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Abstract

Accurate forecasting of solar energy generation is considered one of the main challenges
in the management of renewable energy systems due to the inherent variability of solar
irradiance, dynamic weather conditions, and climatic uncertainties. In this study, a
comprehensive systematic review was conducted on 40 selected studies published
between 2019 and 2025 to investigate the performance of deep learning models in solar
power generation forecasting. The primary focus is placed on Long Short-Term
Memory (LSTM) networks and hybrid models, which have gained widespread
application in recent years. The comparison of models was carried out based on error
evaluation metrics, including Root Mean Square Error (RMSE), Mean Absolute Error
(MAE), and Mean Absolute Percentage Error (MAPE).

The results indicate that hybrid models exhibit superior performance in short-term
forecasting, reducing prediction errors by up to approximately 2.9%, while models
equipped with attention mechanisms provide higher accuracy in medium- and long-
term forecasting horizons. Furthermore, the use of multi-source data, including local
measurements, satellite imagery, and meteorological data, improves forecasting
accuracy by up to approximately 30%. Overall, the findings reveal a growing trend
toward the adoption of multi-level approaches, diverse data integration, and intelligent
modeling techniques to enhance reliability and sustainability in solar energy resource
management.
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1- Introduction

The rapid growth of photovoltaic (PV) systems and
their increasing penetration into modern power
grids have significantly intensified the need for
accurate, reliable, and robust solar power
forecasting techniques [1, 2]. As PV generation
becomes a dominant component of renewable
energy portfolios, its intermittent and weather-
dependent considerable

nature  introduces

uncertainty into grid operation, energy scheduling,
and market transactions. Variations in solar
irradiance caused by cloud movement, atmospheric
conditions, and seasonal effects directly affect PV
power output, making precise forecasting a critical
requirement for maintaining grid stability and
ensuring efficient energy management.
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Traditional statistical methods and conventional
machine learning approaches have been extensively
applied to PV power forecasting problems.
However, their performance is often constrained
when dealing with highly nonlinear, nonstationary,
and multivariate solar energy data, particularly
under rapidly changing weather conditions. In
contrast, deep learning models have demonstrated
superior capability in learning complex nonlinear
mappings,  capturing  long-term  temporal
dependencies, and extracting high-level features
from large-scale and high-dimensional datasets
[3, 4] Consequently, deep learning architectures
such as LSTM networks, CNN-based models, and
more recently Transformer-based frameworks have
been increasingly adopted for PV power forecasting
across different temporal horizons [35, 6].

Despite the growing volume of published research,
the reported performance of deep learning models
varies considerably depending on factors such as
data sources, input feature selection, forecasting
horizon, and model architecture. This variability
highlights the need for a structured and comparative
review that systematically evaluates existing
approaches and identifies key performance trends.
Therefore, this study aims to provide a
comprehensive review and comparative analysis of
recent deep learning models applied to PV power
generation forecasting, with particular emphasis on
LSTM-based and hybrid architectures.

2- Methodology of Literature Review

This study follows a structured and systematic

literature  review methodology to  ensure
consistency, transparency, and reproducibility of
the analysis. Relevant articles were collected from
leading peer-reviewed journals in the fields of
renewable energy, power systems, and artificial
intelligence. The primary selection criteria included
publication year (2019-2025), application to real-
world PV plants or satellite-based solar datasets,
utilization of deep learning models, and explicit

reporting of quantitative evaluation metrics.

After the initial screening, the selected studies were
analyzed according to four main dimensions. These
include the adopted model architecture,

encompassing LSTM, CNN, Transformer, and
hybrid deep learning models; the types of input data
employed, such as SCADA measurements,
meteorological variables, numerical weather
prediction data, and satellite imagery; the
forecasting horizon considered; and the evaluation
metrics used to assess model performance. This
analytical framework enables a consistent and
transparent comparison across different studies and
allows for a comprehensive assessment of the
strengths and limitations of various deep learning

approaches in PV power forecasting.

3- Results

The comparative analysis of the selected studies
reveals several important performance patterns
across different deep learning architectures. LSTM-
based models are widely adopted as baseline
approaches due to their proven effectiveness in
capturing temporal dependencies within PV power
generation time series. These models perform well
in scenarios where historical power output data
constitute the primary input; however, their
predictive accuracy may decline when dealing with
high-dimensional inputs or complex spatial
features.

Hybrid architectures that integrate CNN layers with
LSTM units address these limitations by enabling
automatic feature extraction from multivariate and
spatially distributed inputs prior to temporal
modeling [7, 8]. The reviewed studies consistently
report that CNN-LSTM and Attention—-LSTM
models achieve lower prediction errors compared to
standalone LSTM networks, particularly in short-
term forecasting applications, with error reductions
reaching up to approximately 2.9%. These
improvements are attributed to the complementary
strengths of CNNs in spatial feature extraction and
LSTMs in temporal sequence modeling.

Another key outcome of the comparative analysis is
the significant impact of multi-source data
integration on forecasting performance.
Quantitative results from the reviewed literature
indicate that incorporating heterogeneous input
data—such as on-site PV measurements, numerical

weather prediction outputs, and satellite-derived
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information—can enhance forecasting accuracy by
up to approximately 30%, especially for medium-
term forecasting horizons [9, 10]. These findings
demonstrate that performance gains are primarily
driven by effective data fusion strategies and
architectural hybridization rather than by increasing
model complexity alone.

4- Conclusion

This review study provides a comprehensive and
structured comparison of deep learning models
applied to photovoltaic power generation
forecasting. The synthesized results confirm that
hybrid deep learning architectures, particularly
CNN-LSTM and Attention—-LSTM  models,
consistently outperform standalone approaches in
short-term forecasting tasks, while attention-based
and  Transformer  architectures  (including
Autoformer with multi-scale attention mechanisms)
offer improved stability and reliability for medium-
and long-term horizons.

Quantitative evidence from the reviewed literature
indicates that error reductions of wup to
approximately 2.9% can be achieved through
architectural hybridization, while the integration of
multi-source data inputs (e.g., satellite imagery,
local measurements, and numerical weather
predictions) can further enhance forecasting
accuracy by up to 30% and improve generalizability
under unstable weather conditions. In short-term
horizons, CNN-LSTM models have demonstrated
superior performance, with some studies reporting
MAPE values below 3% and RMSE under 0.09,
highlighting  their  robustness in  variable
meteorological environments. For longer horizons,
Transformer-based models, especially Autoformer,
have achieved up to 25% accuracy improvements
compared to pure LSTM approaches, particularly in
complex and seasonal scenarios.

Furthermore, the combination of deep learning
models with metaheuristic algorithms and ensemble
approaches has been shown to reduce forecasting
errors (MAPE and RMSE) and increase model
stability, though at the cost of higher computational
requirements and potential risks of overfitting.

Overall, the findings highlight a clear transition
toward review-supported, data-driven forecasting
frameworks that balance model performance, data
availability, and computational requirements. The
insights provided in this study can assist researchers
and practitioners in selecting suitable deep learning
models for photovoltaic forecasting applications
and support future research directions focused on
robustness, scalability, and practical relevance for
real-world PV systems.
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