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Abstract. The impact of pollution on the performance of photovoltaic (PV) panels and the risk of hot spots is an important issue in the context
of optimizing renewable energy systems. Dust, leaves, and bird droppings cause uneven illumination of the panel surface, leading to a decrease in
efficiency and local overheating of the cells, which can result in permanent damage. The use of Internet of Things (IoT) technology in PV panel
monitoring enables continuous tracking of pollution levels and their impact on system performance. Smart sensors located in various places and
on the drones provide real-time data on temperature and air pollution levels of various chemical compounds. The collected information is sent to
artificial intelligence-based systems, which analyze patterns and identify potential threats, such as the formation of hot spots or a drop in module
performance. Authors method, based on a proprietary structure and selection of deep LSTM network parameters, outperforms other specified
machine learning methods in terms of relative prediction accuracy for dust. Proposed algorithm also predicts more accurately than other machine
learning methods. Thermal cameras combined with Al algorithms can accurately detect temperature anomalies on the surface of the panels and
predict future problems. This allows to optimize cleaning schedule and make maintenance decisions based on actual data rather than periodic

inspections.
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1. INTRODUCTION

Drones, or unmanned aerial vehicles (UAVs), have become a
key tool in data collection in a variety of fields in recent years.
Their growing popularity comes from unique advantages such
as the ability to move quickly over difficult terrain, reach places
inaccessible by traditional methods, and relatively low operat-
ing costs compared to manned aircraft or ground-based mea-
surement systems [, 2]. Air pollution and the efficiency of
photovoltaic (PV) installations are key issues in today’s energy
transition. In both cases, drones equipped with environmental
sensors, thermal imaging cameras, and advanced Al modules
are becoming an indispensable diagnostic tool [3,4]. Their role
includes not only ongoing monitoring of the environment and
infrastructure, but also the identification of anomalies such as
microcracks, hot spots, and pollutant accumulations that affect
the degradation of the performance of the photovoltaic system.
Air pollutants such as particulate matter (PM2.5, PM10), ni-
trogen oxides (NOy) and volatile organic compounds (VOCs)
have a direct impact on human health, but also on the tech-
nological components of PV installations [5]. Particle deposi-
tion on the surface of the panels leads to shading, reducing
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their efficiency, while acidic pollutants promote microcracks
and corrosion of contacts. The efficiency of PV cells can be
reduced by up to 30% in the case of long-term contamination.
Mathematical models allow losses to be quantified. The atmo-
sphere acts as a natural “transport system” for pollutants, and
weather conditions have a major impact on their spread. Tem-
perature influences chemical reactions in the atmosphere, e.g.,
increased temperature promotes the formation of tropospheric
ozone. In high humidity, aerosol particles can absorb more wa-
ter, which affects their interaction with light and their chemical
composition. Strong winds can disperse pollutants and reduce
their local concentration, while the absence of wind causes
them to accumulate. Rain “washes” pollutant particles out of
the air, reducing their concentration. Predictive models must
take into account emission sources and their variability over
time. Traffic generates nitrogen oxides (NOy), particulate mat-
ter (PM2.5 and PM10) and other pollutants, especially during
rush hour. Power plants, manufacturing plants and factories can
emit large amounts of gases such as SO, CO;, NOy and volatile
organic compounds (VOCs). During the heating season, emis-
sions of particulate matter and CO, from coal-fired boilers, gas
boilers, and fireplaces increase. Nitrogen fertilizers and animal
husbandry contribute to emissions of ammonia (NH3), which
reacts with other pollutants to form secondary aerosols. Air
pollution varies depending on the season, so predictive mod-
els must take this into account. In winter, temperature inver-
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sions are more frequent, causing a “trap” for pollutants and
high concentrations of smog in cities. Strong sunlight in sum-
mer promotes the formation of tropospheric ozone, which can
be harmful to health. In autumn and winter, the amount of
fuel burned increases, increasing emissions of particulate mat-
ter [6,7].

