrations, it is possible to predict how dust will
accumulate on PV surfaces. Predictive models allow
operators to estimate efficiency losses ahead of time
and make timely maintenance decisions rather than
relying on visual checks or fixed cleaning schedules.
This approach can enhance energy reliability, lower
operational costs, and promote smarter management
of solar plants.

The goal of this work is to create a data-driven model
that can forecast dust deposition and assess its effect
on panel performance. By combining environmental
factors with predictive algorithms, the study aims to
provide a practical solution for improving the long-
term stability and efficiency of solar PV installations.

A. Motivation

The long-term performance of solar photovoltaic
systems relies heavily on their ability to convert
sunlight into electricity efficiently. Dust buildup
creates a serious barrier to this efficiency, especially
in areas with frequent particulate emissions or
extended dry spells. Since dust accumulation happens
gradually and unevenly, operators may not always
notice performance losses in real time. Consequently,
PV panels can run significantly below optimal
conditions without prompting immediate corrective
action.

1. Traditional maintenance methods Maintenance
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methods depend on on fixed cleaning schedules,
which often do not reflect the actual rate of dust
buildup. Cleaning too early wastes resources, while
cleaning too late leads to unnecessary energy loss.
The lack of accurate forecasting tools complicates
efforts to optimize maintenance costs and energy
output at the same time.

2. Machine learning and modern environmental data
can provide a solution. By analyzing atmospheric and
meteorological data, it becomes possible to
predict dust behavior with reasonable accuracy. With
a reliable forecast, PV operators can set cleaning
schedules based on data rather than fixed routines,
leading to higher overall efficiency and lower costs.
This study aims to develop such predictive capability,
offering practical benefits for both small and large PV
installations.

B. Contributions

This research makes several important contributions
to improving the reliability and performance of solar
photovoltaic systems affected by dust accumulation.
First, it presents a predictive modeling framework
that combines  environmental factors like
temperature, humidity, wind speed, particulate matter
levels, and atmospheric visibility to estimate dust
deposition patterns on solar panels. Unlike traditional
methods that depend on visual inspections or fixed
cleaning schedules, this framework offers a dynamic,
data- driven understanding of how dust accumulates
in different conditions.

Second, the study creates a model to estimate
efficiency loss linked to predicted dust levels and
power output degradation. By quantifying how dust
buildup reduces the absorption of sunlight, this model
serves as a practical tool for evaluating real-time
performance loss. Third, it employs machine learning
techniques to improve prediction accuracy. The
study evaluates algorithms like Random Forest,
Gradient Boosting, and LSTM-based forecasting to
find the most reliable predictor for different
environmental conditions.

Fourth, the proposed system combines prediction and
efficiency estimation into a single framework that
supports intelligent maintenance scheduling for
photovoltaic installations. This approach reduces
unnecessary cleaning and minimizes energy loss
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from delays in maintenance. Finally, the research
presents experimental results that show the
effectiveness of the predictive framework compared
to existing dust-related models. Together, these
contributions lay the groundwork for developing
smarter, more efficient solar monitoring systems that
can maintain long-term energy output in dusty
conditions.

II. BACKGROUND AND FUNDAMENTALS

Dust settling on photovoltaic modules is affected by
various atmospheric and surface-related processes.
Understanding these processes is essential for
creating accurate prediction models.

Solar-Surface Interaction:

When airborne particles land on a panel, they
interfere with both direct and diffuse sunlight by
changing the path and intensity of incoming
radiation. Fine particles create a uniform haze that
softens the light, while larger dust grains block
certain areas of the module, leading to localized
shading. Even a small amount of dust can significantly
reduce usable sunlight.

Composition of Dust:

Dust consists of different materials, including mineral
fragments, industrial waste, soot, pollen, and salt
crystals. Some components react with moisture to
form adhesive layers, while others remain loosely
attached. The stickiness or ease of removal depends
largely on humidity, chemical makeup, and the
micro texture of the panel’s surface.

Environmental Drivers:

Weather conditions heavily influence how dust
accumulates. Wind can either bring in new particles
or help clear away settled dust. Humid conditions
encourage particles to stick together, whiledry
climates speedup dust transport. Seasonal changes,
like dry summers or rain after which debris is washed
away, also affect dust deposition patterns. In urban
areas, emissions and construction activities increase
the concentration of airborne particles.

Mechanism of Surface Accumulation:
Particles reach the panel through gravity, air
movement, and electrostatic forces. Once the first
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Layer forms, it becomes a base that attracts more
dust, increasing accumulation. Natural events such as
rain, storms, or strong winds can partially clear the
surface and disrupt the accumulation pattern.

