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ABSTRACT

Accurate forecasting of photovoltaic (PV) power generation is essential for maintaining power grid
stability and improving the operational efficiency of solar power plants. However, most existing
forecasting approaches rely heavily on external meteorological data such as solar irradiance,
temperature, and wind speed, which may not always be available due to sensor limitations, high
installation costs, or data transmission failures. This dependency significantly restricts the practical
applicability of such models in real-world scenarios. In this study, Long Short-Term Memory (LSTM)
deep learning-based forecasting framework is proposed to predict PV power generation using historical
production data. Hourly power generation data collected from a grid-connected photovoltaic power plant
located in Sakarya, Tiirkiye, covering a period of 26 months, are utilized. LSTM networks are employed
due to their ability to model long-term temporal dependencies in time series data. The proposed approach
incorporates cyclical time features representing hour-of-day and month-of-year into the model using
transformations. This enables the network to learn daily and seasonal periodic patterns. The proposed
approach is evaluated across daily, weekly, monthly, seasonal and yearly forecasting horizons. Model
performance is rigorously assessed using an out-of-time validation strategy where the model is trained
using historical data and tested using completely unseen data. The experimental results show high
forecasting accuracy at all time scales. The model achieved an R? score of 0.997 for short-term daily
forecasts. Seasonal and yearly analyses further confirm the model's robust performance, particularly
during the summer months. These findings indicate that the proposed method is a cost-effective and
scalable solution for reliable PV power forecasting in real-world photovoltaic energy management
applications.

Keywords: Photovoltaic Panel, Power Forecasting, Time Series Prediction, Deep Learning, Long Short-
Term Memory (LSTM).

INTRODUCTION

Renewable energy, defined as energy obtained from continuously available natural resources, is a
sustainable, environmentally friendly alternative to traditional fossil fuels (Sirmagek et al., 2023). These
sources play a critical role in combating global warming and climate change, both of which have
intensified in recent years (Marouani, 2024). Solar energy, derived from sunlight, is a renewable,
environmentally friendly energy source. The main advantages of solar energy are that it is available as
long as the sun is shining, has low operating costs, provides energy independence, and is
environmentally friendly.

The increasing demand for energy and the environmental impact of fossil fuels have heightened global
interest in renewable energy sources. Photovoltaic (PV) solar energy is one of the fastest-growing
methods due to its clean, sustainable nature and low operating costs. PV panels, batteries, and
concentrated solar power technologies are widely used to generate electricity and heat (Ayvaz & Bayrak,
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2024). PV energy production has become a fundamental component of sustainable energy systems due
to its low environmental impact and rapidly decreasing installation costs (Peters, 2025; Tawalbeh et al.,
2021). However, the intermittent nature of solar energy poses significant challenges regarding grid
stability, energy planning, and real-time operation. PV power output, or the amount of energy produced,
is strongly influenced by meteorological factors such as solar radiation, humidity, temperature, and
cloud cover. This leads to highly variable production profiles that are difficult to predict accurately
(Ndiaye et al., 2025). Therefore, accurately forecasting photovoltaic energy production is critical for
grid stability and plant efficiency.

The increased use of renewable energy sources, combined with growing demands for sustainability and
efficiency, is causing significant changes in the global energy market. Highly accurate forecasts are
necessary for effectively managing supply and demand in this market. Anticipating deficiencies and
inefficiencies in energy production and developing appropriate plans allows for a more effective
evaluation of resource use, investments, and opportunities (Carnevale et al., 2024). The trend toward
renewable energy sources is increasing due to environmental issues, the limited nature of fossil fuel
resources, the impact of geopolitical instability, and difficulties in accessing resources. Consequently,
the proportion of energy needs met by renewable energy sources increases yearly.

Traditional approaches to forecasting PV power output primarily rely on physical models or statistical
methods based on meteorological data. However, these studies depend heavily on external
meteorological data, such as radiation, temperature, and wind speed, to improve prediction accuracy
(Ye et al., 2022). The limited availability of sensors that provide this data at each power plant, the high
cost of these sensors, and interruptions in data transmission limit the applicability of these models in
real-world settings.

