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Multi-temporal PV power forecasts for different horizons, including 15-min, 1-hour, and day ahead.
Ensemble WPD-LSTM model enhances PV power forecasting and outperforms benchmark models.
Wavelet Packet Decomposition reduces noise and enhances handling of non-stationarity.
WPD offers a hierarchical decomposition, allowing forecasts to be made at different resolutions.
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 A B S T R A C T

The integration of photovoltaic (PV) systems into power grids presents operational challenges due to the 
inherent variability in solar power generation. Accurate PV power forecasting can help address these issues 
by enhancing grid reliability and energy management. This study introduces a novel hybrid deep learning 
approach that combines Wavelet Packet Decomposition (WPD) and Long Short-Term Memory (LSTM) networks 
to improve forecasting accuracy across multiple time horizons. The proposed model incorporates a dynamic 
weighting mechanism to optimally integrate the forecasts of decomposed subseries, effectively capturing both 
high- and low-frequency components of the power signal. Using real-world data from a solar parking site at the 
University of Twente, Netherlands, the proposed models are compared with standard LSTM, Linear Regression, 
and Persistence baselines across 15 min, 1-hour, and day-ahead horizons. The WPD-LSTM model with weight 
optimization reduces nRMSE by up to 72.5%, 52.9%, and 34.7% compared to Persistence, and by 68.6%, 
36.1%, and 7.5% compared to standalone LSTM, respectively. These results highlight the effectiveness of the 
hybrid approach in delivering more accurate and robust PV power forecasts.
∗ Corresponding author.
E-mail addresses: a.heydarian@utwente.nl (A. Heydarian Ardakani), silvana.matrone@polimi.it (S. Matrone), e.shirazi@utwente.nl (E. Shirazi).
https://doi.org/10.1016/j.egyai.2025.100540
Received 27 February 2025; Received in revised form 19 May 2025; Accepted 13 J
vailable online 28 June 2025 
666-5468/© 2025 The Authors. Published by Elsevier Ltd. This is an open access ar
une 2025

ticle under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://www.elsevier.com/locate/egyai
https://www.elsevier.com/locate/egyai
https://orcid.org/0009-0003-1135-8139
https://orcid.org/0000-0003-3989-5481
https://orcid.org/0009-0006-6968-1926
https://orcid.org/0000-0002-2106-0374
https://orcid.org/0000-0002-1274-1506
mailto:a.heydarian@utwente.nl
mailto:silvana.matrone@polimi.it
mailto:e.shirazi@utwente.nl
https://doi.org/10.1016/j.egyai.2025.100540
https://doi.org/10.1016/j.egyai.2025.100540
http://crossmark.crossref.org/dialog/?doi=10.1016/j.egyai.2025.100540&domain=pdf
http://creativecommons.org/licenses/by/4.0/


A. Sardarabadi et al. Energy and AI 21 (2025) 100540 
1. Introduction

The transition to renewable energy sources (RES) has become es-
sential as the world faces the consequences of climate change. The 
RES integration has further escalated due to the advances in RES 
technologies, decreasing costs, and supportive policies. By 2028, solar 
photovoltaic (PV) and wind energy are expected to provide 25% of the 
world’s electricity, surpassing conventional energy sources like coal and 
nuclear power [1]. However, this rapid growth comes with a major 
challenge. Solar power generation is inherently variable, influenced 
by environmental factors such as solar irradiance, temperature, cloud 
cover, wind speed, and humidity [2]. These fluctuations in PV power 
output pose challenges to grid stability and reliability [3].

Unlike conventional power sources, such as fossil fuels, which can 
provide a steady output, solar power generation is intermittent. It peaks 
around midday when the sunlight is strongest and drops to zero at 
night. This daily fluctuation requires careful planning to manage energy 
flows to balance consumption during periods when solar generation 
is unavailable. Seasonal changes further complicate this, with winter 
months typically providing less solar energy as a result of shorter 
daylight hours and lower sun angles [4]. Moreover, weather conditions 
such as cloud cover can cause rapid reductions in solar irradiance, 
leading to sharp declines in PV output [5].

The unpredictable nature of solar power generation presents sig-
nificant challenges to grid stability and reliability. As solar output 
fluctuates throughout the day and across seasons, it often does not 
align with the varying energy demands of consumers. Unlike traditional 
power systems, which can guarantee consistent output to meet demand, 
the sudden drops in solar generation can create supply shortages, 
risking voltage instability and grid disruptions [6]. Accurate forecasts 
enable more effective grid planning and operation, reduce the need 
for standby fossil-fueled power stations, and help minimize operational 
costs [7]. This not only optimizes the use of RES but also contributes 
to a more sustainable energy system, ultimately aiding in the reduction 
of greenhouse gas emissions [8].