The issue of PV panel efficiency and reliability is particu-
larly important due to their rapidly growing share in the energy
markets of many countries around the world. Both Al tools
supporting the assessment of the condition and soiling of PV
panels [8,9] and various algorithms for their analysis are being
tested [10]. Research related to the analysis and prediction of air
pollution [11-13] can also be found. However, there is no com-
prehensive approach to the correlation between soiling and the
energy efficiency of PV panels. The authors of the publication
proposed collecting data related to pollutants such as PM10,
PM2.5, PM4, PM1, and volatile chemical compounds HCN,
HCI, VOC, HCHO, CO, CO,, NO, and NO; using ground-based
measuring stations and sensors placed on a drone [14]. This en-
sured accurate measurements and analyses at the location of the
photovoltaic farm. The results are therefore very accurate and
correlated with the location of the devices. The level of pollution
can thus be directly related to the amount of energy produced
(using information from the PV farm’s energy system). The au-
thors then proposed an algorithm that allows for more precise
determination of trends and forecasting of changes in these pol-
lutants than in other publications [15—17]. This can be directly
correlated with the impact and effectively produced energy. To
this end, research was conducted to analyze the impact of dirt
on the operation of PV panels, which is presented in the follow-
ing chapters. The most significant contribution of the authors
is the development of a proprietary algorithm that improves the
accuracy of air pollution predictions and, at the same time, de-
termines their impact on future energy production based on field
research. The developed algorithm is based on artificial intel-
ligence tools, and the details of the solution and performance
results are presented at the end of the publication [18].

2. METHODOLOGY
2.1. Hot-spots and dust

The hot-spot phenomenon is one of the most serious threats
to the durability of PV panels. It occurs when part of the cell
is shaded, dirty, or damaged, causing local overheating. The
causes of hot spots can include partial shading of the panel
(e.g., by leaves, bird droppings, branches), uneven dirt on the
cell surface, or mechanical damage (e.g., microcracks). This can
result in local overheating of the module (even above 150°C),
which can cause permanent damage to the cell structure, leading
to its degradation [18, 19]. The long-term effect is a reduction
in the efficiency of the entire panel or a risk of fire in the PV
installation. An example photo of a panel showing both the effect
of dirt and shading, taken by the authors, is shown in Fig. I.
This photo was taken with a FLIR C5 thermal imaging camera.
Photo 2, taken by the authors, shows the thermal effect of only
10 minutes of exposure (during irradiation at 1120 W/m?2. In

Fig. 2. Hot-spot from shadow, taken by the authors

this example, dirt from excrement was simulated by sticking a
3 x3 cm piece of black adhesive tape. The rest of the module
reached a temperature of 109°C, which can pose a real threat.
The above examples clearly show that the impact of dirt, es-
pecially spot dirt, can be significant for the proper operation and
safety of PV panels. It should also be noted that dirt has a signif-
icant impact on the entire active surface of photovoltaic devices.
The greater the accumulation, the lower the energy production.
To explain the scale and magnitude of these relationships, graphs
are presented in Figs. 3 and 4. Figure 3 shows the output cur-
rent of a single photovoltaic panel consisting of 66 modules
connected in series. The nominal voltage is 38—40 V, the peak
current is 8 A, and the nominal power is 250 W. The panel di-
mensions are 985 X 1985 mm. The measurements were taken un-
der variable sunlight conditions (a sunny day with partial cloud
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Fig. 3. Current vs irradiance

cover and strong winds in the upper atmosphere). Importantly,
the irradiance, current and voltage were measured simultane-
ously using a PV-dedicated meter, ensuring full-time correla-
tion between all parameters. Thanks to the dynamic changes in
sunlight, it was possible to record the electrical characteristics
of the panel across almost the entire range of irradiance levels
typical for the tested location (Rzeszéw, Poland).

The measuring device was a SONEL PVM-1020 meter ded-
icated to PV panel measurements, together with an IRM-1 irra-
diance sensor. The device ensured synchronous measurement
of irradiance, temperature, short-circuit current and voltage,
which guarantees the comparability of the results despite nat-
ural fluctuations in sunlight. Figure 4 shows the effect of the
decrease in energy production due to the increasing amount
of contamination. In this experiment all electrical parameters
(irradiance, short-circuit current, voltage and module tempera-

0 25 50 75 100 125 150 175

Dust [g/m?]

Fig. 4. Power via dust

ture) were recorded using this measurement setup, ensuring full
time correlation between all measured quantities. The test was
designed as a controlled case study illustrating the trend of per-
formance degradation with increasing contamination. The tests
were carried out on a sunny and cloudless day, ensuring the sta-
bility of the measurements. Each portion of sand was weighed on
a scale with an accuracy of 1 g and then evenly spread over the
entire surface of the PV panel using a sieve. This test simulated
the increasing amount of pollution on PV panels from natural
sources over a long period of time. Their impact on the amount
of energy produced is very clear, which is why it is so important
to properly analyze and correlate pollution levels with energy
production, maintenance, cleaning, and forecasting. It can also
be supported by Al tools [20]. Table 1 lists all recorded val-
ues from the measuring device. The simulations were based on
the standard single-diode photovoltaic model with series and