In recent years, deep learning-based models have emerged as a prominent approach in PV power
forecasting due to their ability to model complex nonlinear relationships and temporal dependencies
(Xiang et al., 2024). Long Short-Term Memory (LSTM) networks, a type of recurrent neural network,
are widely used in PV forecasting studies because they can learn long-term dependencies in time series
data (Agga et al., 2022; Sharma et al., 2022). Studies have shown that, when sufficient historical data
and meteorological information are available, LSTM-based models provide higher accuracy than
traditional machine learning and statistical methods (Li et al., 2021; Mohamad Radzi et al., 2025;
Srivastava & Lessmann, 2018).

Despite advances in deep learning, most PV forecasting studies still rely on external meteorological
inputs, such as solar radiation and temperature (Xu et al., 2025). Many approaches have been proposed
that combine LSTM networks with convolutional neural networks or different optimization techniques.
However, most of these models still require meteorological data (Agga et al., 2022; Mohamad Radzi et
al., 2025; Xu et al., 2025). Consequently, recent studies have confirmed that LSTM-based models
trained solely on historical PV production data can achieve acceptable levels of accuracy.

This study proposes a multi-scale LSTM-based forecasting framework that uses only historical PV
production data. To compensate for the lack of meteorological data, the model incorporates cyclical time
features that represent hourly and monthly information. This allows the model to learn daily and seasonal
periodicities, which play a dominant role in PV production. We evaluated the proposed approach at
daily, monthly, seasonal, and annual prediction timescales. We analyzed the model's performance using
an out-of-time validation strategy, which involves training the model on one year's data and testing it on
an entirely different second year's data. This study tested the method on real field data obtained from a
grid-connected photovoltaic power plant in Sakarya, Turkey. The results demonstrate that the method
provides a scalable, reliable, and cost-effective photovoltaic power forecasting solution when
meteorological data is unavailable or incomplete.

METHOD
Dataset

This study uses energy production data from a 5 MW PV solar power plant (SPP) that began operating
in September 2023 in the Karaman region of Sakarya Province, Turkey. The dataset covers a 26-month
period from September 2023 to November 2025. The study used a dataset based on approximately
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19,000 hours of electricity production data obtained from the plant's SCADA program. Figure 1 shows
the hourly energy production of the photovoltaic power plant and long-term production trends. The gray
line represents the raw production values measured on an hourly basis, and the black line shows the 30-
day moving average, which reveals the seasonal and annual trends in production more clearly. The graph
illustrates that PV production significantly increases in the summer and decreases in the winter due to
reduced sunshine duration. These results indicate a strong seasonal cyclicality in production, suggesting
that periodic patterns are critical for time series—based forecasting models.

Annual Production Trend and Seasonal Cycle (Full Data Set)

— 30-Day Moving Average

02310 02401 202404 20240 2024-10 20250 202504 20254 2025-10

Date

Figure 1. Annual photovoltaic power production trend and seasonal cycle with 30-day moving average
Data pre-processing

The primary variable in the dataset is the active power (kW) supplied by the power plant to the grid. In
line with the main hypothesis of the study, the model did not include external meteorological data such
as radiation, temperature, or cloud cover. The goal was for the model to predict based solely on historical
production patterns. During the data preprocessing stage, production values below 5 kW were set to 0
because they were likely caused by sensor error during nighttime hours. The data preparation stages
used in the study are shown in the block diagram in Figure 2.

Min-Max Sliding Window
Nermalisation Lookback:168 hours
(0-1 Range) (1 week)

Figure 2. Preprocessing stages of PV power output data

Feature Engineering
(Cvclic Time
Encoding)

Raw Data
Set (5000 kW)
capacity

The raw dataset was preprocessed with feature engineering steps before being fed into the model. In this
case, feature extraction was performed using hourly raw energy production data obtained from a 5 MW
(5000 kW) photovoltaic power plant. The structured data preparation process, as shown in the diagram,
enabled the model to learn temporal and periodic patterns more effectively. Specifically, time-related
variables (hour, month, etc.) were expressed using sine and cosine transformations via the Cyclical Time
Encoding approach. This approach incorporates dominant periodic behaviors in photovoltaic production
into the model. This transformation preserves the nonlinear and cyclical nature of the time variables to
enable the model to learn daily and seasonal periodicity. Another stage of the preprocessing involved
applying Min-Max normalization to eliminate the negative effects of variables with different scales on
model training. This process scaled all features to the [0, 1] range. This normalization process
contributes to faster, more stable, and more efficient convergence of gradient-based deep learning
algorithms, such as LSTM. Finally, the time series data were converted into a supervised learning format
using the sliding window method. In this case, the look-back window length was set to 168 hours (one
week), and the model used production information from the previous 168 hours as input to predict the
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next hourly production value. This approach enables the model to learn daily and weekly production
patterns.