Forecasting solar power output varies in complexity depending on 
the forecast horizon, with each time frame serving specific operational 
needs. As an example, nowcasting focuses on predictions within 15 min 
and plays a crucial role in real-time grid management and immediate 
corrective actions. Hour-ahead or intra-day forecasts, covering 15 min 
to 5 h, support energy trading and optimize short-term operational 
decisions. Meanwhile, day-ahead forecasts, which span from several 
hours to a full day, are essential for resource planning, economic 
dispatch, and grid stability. For longer-term forecasts, spanning weeks 
to months, applications include maintenance scheduling and finan-
cial planning, where even small inaccuracies could impact long-term 
financial outcomes [9].

1.1. Contributions

Despite considerable progress in solar power forecasting, challenges 
persist, particularly in regions with highly variable weather conditions. 
Traditional models often struggle to accurately predict PV power output 
when faced with abrupt changes caused by cloudy or rainy days, which 
are difficult to capture using historical PV data alone. The inherent 
seasonality and periodicity of solar power generation are frequently 
disrupted by these unpredictable weather patterns, resulting in noisy 
and erratic power signals.

This study aims to bridge the gaps in the literature by extending 
the forecasting horizon and introducing a novel application of existing 
methods to enhance prediction accuracy. The primary contributions of 
this work are as follows.

• A novel hybrid deep learning model combining WPD and LSTM 
is introduced to specifically address the issue of short-term LSTM 
predictions behaving like persistence models.
2 
• An ensemble of multiple models is trained, and their results are 
combined using optimized weights, providing a more accurate 
forecasting approach compared to traditional methods.

• The proposed hybrid model is evaluated on a real-world case 
study using historical data collected from a solar parking facility 
located at the University of Twente in Netherlands.

The remainder of this paper is organized as follows. Section 2 
reviews the literature. Section 3 details the research methodology, 
including data preprocessing, model description, prediction horizon, 
and weight optimization. Section 4 presents the results and discussion 
of the proposed forecasting models. Lastly, Section 5 concludes the 
study with key findings and implications.

2. Literature review

In short-term PV forecasting, weather conditions, including geo-
graphic location, sun position, and atmospheric conditions, are impor-
tant factors in determining solar irradiance. This information could be 
captured by analyzing sky images. In this regard, the authors in [10] 
applied linear machine learning models (e.g., Bayesian Ridge (BR) 
regression, Stochastic Gradient Descent (SGD), and Generalized Linear 
Model (GLM) regression) to features extracted from sky images. Build-
ing on this approach, in [11], Convolutional Neural Networks are used 
to process infrared sky images as they better represent cloud features.

Using time series data has demonstrated strong potential in PV 
forecasting, as evidenced by models using solar irradiance, module tem-
perature, and time-location data [12]. Studies have further identified 
key correlations between PV output and economic as well as geograph-
ical factors, uncovering unexploited potential in several regions [13]. 
Energy management frameworks for smart PV systems, supported by 
accurate forecasts, have greatly reduced electricity costs by enabling 
more efficient optimization of energy resources [14]. Additionally, 
prior work has demonstrated that machine learning models, including 
neural networks and regression approaches, can significantly enhance 
energy prediction accuracy and grid efficiency [15], motivating fur-
ther exploration into hybrid and deep learning architectures for PV 
forecasting.

Sequential models such as Long Short-Term Memory (LSTM) net-
works, have garnered attention for their ability to capture complex pat-
terns and dependencies in time series data [9]. Research has explored 
the application of LSTM networks to PV forecasting, with notable 
improvements in performance when hyperparameters were optimized 
through methods such as grid search and K-Fold cross-validation [16]. 
Additionally, the importance of selecting relevant input variables, in-
cluding meteorological factors like solar radiation, wind speed, and 
cloud cover, has been emphasized as critical to improving forecast 
accuracy [17].

Recent studies have applied hybrid deep learning models to refine 
the accuracy of the forecasts. For example, a model combining Wavelet 
Packet Decomposition (WPD) and LSTM networks showed great per-
formance in one-hour-ahead forecasting of PV power. However, this 
approach is primarily focused on short-term predictions, leaving room 
for exploration of longer forecasting periods [18]. Similarly, in wind 
power forecasting, a hybrid model merging WPD, LSTM, and CNN was 
employed to handle different frequency components of wind power 
data. The model forecasts both low and high-frequency sub-layers 
of wind power data and is optimized using sequential model-based 
optimization. The proposed model outperforms traditional approaches 
and improves prediction accuracy by at least 77.4% [19]. Another 
study introduced a new hybrid model by combining Gaussian process 
regression with WPD to forecast PV output. This method proved to be 
more accurate compared to traditional models varying seasonal condi-
tions. While it performed well in short-term predictions, its precision 
decreased for forecasts [20]. The effectiveness of these hybrid methods 
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Fig. 1. LSTM cell architecture highlighting the structure of the forget, input, and output 
gates.

indicates that combining temporal and spatial information can lead to 
better forecasting performance [21].