Power Efficiency Reduction:

The impact of dust on power generation is not linear.
A small dust layer causes minor reductions, but as it
grows thicker, it obstructs more light. The angle of
the panels affects how easily particles slide off;
flatter setups tend to collect more dust, while tilted
panels shed dust more efficiently.

Importance of Predictive Approaches:

Since dust accumulation changes with daily weather
and local conditions, predictive modeling is a
practical way to plan cleaning schedules and reduce
energy losses. Accurate predictions help limit
unnecessary maintenance and improve long-term
photovoltaic performance.

I DUST ACCUMULATION PHYSICS AND
MATHEMATICAL MODELING

Dust settling on photovoltaic modules involves both
physical forces and environmental interactions. A
predictive model must capture these factors to
estimate how dust develops over time and its effect on
panel output.

Gravitational Settling:

Heavier particles fall more quickly toward the panel
than lighter ones. Standard settling equations link
particle size, density differences, and air properties to
their falling speed. These principles explain why
larger dust grains usually appear first on exposed
surfaces.

Wind-Induced Movement:

Wind affects dust in two ways: it can either carry
particles toward the panel or blow away dust that is
already there. Moderate winds tend to bring particles
to the surface, while strong gusts can dislodge dust.
The overall deposition depends on wind strength,
particle concentration, and moisture in the air.
Electrostatic Effects:

Photovoltaic modules can build up static electricity
from sunlight exposure and friction. Charged surfaces
attract fine dust particles, which stick firmly even in
light winds. This is especially common in dry areas

IJIRT 187846

where static buildup is more pronounced.

Growth of Dust Layer:

Dust accumulation balances deposition and natural
removal. Over time, the dust layer thickens unless
wind or rain reduces it. Treating this as a time-
dependent function allows integration into machine
learning models that track daily dust changes.

Reduction of Light Transmission:

The dust layer blocks light. As its thickness
increases, less sunlight reaches the photovoltaic cells.
This relationship follows optical attenuation
principles; as dust density rises, the received sunlight
drops sharply.

Estimating Efficiency Loss:

By comparing power from clean panels to that from
dust- covered panels, we can calculate the percentage
drop in efficiency. This metric quantifies
performance loss in different conditions and provides
a basis for comparing dust behavior at various sites.

Predictive Statistical Representation:

Environmental factors like humidity, temperature,
wind speed, particulate matter levels, and past dust
measurements are combined to estimate futuredust
levels. Machine learning models help approximate
this relationship for accurate short- term dust
forecasts under changing weather conditions..

IV. PROPOSED SYSTEM ARCHITECTURE

ML Dt
Fredcton Estimation

Figure 1 shows the complete workflow of the dust-
prediction model. Environmental data from sensors
and other sources is first processed and converted into
useful features. A machine learning model then uses
these features to predict dust accumulation levels.
The predicted dust value helps estimate power loss
and suggests cleaning or maintenance actions.
Finally, the results are displayed through a
visualization interface.

The proposed structure for predicting dust in solar
photovoltaic systems has five main functional blocks
arranged in a linear flow, as shown in Figure 1. Each
block processes data one after another, contributing
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to the predictions of dust accumulation and the
estimation of efficiency loss.

A. Environmental Sensors

This block gathers real-time environmental
parameters, including temperature, humidity, wind
speed, particulate matter (PM2.5/PM10), and solar
irradiance. These features are the primary inputs
needed for dust prediction.

B. Data Preprocessing

In this stage, raw sensor readings are cleaned and
standardized. Missing values are addressed, noise is
removed, and all input variables are adjusted to a
common time scale for consistency before training
and prediction.

C. Feature Engineering

This step extracts relevant features from the
preprocessed data, such as lag values, moving
averages, dust-related environmental indices, and
statistical patterns. This enhances model accuracy by
providing important derived inputs.

D. Machine Learning Dust Prediction

Using the engineered features, machine learning
models like Random Forest, Gradient Boosting, or
LSTM predict the expected dust accumulation level
on the solar panel surface for the next hours or days.
E. Efficiency Estimation

The predicted dust level is used to estimate the
reduction in solar panel power output. A dust-
attenuation model calculates the expected
performance loss and helps decide when maintenance
or cleaning is needed.

V. EXPERIMENTAL RESULTS AND ANALYSIS

To visualize the performance of the proposed model,
Figure 2 presents a comparison between predicted
dust density and actual measurements collected over
a 14-day period. The prediction line closely follows
the observed dust trend, confirming that the
environmental features used in the model provide
sufficient information for accurate short-term
forecasting. Minor deviations occur on days with
sudden environmental changes, which is expected in
real outdoor conditions.
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Predicted vs Actual Dust Accumulation Over Time
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Fig.2 Predicted vs Actual Dust Accumulation Over
Time.