Table 1
Influence of pollution on PV performance

No. Irradiance Temperature Voltage Short circuit Ie STC Pollution Pf)wer.considering
[W/m?] [°C] [V] current [A] [g/m?] irradiance [kW]
1 128 16.6 37.9 1.13 8.9 0 0.335
2 125 15.4 38.7 1.23 9.91 0 0.381
3 137 154 38.8 1.29 9.48 25 0.365
4 140 15.1 38.8 1.28 9.09 50 0.355
5 143 154 38.8 1.28 9.00 75 0.347
6 145 15.0 38.8 1.26 8.73 100 0.337
7 146 14.7 38.8 1.22 8.40 125 0.324
8 146 14.6 38.8 1.14 7.83 150 0.303
9 145 14.3 38.7 1.06 7.37 175 0.283
10 142 14.7 38.6 1.03 7.35 200 0.280
11 137 14.9 38.4 0.95 6.93 225 0.266
12 132 15.1 383 0.87 6.66 250 0.252
13 127 15.3 38.2 0.83 6.55 275 0.250
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shunt resistances. The current-voltage relationship of the PV
module was obtained by numerically solving the implicit diode
equation (1):

ViR ) _V+IR, "

1=1L—10(em—1
Rsh

which was implemented using an iterative Newton-Raphson
scheme by the authors. The model parameters (photocurrent,
saturation current, diode ideality factor, series and shunt resis-
tances) were calibrated to match the nominal characteristics of
the tested 250 W module. Contamination was represented as a
proportional reduction of the photocurrent, reflecting the de-
crease in effective irradiance on the cell surface. The hot-spot
scenario was simulated by increasing the series resistance to
emulate the effect of a locally overheated or damaged cell. This
modelling approach is widely used in photovoltaic analysis and
enables the full I-V and P-V characteristics to be evaluated under
different degradation conditions.

Table 2 describes tests illustrating the impact of various types
of dirt, such as sand, soil, excrement, and natural dirt from dusty
trees. This chart is for illustrative purposes only, to show how
important it is to forecast the impact of these factors on planned
maintenance work for photovoltaic farms.

Table 2
Data on irradiance and power
No. | Irradiance Power Description
(kW]

1 983 0.242 | at an angle of 30 degrees

2 981 0.318 | natural dirt

3 997 0.323 | clean with droplets, after washing

4 998 0.317 | clean, dry

5 1003 0.313 | mist of water

6 1002 0.274 | ash

7 1006 0.320 | partial ash

8 1015 0.189 | large amount of sand

9 1015 0.264 | small amount of sand
10 1020 0.316 | remnants of sand after rain
11 1005 0.324 | dusting with clay
12 1005 0.323 | simulation of small droppings
13 1016 0.298 | simulation of large droppings
14 1039 0.257 | small amount of black soil
15 1045 0.317 | single soil contaminations
16 1069 0.311 | sand 50 g/m?
17 1020 0.313 | sand 75 g/m?
18 1080 0.313 | clean, shaded pointwise

Simulation tests were also performed in the MATLAB envi-
ronment (2024b) to illustrate (Fig. 5) the effect of various con-
tamination on the current-voltage characteristics over the entire

range [21]. The measurement data described above was used to
perform the simulations [22]. Similar results can be observed in
the work of other scientists [8].

I-V Characteristics of PV
T T T

—

Current [A]

Normal panel
[ |==——10% Pollution|
30% Pollution|
Hot-spot

0 I I I I I I I
0 5 10 15 20 25 30 35 40
Voltage [V]

Fig. 5. Simulated I-V characteristics of PV panel

2.2. System-level modeling strategy

Unlike studies that focus solely on optimizing a standalone
predictive model, the proposed methodology adopts a system-
oriented modeling strategy. The LSTM predictor is embedded
within a unified processing pipeline comprising synchronized
multi-source data ingestion, deterministic feature engineering,
lag-structure generation, cyclic temporal encoding, standardized
normalization, and automated evaluation procedures. This de-
sign ensures methodological consistency across all compared
algorithms (LSTM, RF, SVR, CatBoost, k-NN), thereby elim-
inating variability introduced by heterogeneous preprocessing
strategies. By enforcing identical input representations and val-
idation splits, the proposed framework isolates the true model-
ing capacity of sequential and non-sequential learners. Conse-
quently, the contribution lies not only in predictive performance,
but in establishing a reproducible and controlled benchmarking
environment suitable for operational deployment.

2.3. Structured feature-configuration framework

To systematically evaluate the influence of information structure
on forecasting performance, a variant-based feature configura-
tion framework was introduced. Instead of relying on a single
predefined input set, multiple pollutant—meteorological-energy
variable combinations were constructed and evaluated under
identical temporal conditions. This controlled feature-variant
strategy enables:

e sensitivity analysis of the predictor to exogenous variables,

e identification of dominant information contributors,

e robustness assessment across heterogeneous environmental

scenarios.
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Such structured exploration of the feature space extends beyond
conventional model comparison studies, where the input con-
figuration is typically fixed. The proposed approach therefore
contributes at the modeling-strategy level by explicitly quanti-
fying how input structure interacts with temporal learning mech-
anisms.

