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Abstract. Accurate photovoltaic (PV) power forecasting plays a crucial role in
the reliable operation of smart grids and renewable energy scheduling. To address
the challenges of nonlinear fluctuations and time-dependent variability in solar
power generation, this study proposes an optimized Transformer-based predic-
tion model for PV energy output. The model leverages a multi-head self-attention
mechanism and positional encoding to capture both short-term and long-term de-
pendencies between meteorological factors and historical power data.

Using real-world hourly datasets containing irradiance, temperature, wind
speed, and humidity, the proposed Transformer model was compared with bench-
mark methods, including Backpropagation (BP) and Long Short-Term Memory
(LSTM) networks. Experimental results demonstrate that the Transformer
achieved the lowest Mean Absolute Error (MAE) and Root Mean Squared Error
(RMSE), outperforming traditional neural networks in accuracy and robustness
under dynamic weather conditions. Furthermore, attention-based feature analysis
verified the interpretability of the model, aligning with the physical characteris-
tics of PV systems. The proposed framework provides a practical and effective
solution for intelligent solar power forecasting and smart grid energy manage-
ment.
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1 Introduction

With the rapid growth of renewable energy technologies, photovoltaic (PV) power gen-
eration has become one of the most promising solutions to the global energy crisis. The
integration of PV systems into modern power grids has greatly improved energy sus-
tainability; however, it has also introduced new challenges for grid stability and energy
scheduling. The inherent intermittency and volatility of solar power—caused by fluc-
tuating irradiance, temperature, and weather conditions—make accurate PV power
forecasting a critical component of smart grid management.

Accurate short-term forecasting of PV output allows grid operators to optimize dis-
patching strategies, reduce reserve requirements, and maintain power balance between
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supply and demand. Traditional prediction methods such as statistical regression or
physical modeling rely heavily on empirical assumptions and are limited in capturing
nonlinear patterns. In contrast, data-driven approaches based on deep learning have
shown strong capabilities in learning complex dependencies between meteorological
variables and energy generation. These methods provide an effective alternative for
improving prediction accuracy and operational efficiency in energy management sys-
tems.

Nevertheless, most existing neural network models—such as backpropagation (BP)
and Long Short-Term Memory (LSTM)—still face difficulties in learning long-term
temporal dependencies and handling highly dynamic environmental variations. In ad-
dition, these models often suffer from slow convergence and limited generalization un-
der changing weather scenarios. To address these limitations, recent research has intro-
duced attention mechanisms that enable models to focus on the most relevant temporal
features, improving both accuracy and interpretability.

In this context, the present study proposes a Transformer-based prediction model for
photovoltaic power forecasting. The Transformer architecture, originally developed for
natural language processing, has demonstrated excellent performance in time series
analysis due to its self-attention mechanism and parallel processing capability. By lev-
eraging multi-head attention and positional encoding, the model captures both short-
term fluctuations and long-term dependencies in PV data more effectively than tradi-
tional recurrent models.

2 Related Work

Photovoltaic (PV) power forecasting has long been a critical research topic because of
the stochastic and nonlinear nature of solar irradiance, which depends on multiple me-
teorological factors. Traditional statistical methods such as ARIMA and persistence
models often struggle to capture complex patterns, especially under volatile weather
conditions [1]. With the rapid development of deep learning, data-driven models have
demonstrated significant improvements in forecasting accuracy and robustness, partic-
ularly in dynamic environments [2].

Early studies have shown that recurrent neural network (RNN) architectures, espe-
cially Long Short-Term Memory (LSTM), can effectively model temporal dependen-
cies in solar energy time series. Dhaked et al. [1] used an LSTM-based model to predict
PV output and demonstrated that it performs better than traditional BP neural networks.
Similarly, Nair et al. [2] explored the effectiveness of various LSTM structures with
multiple meteorological inputs, confirming that multi-input time series models enhance
prediction precision for solar energy systems.

However, LSTM and other RNN-based approaches often face limitations when mod-
eling long-term dependencies and parallel computations. To overcome these issues, hy-
brid models combining CNN, LSTM, and attention mechanisms have been introduced.
Shukla et al. [3] proposed a hybrid deep learning architecture that integrates CNN fea-
ture extraction with LSTM temporal modeling and attention enhancement, showing im-
proved results in time-series solar forecasting tasks. Mahmud et al. [4] further provided
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a comprehensive review summarizing the latest deep learning models—including
GRU, CNN, and attention-based networks—highlighting both their advantages and
constraints in PV prediction scenarios.