The plot shows how closely the machine learning
model matches real measured dust levels. The
prediction curve follows the actual trend. This
demonstrates that the framework can accurately
forecast short-term dust deposition.

We evaluated the dust prediction framework using a
dataset that included environmental parameters like
temperature, humidity, wind speed, particulate matter
levels, and measuredpanel output. We assessed the
model's performance based on its accuracy in
predicting dust and its ability to estimate the resulting
power loss.

To test the dust prediction model, we tried out
various machine learning algorithms, including
Random Forest, Gradient Boosting, and LSTM. The
LSTM model performed the most consistently
because it can learn temporal patterns. The results
indicated that predicted dust levels closely matched
actual data. This suggests that the extracted
environmental features were strong indicators of dust
buildup. On average, the prediction error stayed
within acceptable limits for short-term forecasts of
24 to 48 hours.

We estimated efficiency using the model’s predicted
dust density and the optical attenuation equation. The
estimated power loss showed a strongconnection with
real panel output measurements. This confirms that
the dust prediction model can be trusted for
operational decision-making. Panels exposed to
higher levels of particulate matter showed faster
drops in efficiency, while days with rainfall clearly
boosted predicted output. This shows the model’s
ability to respond to natural cleaning events.

The results also emphasize the importance of
including multiple environmental features. Wind
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speed and direction had a significant impact on dust
buildup, while humidity was key in determining
particle adhesion. Combining these variables
improved the model’s accuracy compared to using
particulate data alone. Additionally, the prediction
model successfully identified peak dust-accumulation
periods, which matched seasonal patterns in the
dataset.

Overall, the experimental analysis shows that the
proposed framework provides accurate and reliable
predictions for dust levels and power output
degradation. These results illustrate that using
environmental data alongside machine learning can
support  better maintenance planning, lower
unnecessary cleaning costs, and improve long-term
PV system performance.

VI. COMPARATIVE AND PERFORMANCE
TABLE

To test how well the proposed dust prediction
framework works, we compared its performance with
standard baseline models. We focused on prediction
accuracy, model stability, how well it handles
environmental changes, and its practicality for real-
world solar monitoring applications. Table 1
summarizes the performance of four different
approaches: Linear Regression, Random Forest,
Gradient Boosting, and the suggested LSTM-based
model. We used metrics like Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), and
overall robustness to changing weather for our
evaluation. The results indicate that traditional linear
models struggle to capture dust behavior, while tree-
based models provide moderate accuracy. The LSTM
model consistently performs better than the others
because it can learn temporal patterns and adjust to
sudden changes in environmental factors

Table 1: Performance Comparison of Dust Prediction
Models

Model MAE RMSE Ohservations

Linear Regression 0091 0134 VWeak 2t handing nonlinear patterns

Random Forest 0038 0.097 Captures environmental interactions

Gradient Boasting 0052 0.089 (Good undsr moderate variahifty

Hendles seasanal and sudden changes

Bronnced |ETH Mo (030 067 g
Progesed LSTH Mode! 39 005 effectively

IJIRT 187846

The comparative results show that the LSTM-based
model provides the highest accuracy and best
generalization  across  various  environmental
conditions. While Random Forest and Gradient
Boosting deliver decent performance, they have
difficulties during rapid weather changes. Linear
Regression consistently performs the worst because it
cannot capture nonlinear dust behavior. These
findings confirm that the proposed framework is
suitable for real-world solar panel monitoring and
predictive maintenance systems

Integration with Existing Methods

Dust accumulation prediction in solar photovoltaic
systems has been studied through various analytical,
empirical, and sensor-based methods. Traditional
approaches mainly depend on manual inspections,
scheduled cleanings, or surface soiling sensors placed
directly on the panel. While these methods provide
real-time surface data, they often face drawbacks like
high costs, maintenance needs, and limited
adaptability to different environmental conditions.
Additionally, purely analytical models rely on
simplified dust-settling equations that struggle to
account for the complex interactions between weather
variables and airborne particles.

Recent developments have introduced weather-based
prediction models that use external environmental
data such as particulate concentration, humidity, and
wind speed to estimate dust levels. These methods
improve on manual and sensor-only approaches by
lowering the need for hardware. However, many of
these models still lack the ability to learn over time
and often do not perform well during sudden
environmental changes, like strong winds or
unexpected pollution spikes.

The proposed framework works well with existing
methods by combining environmental sensing,
empirical dust modeling, and machine learning.
Instead of depending on one type of information, the
model integrates multiple environmental data sources
to predict future dust accumulation. This hybrid
approach boosts accuracy, lowers operational costs,
and is applicable across various geographical areas.
Moreover, the system can use data from traditional
soiling sensors or current monitoring setups when
available. This enables the model to adjust
predictions when direct measurements show
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deviations from expected results. In situations where
physical sensors are impractical, the prediction model
can rely solely on environmental and weather data,
ensuring flexibility. Compared to traditional
methods, incorporating time-based learning and
environmental factors leads to a more scalable and
reliable approach for dust prediction and efficiency
estimation in solar PV systems.