Innovative advancements, including the integration of attention 
mechanisms in forecasting models, have demonstrated improved ac-
curacy by allowing neural networks to focus on the most relevant 
data [22,23]. These methods have shown reliability in managing erratic 
and noisy time series signals, particularly during periods of seasonal 
variation and rapid weather changes. In addition, studies have op-
timized LSTM configurations for short-term forecasts by developing 
models tailored to specific seasons, using meteorological data from 
NASA to improve accuracy [24].

3. Research methodology

PV power forecasting is often influenced by complex and non-linear 
patterns. This limitation is more significant in regions with highly 
variable weather conditions, such as the Netherlands, where fluctuating 
weather conditions introduce considerable noise into the irradiance 
signal, which affects the model predictions [25].

To address these challenges, this section proposes a hybrid model 
for PV power forecasting. The proposed model employs LSTM archi-
tecture to capture the non-linear relationships between meteorological 
variables and PV power output. To further improve the model accuracy 
across different time horizons, WPD is applied to reduce noise and 
manage uncertainty in the input signal. The following sections describe 
the method in more detail.

3.1. Long short-term memory

LSTM networks are designed to capture long-term dependencies 
using a unique structure known as the cell state. The cell state acts as 
a memory pipeline, allowing the network to retain crucial information 
over long periods. As shown in Fig.  1, the flow of information within 
an LSTM is controlled by three primary gates: the input gate, the forget 
gate, and the output gate. Each gate plays a critical role in updating the 
cell state and hidden state as new data are processed [26].

3.1.1. Input gate
The input gate decides what new information will be added to the 

cell state. It consists of two parts: the sigmoid layer 𝑖𝑡, which determines 
which values to update, and the tanh layer 𝐶̃𝑡, which generates new 
candidate values:

𝑖𝑡 = 𝜎(𝑊𝑖 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖), (1)

𝐶̃𝑡 = tanh(𝑊𝐶 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶 ), (2)

where 𝑊𝑖, 𝑏𝑖, 𝑊𝐶 , and 𝑏𝐶 are the weight and biases for the input gate 
and candidate cell state, respectively.
3 
3.1.2. Forget gate
The forget gate determines which information from the previous cell 

state 𝐶𝑡−1 should be discarded. This is achieved by applying a sigmoid 
function to the previous hidden state ℎ𝑡−1 and the current input 𝑥𝑡, 
generating a forget vector 𝑓𝑡 with values between 0 and 1: 
𝑓𝑡 = 𝜎(𝑊𝑓 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓 ), (3)

where 𝑊𝑓  and 𝑏𝑓  are the weight and bias for the forget gate and 𝜎
denotes the sigmoid function.

3.1.3. Updating the cell state
The cell state 𝐶𝑡 is updated by combining the previous cell state 𝐶𝑡−1

and the new candidate values 𝐶̃𝑡. The forget gate 𝑓𝑡 scales the previous 
cell state, and the input gate 𝑖𝑡 scales the candidate values: 
𝐶𝑡 = 𝑓𝑡 ⋅ 𝐶𝑡−1 + 𝑖𝑡 ⋅ 𝐶̃𝑡. (4)

This equation ensures that the LSTM retains important long-term infor-
mation while incorporating relevant new information.

3.1.4. Output gate
The output gate determines the next hidden state ℎ𝑡, which will be 

passed to the next time step and also used as part of the final output. 
The output gate uses the updated cell state 𝐶𝑡 to produce the hidden 
state ℎ𝑡:
𝑜𝑡 = 𝜎(𝑊𝑜 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜), (5)

ℎ𝑡 = 𝑜𝑡 ⋅ tanh(𝐶𝑡), (6)

where 𝑊𝑜 and 𝑏𝑜 are the weight and bias for the output gate. Through 
these mechanisms, LSTMs can effectively manage long-term dependen-
cies in sequential data, making them particularly suitable for complex 
tasks such as time series forecasting.

3.2. Wavelet packet decomposition

The PV system under study is located in an area characterized by 
highly variable weather conditions, resulting in frequent fluctuations 
in PV power generation. These fluctuations introduce considerable 
noise into the power output signal, which can adversely affect the 
performance of forecasting methods, including LSTM.