More recently, attention-based architectures, particularly Transformers, have gained
attention for energy forecasting applications. Wang et al. [5] proposed a Transformer-
based framework for PV power forecasting and demonstrated its superior performance
in handling non-stationary environmental data compared with conventional sequence
models. Similarly, Zhang et al. [6] developed a multistep forecasting model using
Transformer and temporal fusion mechanisms, which achieved high performance in
long-term PV output prediction tasks.

Despite these advances, challenges remain in balancing model complexity, data in-
terpretability, and computational cost. Transformer models require extensive data and
parameters, which can limit deployment in embedded or resource-constrained systems.
Furthermore, few studies focus on explainability, particularly how attention weights
correspond to physical meteorological features. The present study builds upon these
insights by developing a lightweight Transformer architecture for PV forecasting, inte-
grating attention mechanisms with SHAP-based interpretability to improve accuracy
and explainability under varying weather conditions.

3 Methodology

In this study, a Transformer-based model is designed to predict the photovoltaic (PV)
power output by learning temporal dependencies and nonlinear relationships between
multiple meteorological variables and historical power generation records. Unlike tra-
ditional recurrent neural network (RNN) architectures such as LSTM or GRU, the
Transformer leverages a self-attention mechanism that can simultaneously capture both
short-term fluctuations and long-term dependencies in the time series, significantly im-
proving the model’s adaptability under variable weather conditions.

The input of the model consists of multivariate meteorological and operational fea-
tures, including solar irradiance, ambient temperature, wind speed, and relative humid-
ity, along with the corresponding historical PV output. These variables are normalized
and arranged in chronological sequences, each representing a sliding time window of
past observations. The target variable is the predicted PV output at the next time step,
enabling the model to learn one-step-ahead or multi-step forecasting patterns.

The overall structure of the Transformer prediction model is shown in Figure 1
(Model Architecture of Transformer-Based PV Prediction System). The model follows
an encoder-only architecture, which processes the input sequence X = [Xq, Xy, ..., X1]
through multiple stacked Transformer encoder layers. Each encoder layer consists of a
multi-head self-attention block and a feed-forward network. The self-attention mecha-
nism computes attention weights aij that measure the contribution of each time step j
to the representation of time step iii, formulated as:

T
Attention(Q, K, V) = softmax (Q—\/I;_k) \Y )]
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where Q,K,V represent the query, key, and value matrices derived from the input em-
bedding, and dkd_kdk is the dimension of the key vector. By using multiple attention
heads, the model can jointly attend to information from different representation sub-
spaces, enabling it to extract diverse temporal and meteorological dependencies.Posi-
tional encoding is introduced to provide temporal order information, compensating for
the lack of recurrence in the Transformer structure. The encoded sequence is then
passed through a stack of encoder layers, and the final hidden state corresponding to
the last time step is fed into a fully connected layer to output the predicted PV power
value. The complete forward propagation process can be summarized as:

S\lt+1 = fTransformer(Xt' Xt—1s=+0s Xt—n) (2)

where ¥.,; denotes the predicted output power at time t+1, and fTransformer(-) repre-
sents the mapping function learned by the model.

To optimize model performance, the Mean Squared Error (MSE) loss function is used
to measure the prediction error, defined as:

MSE = =X}, (v; — §1)? 3)

where yi is the actual PV power output and §; is the model’s prediction. The Adam
optimizer is employed to minimize the loss with a learning rate initialized at 0.001, and
early stopping is applied to prevent overfitting. The hyperparameters are determined
through grid search, including the model dimension dmodeld {\text{model}}dmodel,
number of attention heads, encoder layers, and batch size. To ensure generalization,
70% of the dataset is used for training, 15% for validation, and 15% for testing. Fur-
thermore, the SHAP interpretability framework is applied after training to visualize the
relative contribution of meteorological variables to model predictions, helping identify
which environmental factors most strongly influence photovoltaic energy output.