Proposed LSTM model

One of the deep learning methods used in renewable energy systems is the recurrent neural network
(RNN), a specialized model for tasks involving sequential inputs. RNN architecture maintains the
previous input state using a structure called a state vector, combining it with the new input value to
establish a relationship between the two (Sherstinsky, 2020). However, RNNs have the disadvantage of
being unable to store information for long periods. To address this issue, the long short-term memory
(LSTM) model was developed. In the LSTM model, memory cells store hidden states. These cells
determine which data to delete and which to retain. LSTMs learn quickly and have proven successful in
complex, long-delay tasks (Hochreiter & Schmidhuber, 1997).

LSTM networks, widely used in many fields such as text, handwriting, and music generation, machine
translation, and time series forecasting, stand out due to their ability to model long-term dependencies
in sequential data (Breuel, 2017; Eck & Schmidhuber, 2002; Messina & Louradour, 2015; Wen & Li,
2023). Studies in the energy sector have reported that LSTM-based models provide higher prediction
accuracy compared to other deep learning approaches (Akhter et al., 2022; Dhaked et al., 2023;
Konstantinou et al., 2021). In this context, LSTM networks are effectively used in many critical
applications, such as solar radiation prediction, feature extraction and forecasting in wind speed and
power time series, total load estimation in energy grids, and short-, medium-, and long-term forecasting
of PV power production.

[ Fully Connected |
La .rLSW ‘ (Dense) Output
| Input Layer »—b{ (Batch,168.5) 1 vNourom | Batch.04 Roqulanubon?—qnnrh.u Layer Number of

(Ratio: 0.1) Neurons 1
ctivabon:tanyy il S | Activation: Linear |

Output Prediction |
(t+1)

Figure 3. Block diagram of the proposed LSTM architecture for PV panel power output prediction

Figure 3 shows the block diagram of the proposed LSTM architecture for PV panel power output
estimation. In the input layer, the data is presented to the model as a tensor of size (batch, 168, 5). In
this structure, 168 represents the number of time steps (lookback window) and 5 represents the number
of features provided to the model (day sine and cosine components of past power production with cyclic
time coding). The LSTM layer is the basic processing unit that learns long-term dependencies in time
series. In this layer, the model's learning capacity is limited to 64 neurons. The tanh function is the
standard activation function used in LSTM cells. This choice ensures that the outputs remain within the
range of —1 to 1, which contributes to stable training progress by preserving gradient flow. The output
of the LSTM layer is a feature vector of size (Batch, 64). To prevent overfitting and improve the model's
generalization performance, a dropout layer was added after the LSTM layer. During the training
process, 10% of the neurons were randomly disabled. In the fully connected output layer, the summary
representations obtained from previous layers are reduced to a single neuron. Since a regression-based
prediction problem is addressed, a linear activation function is used in the output layer, thus enabling
the model to predict any real value. Finally, during the t+1 prediction step, the model outputs the
photovoltaic power generation value for the subsequent time step.

EXPERIMENTAL RESULTS

In this study, a single-variable LSTM-based power forecasting model that does not require
meteorological sensor data was developed using 26 months of actual production data from the Sakarya-
Karaman GES site. The study's novel approach involved enriching the raw time series data using the
cyclical feature engineering method, thereby enhancing the model's ability to recognize seasonal and
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daily patterns. All experiments were conducted on an x64-based computer with a Windows 11 Pro 64-
bit operating system. The computer was equipped with a 13th Generation Intel Core i5-13420H
processor (2.10 GHz), a 500 GB hard disk drive (HDD), 16 GB of random-access memory (RAM), and
a 6 GB graphics processing unit (GPU). This hardware infrastructure enabled stable, efficient execution
of the deep learning model training and testing processes. Experimental studies were conducted using
Python 3 and the TensorFlow-based Keras library for deep learning modeling and prediction.