2.4. Model selection rationale (LSTM vs. SOTA models)

Although Transformer-based architectures, Temporal Convo-
lutional Networks, and N-BEATS models have demonstrated
strong performance in large-scale time-series benchmarks, their
advantages are most evident in high-volume datasets and compu-
tationally intensive training regimes. In the considered medium-
sized environmental dataset (4 296 hourly observations), LSTM
provides a favorable balance between predictive accuracy, com-
putational efficiency, and deployment feasibility. Given that pol-
lution forecasting represents one component of a broader IoT-Al
operational system, model selection was guided by robustness
and scalability rather than exhaustive architectural optimization.

3. DATA ACCURACY

Raw data was recorded as character strings containing sensor
identifiers and corresponding measurement values, e.g., AP,
0003, 2 =2, 4 =581, 6 =149, 8 =50... Before the measure-
ment data could be used to train predictive models, it had to be
properly prepared [23]. The data from the sensors and measur-
ing stations contained measurement errors, incorrect or missing
values, which had to be removed or replaced. This was espe-
cially true for incomplete readings or transmission disruptions
during flight [24]. In order for the data to be used effectively
by machine learning models, it was standardized or normalized.
This included unifying measurement units and aligning value
ranges, which facilitates neural network processing and reduces
the impact of scale variability. The dataset was then divided
into three subsets—training, validation, and testing—to enable
effective model training, hyperparameter tuning, and objective
performance evaluation, for example, in tasks such as air pollu-
tion classification or environmental hazard prediction [25].
The dataset covers the period from October 2025 to March
2026 and consists of 4296 hourly observations collected from
two environmental monitoring stations. Each record contains
18 input features, including three temporal variables, nine air
pollution indicators, and six atmospheric parameters. No miss-
ing or erroneous measurements were detected in the dataset;
therefore, no imputation procedures were required. Basic de-
scriptive statistics (minimum, maximum, mean, and standard
deviation) were calculated for the five target pollutants (PM10,
PM2.5, NO,, CO, and O3), which are predicted based on all in-
put features, and are reported in Table 3. These statistical values
were calculated based on the entire data set. Temporal variables
exhibiting cyclical behavior (e.g., hour of day, day of month)
were encoded using sine and cosine transformations to preserve
periodic continuity. The dataset was divided into three mutually
exclusive subsets: 70% training, 10% validation, and 20% test-
ing data (859 records). A forward-chaining (time-series split)

Bull. Pol. Acad. Sci. Tech. Sci., vol. 74, no. 3, p. €158305, 2026

Table 3
Basic descriptive statistics for the five target pollutants (real data)

Pollut. Min Max Mean Std

[ng/m’] | [ng/m’] | [ug/m’] | [ug/m’]
PM2.5 0.600 180.27 26.809 18.032
PM10 3.600 194.28 29.693 23.547
O3 1.060 127.79 36.012 21.096
NO, 3.175 119.72 21.982 13.224
CO 0.140 41.330 0.497 0.485

strategy was applied to preserve chronological order and pre-
vent information leakage from future observations. To ensure
strict control over data leakage, all preprocessing operations,
including normalization and sequence construction for machine
learning and LSTM models, were fitted exclusively on the train-
ing dataset and subsequently applied to the validation and test
sets. Continuous features were normalized using linear Min—
Max scaling to the interval [0, 1]. Cyclical sine/cosine features
were not further scaled, as their values are naturally bounded.
List of input (explanatory) factors for the model:

day of the year,

day of the week,

time (hour, minute),

nitrogen oxides NO,, (ug/m?),

carbon monoxide CO (ug/m?),

nitrogen oxide NO (ug/m?),

nitrogen dioxide NO, (ug/m?),

particulate matter PM10 (pug/m?),

particulate matter PM2.5 (ug/m?),

organic chemical compound CgHg (benzene),

sulfur dioxide SO; (ug/m?),

ozone O3 (ug/m?),

air temperature (°C),

wind speed (km/h),

cloud cover (%),

pressure (hPa),

rainfall (mm).