Figure 1 should illustrate the overall workflow of the proposed system, including
four main modules: (1) Data Preprocessing and Normalization, (2) Transformer-based
Feature Encoding and Attention Mechanism, (3) Output Regression Layer for Power
Prediction, and (4) Performance Evaluation and Explainability Analysis. The diagram
can adopt a left-to-right structure showing data flow through the model pipeline, with
arrows connecting each stage.

a? || B ||

Data Preprecessing|—»| Transformer | —p| Output Regression |—p| Performance

and Feature Encoding for Power Evaluation and
Normalization and Attention Prediction Explainability
Normalize Mechanism Predict PV Analysis
Input Data Extract Temporal Power Output Assess Model
Features Performance

Fig. 1. Model structure diagram
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4 Experimental Results and Analysis

The performance of the proposed Transformer-based photovoltaic (PV) power predic-
tion model was evaluated using real-world data collected from a solar power station.
The dataset included one year of hourly measurements covering PV power output, solar
irradiance, ambient temperature, humidity, and wind speed. To ensure consistency, all
continuous variables were normalized to the range of [0, 1], and the dataset was divided
chronologically into 70% for training, 15% for validation, and 15% for testing.

To validate the predictive capability of the Transformer model, two baseline mod-
els—BP Neural Network and LSTM—were selected for comparison. All models were
trained under identical experimental conditions using the Adam optimizer with a learn-
ing rate of 0.001 and early stopping to prevent overfitting. The detailed configurations
are summarized in Table 1.

Table 1. Experimental setup and parameter configurations

Parameter Value Description
Sequence length 24 Input window (hours)
Batch size 64 Samples per batch
Learning rate 0.001 Adam optimizer
Encoder layers 2 Transformer depth
Attention heads 8 Multi-head attention
Model dimension 64 Hidden representation size
Training epochs 80 Early stopping applied
Hardware NVIDIA RTX 4060 GPU PyTorch environment

The predictive performance of all models was evaluated using Mean Absolute Error
(MAE), Root Mean Squared Error (RMSE), Mean Absolute Percentage Error (MAPE),
and the Coefficient of Determination (R?). As shown in Table 2, the proposed Trans-
former model achieved the lowest prediction errors and the highest R? score, confirming
its superior accuracy and robustness compared to traditional neural network models.

Table 2. Performance comparison of different models on PV power prediction

Model MAE (kW) RMSE (kW) MAPE (%) R?
BP Neural Network 10.83 14.52 6.27 0.924
LSTM 7.64 10.31 4.58 0.953
Transformer (proposed) 597 7.84 3.29 0.972

To provide a visual comparison between predicted and actual PV power outputs,
Figure 2 illustrates the temporal variation of both curves over a one-week period. The
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Transformer model closely tracks the real power generation trends, accurately captur-
ing both daily peaks and valley transitions, while baseline models tend to lag or over-
shoot during rapid irradiance changes. This confirms the Transformer’s strong ability
to learn nonlinear dependencies and long-term temporal features from complex mete-

orological data.
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Overall, the experimental results demonstrate that the proposed Transformer-based
model substantially outperforms conventional methods in both accuracy and stability.
Its ability to generalize across different weather conditions highlights its practical po-
tential for deployment in intelligent PV energy management systems and smart grid

forecasting platforms.

5 Conclusion and Future Work

This study proposed a Transformer-based photovoltaic (PV) power prediction model
that effectively captures nonlinear and long-term dependencies between environmental
variables and power generation. By integrating a multi-head self-attention mechanism
and positional encoding, the model demonstrates a strong ability to learn temporal cor-
relations across meteorological features. Experimental results show that the proposed
model outperforms traditional neural network architectures such as BP and LSTM in
terms of MAE, RMSE, MAPE, and R2R"2R2, achieving higher accuracy and stronger
robustness under variable weather conditions.

The comparison between predicted and actual PV power outputs confirms that the
Transformer model can precisely track fluctuations in solar irradiance and temperature,
providing stable and realistic forecasts even during abrupt climate transitions. Further-
more, the model maintains interpretability through feature importance analysis, align-
ing with the physical characteristics of solar energy systems. These results validate the
potential of Transformer architectures as a high-performance alternative for intelligent
energy forecasting applications.
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Future research will focus on expanding the model’s generalization capability
through multi-site data fusion and transfer learning. In addition, incorporating short-
term weather forecasts, satellite imagery, or [oT sensor data could further improve pre-
diction reliability. Another promising direction lies in integrating the Transformer-
based prediction module into real-time smart grid scheduling systems to enhance the
efficiency and stability of renewable energy management.
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