In this study, Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and R2 error metrics
were used to evaluate the performance of the proposed LSTM architecture for predicting PV solar
energy production in the dataset. These metrics are based on the difference between actual and predicted
solar energy production values. RMSE measures the average error between predicted and actual values.
RMSE is useful because it intuitively measures how well a model's predictions match the actual data.
MAE evaluates how close the predicted values are to the actual values by averaging the absolute
differences between them. R? is commonly used to assess the goodness of fit of a model. It indicates
how well the model's predictions match the actual data. RMSE is often used alongside other metrics,
such as MAE and R2. While RMSE highlights large errors, MAE provides a more balanced view by
treating all errors equally. Therefore, both metrics are typically reported together. Equations (1), (2),
and (3) show RMSE, MAE, and R?, respectively.

RMSE= 151, (i-902 ()

1 N
MAE = ;Z?:ﬂyl' -l ()

i 0i=9)*

R? =1 —==L2i0e (3

Z?=1(Yi_y)2 ( )

Here, n denotes the total number of data points (observations), y; denotes the actual measurement value
at the i-th time step, 7, denotes the value predicted by the model, and ¥ denotes the average of the actual
values.

January 6-10, 2026 / DUBAI 181



VI. INTERNATIONAL EURASIAN SCIENTIFIC
RESEARCH AND INNOVATION CONGRESS

PROCEEDINGS BOOK

(a)
12 June 2025 - Daily Production
400D A — Actual
== Pradicied

FiD

)
i 2500
z 2000
E 1500 1

1000

a0

0 B e S"Se.auz=os
Ofi-12 0D DE-12 03 0-12 08 06-12 08 oé-12 12 OF-12 15 06-12 18 06-12 21 06-13 00
MAE: 59,28 kW | RMSE: 75,54 kW | R*; 0.997
(b)
Septambar 2025 (2nd Week) - Weekly Analysis
A000 g — Actual
-=« Predicted
TS0 !
W00

Achive Power (OW)
o
=1
=]
=]

1 L s 4 .

Ao

20250908 2035-08-09  2025-08-10 202506911 20250912 20250813 20250914  2025-09-15

MAE: 49,50 kW | AMSE; TL.66 kW | R': D.997

(c)

October 2025 - Monthly Analysis

X500
ol A 1‘ ‘4
2500 ‘

1500 ‘

Active Power (KiW)
W
2
=]
—

= JUUUULL AU UUUAIULL

L bl b L

— Aciual
=== PFredicted

T g t v v v v
2025-10-01 2025-10-05 2025-10-09 2025-10-13 2025-10-17 2025-10-21 202510-25
MAE: 44,53 kW | RMSE: 65.32 kW | A" 0.936

2025-10-292025-11-01

Figure 4. Multi-scale photovoltaic power generation forecasting performance of the proposed LSTM

model: (a) daily, (b) weekly, and (c) monthly analysis
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Figure 4 shows the photovoltaic (PV) power generation prediction performance of the proposed LSTM-
based model at different time scales (daily, weekly, and monthly). Figure (a) presents daily hourly
production forecasts for June 12, 2025. The model is seen to successfully track the rapid power increases
and decreases occurring during sunrise and sunset. The high level of agreement between the predicted
values during peak production hours and the actual measurements indicates that the model has correctly
learned the short-term dynamics. The low MAE (59.28 kW) and RMSE (75.54 kW) values obtained,
along with the high R? score (0.997), reveal that the daily prediction accuracy is quite high. Figure (b)
shows the weekly prediction results for the second week of September 2025. The model has consistently
captured the recurring daily production cycles on a weekly basis and successfully modeled the inter-day
variation. In particular, the minimal deviations during nighttime hours when production is close to zero
confirm the effectiveness of the model's time-based cyclical feature engineering. The MAE (49.50 kW),
RMSE (71.66 kW), and R? (0.997) values obtained from the weekly analysis show that the model has
high generalization capability for medium-term forecasts. Figure (c) shows the monthly prediction
performance for October 2025. Despite the short-term production fluctuations observed on a monthly
scale, the model accurately tracks the general production trend and daily peaks. Occasional sudden drops
and rises notwithstanding, low error metrics (MAE: 44.53 kW; RMSE: 65.32 kW) and a high R? score
(0.996) suggest that the model yields stable and reliable results, even in long-term forecasts. Overall,
these results demonstrate that the LSTM model achieves high prediction success across different time
scales when developed using only historical production data and cyclical time characteristics, without
the need for external meteorological data.