4. Al MODELS EVALUATION

Artificial intelligence tools are used to solve a wide variety
of problems. They must therefore be optimized for a specific
purpose and data set in order to achieve the best possible results
[26-28]. Selection of the optimal machine learning algorithm
for a prediction task, e.g., forecasting pollution levels (PM10)
based on input data (PM2.5, PM10, temperature, time of day)
or detecting environmental anomalies. The selection process is
based on multiple simulations, data analysis, and evaluation of
model performance in the context of the specific task [29]. The
choice of the appropriate algorithm depends on [8]:
e Data type: Continuous (e.g., PM10 measurements) or cate-
gorical (e.g., classification of environmental alerts).
e Nature of the task: Regression (prediction of continuous val-
ues), classification (assignment to categories) or time series
analysis (forecasting over time).
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e Data complexity: Linear or non-linear relationships, noise
in the data, missing values.

e Operational requirements: Prediction speed, model inter-
pretability, computational resources.

e Evaluation metrics: For regression — MSE (Mean Squared
Error), RMSE, MAE; for classification — accuracy, preci-
sion, sensitivity, F1-score.

Below are the most commonly used algorithms, their charac-
teristics, and potential applications in the context of pollution
prediction from data collected, for example, by drones [17]:

e Linear regression — The model assumes linear relationships
between input variables and the target. Simple and inter-
pretable. Prediction of continuous values, e.g., PM10 levels
based on PM2.5 and temperature, when the relationships are
linear [30].

e Decision trees — A model based on hierarchical decisions,
dividing the data space into regions based on feature values.
Classification (e.g., pollution alerts: low/medium/high) or
regression [31].

e Random Forest — A set of multiple decision trees that av-
erages their predictions, reducing the risk of overfitting.
Regression or classification in tasks with non-linear rela-
tionships and noise in the data. High accuracy, resistance to
overfitting, support for large data sets [32].

e Support Vector Machines (SVM) — A model that maximizes
the separation margin between classes (classification) or fits
a hyperplane (regression). Classification (e.g., anomaly de-
tection) or regression in small and medium-sized data sets.
Anomaly detection in drone data (e.g., sudden increase in
PM2.5) [33].

e Convolutional Neural Networks (CNN) — Specialize in ana-
lyzing spatial data, such as images or grid data. Processing
visual data from drones (e.g., images of pollution, dam-
age) [34].

e Lasso regression — An extension of linear regression with
L1 regularization, eliminating less important features. Re-
gression in data with many variables, some of which may be
irrelevant.

e Holt method (Holt-Winters) — A time series forecasting
method that takes into account trends and seasonality. Fore-
casting pollution in data with clear time patterns (e.g., daily
or weekly cycles). Predicting daily PM10 fluctuations in
cities.

4.1. Model selection process

e Data analysis: Determining the type of data (continuous,
categorical, time series) and its characteristics (linearity,
noise, missing values).

e Model testing: Conducting experiments with different algo-
rithms on a validation set, comparing metrics (e.g., RMSE
for regression, F1-score for classification).

e Hyperparameter tuning: Use techniques such as Grid Search
or Random Search for the best models.

e Evaluation on a test set: Select the model with the best
performance and generalization on unseen data.

e Consideration of operational context: For drones, prediction
speed (e.g., real-time) and resilience to changing conditions
may be critical [16].

Our method is based on an LSTM model structure specifi-
cally designed for time series forecasting, taking into account
complex temporal dependencies. The key element of our ap-
proach is a multi-layered LSTM architecture that combines care-
fully selected components, ensuring both the ability to capture
long-term dependencies in the data and resistance to overfit-
ting [16, 17].

The model structure consists of the following layers:

e The first LSTM layer with a ’tanh’ activation function, re-
turning sequences, which allows the transmission of com-
plete temporal information to subsequent layers.

o A Dropout layer following the first LSTM layer, which ran-
domly deactivates a portion of neurons, reducing the risk of
overfitting and improving model generalization.

e A second LSTM layer, also with a "tanh’ activation function,
but with half the number of units, enabling efficient com-
pression of information and further processing of temporal
features.

¢ Another Dropout layer, reinforcing model regularization.

e Two Dense layers with ’tanh’ activation, which gradually
reduce the dimensionality of the data, preparing it for the
final prediction.

¢ A final Dense layer, generating a single output value corre-
sponding to the predicted target variable.

This structure was optimized using a systematic grid search,
testing various configurations of the number of neurons, dropout
rates, optimizers, and other parameters. The model incorporates
input data such as weather parameters and pollutants, enhancing
its ability to model complex environmental dependencies.

All parameters were searched using the grid method. List of
parameters of the Author’s model, search ranges in the form of
a list of values:

e Number of delayed factor values (n_steps): [1,2,3,6, 12,
24]

e Number of neurons in the LSTM layer (units): [32, 64,

100, 128, 200, 256, 512]

Number of training epochs: [60, 100]

Batch size: [8, 16, 32, 64, 128]

Dropout rate (dropout_rate): [0.0, 0.1, 0.2]
Optimizer: [adam, rmsprop, sgd]

4.2. Metrics

When evaluating the effectiveness of predictive models, it is
crucial to use appropriate quality metrics. Mean Square Error
(MSE) is commonly used to evaluate model accuracy, Mean Ab-
solute Error (MAE) provides a more intuitive interpretation of
results, and Mean Absolute Percentage Error (MAPE) is par-
ticularly useful for comparing models. Mean Squared Error
computes the average squared difference between actual and
predicted values. It penalizes larger errors more heavily — equa-
tion (2).