VII. CHALLENGES AND FUTURE DIRECTIONS

Although the proposed dust prediction framework
shows strong performance, several challenges remain
when wusing the system in real-world solar
installations. One primary limitation is the difference
in dust composition across various geographical
areas. Particles vary in size, shape, and mineral
content, which affects how they settle on panel
surfaces and impact light absorption. Models trained
in one area may need recalibration before being
applied elsewhere. Another challenge comes from
inconsistent or noisy environmental data. Sensor
errors, missing values, and sudden weather changes
can create uncertainty in the prediction process.
While preprocessing and temporal models help
address these issues, highly dynamic environments
may still lower accuracy.

Seasonal changes pose a significant challenge as
well. For instance, monsoon rains may wash away
dust completely, while dry summer months can lead
to rapid buildup. Capturing these sudden shifts
requires ongoing model updates and integration of
broader weather patterns. Furthermore,
obtaininghigh-quality ground truth data on dust
density remains tough because manual measurement
is labor- intensiveand prone to mistakes. This limits
the sizeof labeled datasets available for training more
advanced prediction models.

Lookingahead, there are several opportunities to
improve the predictive framework. Future studies
could look into using satellite-based aerosol optical
depth (AOD) measurements to enhance dust detection
in regions with few sensors. Adding deep learning
models with spatial and temporal capabilities, such as
ConvLSTM or attention-based networks, may also
boost prediction accuracy. Another promising
direction is developing adaptive cleaning strategies
that consider economic factors like water usage,
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operational costs, and energy pricing.

Integrating Internet of Things (IoT) edge devices
offers more potential by enabling real-time dust
monitoring and localized decision-making, even in
remote solar farms. Expanding the framework to
support forecasting across multiple sites and regional
dust mapping would be beneficial for large-scale
solar projects. Overall, tackling current challenges
and exploring these future directions can significantly
improve the reliability, efficiency, and scalability of
dust prediction systems in solar photovoltaic
applications.

VIII. CONCLUSION

This work presents a predictive system that estimates
dust accumulation and its impact on solar panel
performance. By combining environmental sensor
data with machine learning techniques, the model
offers an effective way to forecast dust behavior in
different conditions. The findings show that
forecasting can greatly improve decision-making
about panel maintenance, helping operators avoid
unnecessary cleaning and preventing long-term
efficiency losses.

The study emphasizes the value of merging
environmental analytics with predictive modeling to
support the reliability of PV installations over time.
Since dust is a major factor in performance decline in
many areas, such data-driven approaches can play an
important role in boosting energy yield and reducing
the effort needed for operations. Future
improvements may include satellite data, better deep
learning methods, and large-scale deployment to
enhance dust prediction accuracy.

REFERENCES

[1T M. Mani and R. Pillai, “Impact of dust on solar
photovoltaic (PV) performance: Research status,
challenges and recommendations,” Renewable
and Sustainable Energy Reviews, vol. 14, no. 9,
pp- 3124, 3131, 2010.

[2] A. Ibrahim, “Effect of dust accumulation on the
performance of photovoltaic panels,” Solar
Energy, vol. 107, pp. 321, 327, 2014.

[3] M. S. Kaldellis and P. Fragos, “Ash deposition
impact on the energy performance of

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 7032



© November 2025 | IJIRT | Volume 12 Issue 6 | ISSN: 2349-6002

photovoltaic systems,” Energy, vol. 33, no. 9, pp.
1438, 1444, 2008.

[4] D. Goel and A. Sharma, “Dust prediction and
cleaning optimization for solar PV plants using
machine learning,” Solar Energy, vol. 199, pp.
243, 252, 2020.

[5] S. B. Kedare, P. Sharma, and S. D. Bhingarkar,
“Performance evaluation of solar PV system
under dust deposition using experimental and
ANN methods,” Energy Conversion and
Management, vol. 223, p. 113280, 2020.

[6] N. V. R. Kumar, S. Sagar, and M. Deepa,
“Soiling prediction model for solar photovoltaic
panels using environmental and particulate data,”
IEEE Access, vol. 9, pp. 99232, 99241, 2021.

[7] Y. Jiang, J. Lu, and H. Zhao, “Short-term
photovoltaic power forecasting based on LSTM
networks and environmental factors,” Applied
Energy, vol. 242, pp. 90, 103, 2019.

IJIRT 187846 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 7033