Figure 5 clearly shows that the proposed LSTM-based model achieves high forecasting accuracy for
seasonal PV power generation, as demonstrated by the R? performance metric. The figure illustrates a
comparison of historical production data from the first year with actual and predicted total seasonal
generation values from the second year. The predicted values show strong agreement with the actual
production profiles across all seasons. During the winter season, the model achieves an R? score of
0.9009. Despite the reduced solar availability and increased variability characteristic of winter, this
result suggests that the model can capture underlying seasonal production patterns using only historical
generation data. The forecasting performance improves in the spring season, reaching an R? value of
0.9302. This suggests that the proposed approach effectively learns the transitional dynamics associated
with increasing solar activity and seasonal changes. The model attains its highest forecasting
performance during the summer season, with an R? score of 0.974. This period's high coefficient of
determination reflects the model’s strong ability to learn stable, highly periodic production behavior
under consistent solar conditions. Despite transitional effects and increased variability in the autumn
season, the model maintains high forecasting accuracy, achieving an R? value of 0.9375. This result
confirms the robustness of the LSTM framework in generalizing across different seasonal regimes.
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Figure 5. Comparison of actual and predicted seasonal photovoltaic power generation
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In this study, model performance was evaluated using the out-of-time validation approach, which is
commonly used for time series forecasting problems. In this case, the first 12 months (September 2023—
September 2024) of production data from the Sakarya Karaman GES were used as the training set, and
the model parameters were updated based solely on this period's data. The subsequent 12-month period
(September 2024—September 2025) was designated as the test set. The model's prediction performance
was then evaluated using this previously unseen data. Figure 6 shows the annual photovoltaic power
production prediction results obtained using this validation strategy. The figure presents a comparative
view of the historical production profiles from the training period and the actual and model-predicted
production values from the test period. The visual results demonstrate that, despite being trained only
on the first year's data, the model successfully captured the production trends and seasonal variations of
the second year. These results show that the proposed LSTM-based approach can effectively learn long-
term temporal dependencies and produce reliable predictions over an unseen annual production period
without requiring external meteorological data.
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Figure 6. Annual photovoltaic power generation forecasting results using out-of-time validation
CONCLUSION

In this study, hourly production data obtained from the Sakarya Karaman Solar Power Plant was used
to perform a multi-scale PV power production forecast based solely on historical power production
information. The study's main objective is to develop a prediction model applicable to real-world
conditions that is highly accurate without requiring meteorological sensor data. In this regard, LSTM
networks, which have the ability to learn long-term temporal dependencies, were preferred. The
proposed approach integrates hourly and monthly information into the model using cyclic time encoding
to enable learning daily and seasonal periodic patterns. The model's performance was evaluated under
daily, weekly, monthly, seasonal, and annual forecasting scenarios. Notably, out-of-time validation
analysis, which involved training the model on the first year's data and testing it on unseen second-year
data, demonstrated the approach's generalization capability. The experimental results demonstrate that
the proposed LSTM-based model has high predictive capabilities across all time scales. The model's
ability to effectively learn hourly production dynamics is revealed by the high accuracy levels achieved
in short-term daily forecasts, while the results obtained in seasonal and annual forecasts show that long-
term production trends can be reliably predicted. The high R? values obtained, particularly in the
summer, confirm the model's stability during periods of strong periodic behavior. In conclusion, this
study demonstrates that an LSTM-based prediction model developed using only historical production
data and time-based features offers an effective, scalable, and low-cost solution for photovoltaic power
production forecasting. This approach has significant potential to support energy management, grid
planning, and operational strategies in power plants where access to meteorological data is limited or
sensor infrastructure is unavailable. Future studies may aim to increase the model's generalizability by
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using data from different geographical regions and by further improving performance through hybrid
deep learning architectures.
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