1 ¢ 0
MSE—;;(%_)’:) . 2

Mean Absolute Error calculates the average absolute difference
between actual and predicted values. It provides better unit in-
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terpretability (e.g., pg/m> for pollution measurements) — equa-
tion (3).

1 n
MAE=;ZI]|yi—yi|. 3)

Mean Absolute Percentage Error expresses error as a percentage
of the actual value, facilitating comparisons across models and
scales. It is useful for evaluating accuracy across different mod-
els but can be sensitive to very small actual values, potentially
leading to high MAPE — equation (4).

yi— i

1 n
MAPE = ;Z o

i=1

’ X 100%. “)

The Relative Percentage Error (RPE) measures the total abso-
lute difference between predicted values y; and actual values
y; as a percentage of the total actual values. It is commonly
used to evaluate the accuracy of forecasting or regression mod-
els—Ilower values indicate better performance — equation (5).

219 =il
2 il

4.3. Time-series cross-validation

RPE = x 100% . (5)

To assess the robustness of the forecasting model under tem-
poral constraints, a five-fold time-series cross-validation pro-
cedure based on a forward-chaining strategy was applied. The
dataset was iteratively split into sequential training and valida-
tion folds, ensuring that each validation subset strictly followed
the corresponding training data in time. This approach provides a
more realistic evaluation for time-dependent environmental data
and prevents information leakage from future observations. The
cross-validation results for the LSTM model across all target
pollutants are reported in Table 4.

The results presented in Table 4 demonstrate consistent pre-
dictive performance across all analyzed pollutants under five-
fold time-series cross-validation. For PM 10, the model achieves
an MAE of 4.890 + 1.773 pg/m® and an R? of 0.804 £ 0.106,
indicating a stable and satisfactory level of explanatory power
under temporal validation constraints. The relative error mea-
sures (MAPE = 17.817% + 3.791; RPE = 15.915% + 3.684)
remain within an acceptable range for environmental forecast-
ing tasks characterized by inherent variability. Similarly, PM2.5
exhibits strong performance (0.817 £ 0.163) with relatively low

dispersion of error metrics, indicating good temporal general-
ization. NO, shows slightly higher variability (R2 = 0.766 +
0.162), yet maintains stable error levels across folds. For Os,
the model achieves an MAE of 4.74 + 0.506 pg/m2 and an R?
of 0.812 + 0.143, confirming comparable explanatory power
to particulate pollutants. Although the relative percentage error
is higher (MAPE = 25.805% + 4.841), this is consistent with
the inherently greater temporal variability and nonlinear atmo-
spheric dynamics of ozone. Importantly, the low standard de-
viation of MAE confirms stable performance across validation
folds, while the second relative error metric (RPE = 14.016%
+ 2.379) remains within an acceptable range. Overall, the rel-
atively small standard deviations across metrics confirm stable
generalization performance under forward-chaining validation.
The results indicate that the proposed forecasting framework
maintains robustness across multiple pollutant types despite dif-
fering physical and chemical behavior patterns.

5. RESULTS

The authors’ method achieves an optimal balance between
model complexity and generalization capability, as confirmed
by minimizing MAE, MAPE, RPE, MSE errors and max-
imizing the R? coeflicient compared to other publications
[15-17,29,32,35]. The effectiveness of the method is demon-
strated through air pollution forecasting, as shown in Tables 6
and 7. They are also compared in graphs on Figs. 6 and 7. The
author’s model best parameters for five input type was shown in
Table 7.

The author’s model best parameters for five input types was
shown in Table 7. The comparative results of the proprietary al-
gorithm with several other selected algorithms (CatBoost, KNN,
RF, and SVM) for the selected example of PM10 particulate
matter are presented in Table 5.

To verify the statistical significance of the observed perfor-
mance differences, bootstrap-based hypothesis testing was con-
ducted. Five forecasting accuracy metrics were evaluated for
each of the five target pollutants (PM10, PM2.5, NO,, CO,
and O3). For each metric, confidence intervals were estimated
using repeated bootstrap resampling, allowing assessment of
performance stability and statistical relevance. The detailed re-
sults and corresponding interpretations are summarized in Ta-
ble 8.

Time-series cross-validation results for author—de\l?:;:d“models (mean = std for each metric and pollutant)
Pollutant MAE [jg/m?] MAPE [%] MSE RZ RPE [%]
PM2.5 4.092+0.792 19.042 +3.875 24.319+5.725 0.817+0.163 15.101 +£2.449
PM10 4.890+1.773 17.817+3.791 48.757 +13.831 0.804+0.106 15.915+3.684
03 4.740+0.506 25.805+4.841 50.129+9.370 0.812+0.143 14.016 £2.379
NO, 3.421+0.787 19.105+3.884 34.017+12.169 0.766 +0.162 16.423 +2.386
CO 0.163+0.077 24.379+3.417 0.030+0.018 0.557+0.147 21.572+3.464
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Fig. 6. Prediction results for PM 10 pollution using the best model

Table 5
Prediction quality measures for pm10 factor on training data
Model Factor MAE3 MSE | MAPE [%] | RPE [%]
[ug/m”]
Custom PM10 | 3.411 7.935 13.819 11.482
CatBoost | PM10 | 4.386 9.957 19.545 16.762
KNN PMI10 | 4.012 | 10.035 19.121 16.664
RF PM10 | 4.229 | 11.653 20.277 17.236
SVM PM10 | 4.675 12.837 21.571 17.736
Table 6

Error metrics for the best-performing author-developed models
for individual pollutants

Pollutant ‘ MAE ‘

MAPE | RPE | MSE | R? |

PM2.5 3.088 | 17.881 | 12.537 | 21.398 | 0.936

PM10 4482 | 14910 | 13.294 | 43.588 | 0.913

03 5.212 | 27.909 | 12.540 | 56.866 | 0.918

NO, 3.982 | 15.883 | 15.428 | 40.795 | 0.854

CO 0.09 19.095 | 19.445 0.019 | 0.723
Table 7

Parameterization of the best models for individual pollutants

’ Pollutant ‘ n_steps ‘ units ‘ epochs ‘ batch_size | optimizer ‘

PM2.5 2 64 44 16 adam

PM10 2 100 55 8 rmsprop
03 2 256 95 16 rmsprop
NO, 3 96 98 24 rmsprop
CO 2 160 100 8 rmsprop

Actual vs Predicted PM10
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Fig. 7. Zoom of the 10% of PM10 pollution prediction results
for the best model

The bootstrap analysis confirms the stability and robustness
of the forecasting results across all five target factors. For PM 10,
error metrics (MAE =4.482; MAPE = 14.91%. RPE = 13.4294)
exhibit relatively narrow confidence intervals, while the coeffi-
cient of determination (R? = 0.913; CI: 0.835-0.991) indicates
strong and stable explanatory power. For PM2.5, lower abso-
lute errors (MAE = 3.982; RPE = 12.537) and a high R? value
(0.936; CI: 0.883-0.989) further confirm model robustness, with
limited variability across bootstrap samples. Although MAPE
shows moderate dispersion, it does not materially affect overall
model quality. Similar stability patterns were observed for NO;,
CO and O3. Overall, the narrow confidence intervals across all
evaluated metrics demonstrate low estimation variability and
confirm the reliability of the proposed multi-factor forecasting
framework.
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Table 8
Bootstrap confidence intervals and significance test outcomes
Metric Estimate CI95% Std (bootstrap) ‘
PM2.5
MAE 3.088 [2.987, 3.189] 0.101
MAPE 17.881 [16.838, 18.924] 1.043
RPE 12.537 [12.190, 12.884] 0.347
MSE 21.398 [19.534,23.262] 1.864
R? 0.936 [0.883, 0.989] 0.053
PM10
MAE 4.482 [4.309, 4.655] 0.173
MAPE 14.910 [14.526, 15.294] 0.384
RPE 13.294 [12.934, 13.654] 0.360
MSE 43.588 [39.566, 47.610] 4.022
R? 0.913 [0.835,0.991] 0.078
O3
MAE 5.212 [5.045,5.379] 0.167
MAPE 27.909 [26.416, 29.402] 1.493
RPE 12.540 [12.147, 12.933] 0.393
MSE 56.866 [52.724, 61.008] 4.142
R? 0.918 [0.8604, 0.9756] 0.0576
NO,
MAE 3.982 [3.840, 4.124] 0.142
MAPE 15.883 [15.370, 16.396] 0.513
RPE 15.428 [14.934, 15.922] 0.494
MSE 40.795 [36.782, 44.808] 4.013
R? 0.854 [0.8408, 0.8672] 0.0132
CO

MAE 0.090 [0.0869, 0.0931] 0.0031
MAPE 19.095 [18.478,19.712] 0.617
RPE 19.445 [18.478,19.712] 0.572
MSE 0.019 [0.0172, 0.0208] 0.0018
R? 0.723 [0.7020, 0.7440] 0.0210

6. DISCUSSION

6.1. Scope and limitations

Ablation studies and exhaustive comparisons with state-of-the-
art forecasting architectures were not included in the present
work. While such analyses are valuable in model-centric studies,
the primary objective of this paper is the integration of environ-
mental forecasting within an IoT-enabled operational framework
for photovoltaic systems. The forecasting module is designed to
support system-level decision-making rather than to serve as an
isolated benchmark model. Future work will explore architec-
tural extensions and comparative evaluations as part of targeted
model optimization studies.

6.2. Operational impact of improved pollution forecasts

The proposed IoT-Al architecture focuses on forecasting air-
borne particulate matter (PM10), which indirectly affects pho-

Bull. Pol. Acad. Sci. Tech. Sci., vol. 74, no. 3, p. €158305, 2026

tovoltaic (PV) performance through soiling-induced efficiency
degradation. While the quantitative example focuses on PM10,
the proposed framework simultaneously models PM2.5, NO;,
CO, and O3, which may further enhance operational decision
support under complex pollution conditions. Although the sys-
tem does not directly predict PV power output, its practical
value lies in enabling optimized operational and maintenance
(O&M) strategies. The LSTM model reduced the mean absolute
error of PM10 prediction from 4.2 to 3.4 ng/m® compared to
Random Forest (AMAE = 0.8 pg/m?). Improved forecasting pre-
cision increases the reliability of detecting high-risk pollution
events and allows proactive cleaning scheduling. Soiling losses
in PV systems are commonly reported in the range of 2—10%,
depending on site-specific environmental conditions. To quan-
tify the potential operational benefit, consider a 100 MW PV
plant with an average daily energy yield of 800 MWh. A con-
servative 1% loss due to soiling corresponds to 8 MWh per
day. If enhanced PM 10 forecasting reduces these losses by 10%
(i.e., recovery of 0.1% of total daily production), the energy
gain is approximately: 0.8 MWh/day = 292 MWh/year. At an
electricity price of 0.4 PLN/kWh, this corresponds to approxi-
mately 120000 PLN annually. This analysis demonstrates that
even moderate improvements in environmental prediction ac-
curacy can translate into significant economic benefits at util-
ity scale. Therefore, the proposed IoT-Al framework provides
tangible operational value beyond standard machine learning
performance metrics. It should be noted that the presented eco-
nomic assessment represents a conservative lower-bound esti-
mate, as it considers only the direct conversion of recovered
energy into market value based on average electricity prices.
In practice, forecasting improvements may generate additional
benefits through reduced imbalance penalties, improved day-
ahead scheduling reliability, and enhanced coordination with
energy storage systems. Therefore, the actual operational im-
pact of improved PM10 prediction accuracy may exceed the
values reported in this study.

7. CONCLUSIONS

Regular monitoring of PV panels using IoT and artificial in-
telligence not only increases the efficiency of installations, but
also extends their service life by minimizing the risk of damage
caused by contamination. The implementation of advanced di-
agnostic technologies, such as intelligent thermal imaging analy-
sis, is a key element of modern photovoltaic system management
and increases the energy efficiency of renewable energy sources.

Over a 5% improvement in anomaly detection accuracy was
achieved for current methods based on the average of scien-
tific publications. A proprietary algorithm was developed and
compared with known algorithms (e.g., KNN, SVM, CatBoost,
Random Forest) in terms of prediction accuracy. The analysis
and development of the algorithms was carried out with a view
to processing data from air pollution sensors, temperature sen-
sors, etc.

Authors’ method, based on a proprietary structure and se-
lection of deep LSTM network parameters, outperforms other
specified machine learning methods in terms of relative pre-
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diction accuracy (MAPE, RPE metrics) for PM10 dust. Our
method (algorithm) also predicts PM10 absolute values (MAE
and MSE metrics) more accurately than other machine learning
methods. Authors’ method also predicts other pollutants with
high accuracy.

The presented results and developed algorithms can be used,
after appropriate adaptation, in tools supporting the manage-
ment of photovoltaic farms in terms of electricity production
efficiency in relation to air quality and the amount of pollutants.
This can bring measurable benefits in terms of a significant
improvement in efficiency and reduction of energy production
losses. This is very important in view of the largest development
of the PV sector in Europe in Poland, although the solution is
universal and can be applied on a global scale. Accurate predic-
tion of pollution and related production losses can enable the
planning of appropriate service or maintenance actions, ensur-
ing high efficiency and reliability of RES sources. The presented
results are therefore not only of a research and scientific nature,
but also have practical implications for the renewable energy
sector.
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