Traditional forecasting approaches often struggle with rapidly
changing data that alternates between increasing and decreasing values 
within short intervals. To address this challenge, WPD is used. It is a sig-
nal processing technique that extends the traditional Discrete Wavelet 
Transform (DWT) by providing a more comprehensive time-frequency 
analysis. Unlike DWT, which recursively decomposes only the low-
frequency (approximation) components of a signal, WPD decomposes 
both the approximation and high-frequency (detail) components at 
each level. This process creates a complete binary tree structure, where 
each node represents a specific subband corresponding to a defined 
frequency range [27].

At each level of decomposition, the signal is convolved with a pair 
of quadrature mirror filters: a low-pass filter to extract lower-frequency 
components and a high-pass filter to extract higher-frequency compo-
nents. The outputs of these filters are then downsampled to reduce 
redundancy, resulting in two sets of coefficients at each step. This re-
cursive process continues to a specified depth, with the number of sub-
bands at level 𝑛 being 2𝑛. The ability to decompose both approximation 
and detail components allows WPD to capture fine-grained frequency 
information that is often missed in DWT, making it particularly suitable 
for signals with complex or non-stationary characteristics.

The selection of the wavelet function, such as Daubechies, Symlets, 
or Coiflets, determines the shape and resolution of the analysis, while 
the number of decomposition levels controls the granularity of the 
frequency subbands. In this work we chose to use Daubechies wavelets 
based on their proven ability to capture both high and low-frequency 
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components effectively while maintaining computational efficiency, 
which is critical for real-time applications. Daubechies wavelets, espe-
cially with higher orders, provide a good balance between smoothness 
and the ability to localize signal characteristics, making them suitable 
for our multi-temporal forecasting model. WPD coefficients represent 
the signal’s energy distribution across time and frequency, making them 
valuable features for applications such as fault diagnosis, biomedical 
signal processing, and audio analysis. This theoretical foundation of 
WPD ensures its effectiveness in extracting detailed time-frequency 
characteristics for downstream analysis.

WPD is particularly effective for non-stationary signals like those 
found in PV power generation, as it can decompose a signal into 
components at multiple frequency levels. This allows the isolation of 
high-frequency noise from the underlying trends, thereby clarifying 
the signal and reducing noise. The effectiveness of WPD in managing 
non-stationary signals makes it an ideal choice for improving the 
performance of LSTM models in this study [18,20].

The original PV power output and Global Horizontal Irradiance 
(GHI) time series are represented as:
𝑋 = [𝑃𝑡−𝑁 , 𝑃𝑡−𝑁+1,… , 𝑃𝑡]𝑇 , (7)

𝑌 = [𝐺𝑡−𝑁 , 𝐺𝑡−𝑁+1,… , 𝐺𝑡]𝑇 . (8)

These signals are decomposed into a set of sub-series:
𝑥1,𝑥2,… , 𝑥𝑖,… , 𝑥𝑚, (9)

𝑦1,𝑦2,… , 𝑦𝑖,… , 𝑦𝑚, (10)

where 𝑚 = 4 to balance computational efficiency and decomposition 
effectiveness.

Each decomposed series is fed to a single-branch reconstruction 
method to maintain the original signal length, which is crucial for pre-
serving temporal coherence. The reconstructed sub-series are expressed 
as:

𝑆𝑥𝑖 = [𝑝𝑖𝑡−𝑁 , 𝑝𝑖𝑡−𝑁+1,… , 𝑝𝑖𝑡]𝑇 , (11)

𝑆𝑦𝑖 = [𝑔𝑖𝑡−𝑁 , 𝑔𝑖𝑡−𝑁+1,… , 𝑔𝑖𝑡]𝑇 . (12)

This decomposition process allows for the effective isolation of 
different frequency components, thereby clarifying the signals and 
reducing noise. Fig.  3 illustrates the decomposition and reconstruction 
flowchart, along with a three-day analysis of the reconstructed signals, 
demonstrating the improvement in data quality crucial for developing 
precise and reliable forecasting models [19].

The original PV power signal (top panel) is decomposed using WPD, 
splitting it into multiple frequency components. This decomposition 
process is shown in the middle part of the figure, where the signal 
passes through low-pass and high-pass filters to isolate approximate 
and detailed components at different levels. Finally, the signals are 
reconstructed through a single-branch method, as displayed in the 
lower panels. Each reconstructed sub-series captures a specific fre-
quency range, demonstrating the reduction of noise and clarification 
of underlying trends in the data over three days.

Wavelet decomposition allows the LSTM to focus on different time-
scale phenomena by isolating low, medium, and high-frequency com-
ponents. LSTMs are well-suited for learning temporal dependencies, 
but when these dependencies occur at different time scales, the model 
may struggle to capture them effectively. By separating the frequency 
components, we enable the LSTM to specialize in learning specific 
patterns from each component, improving performance.

The low-frequency components capture long-term trends, such as 
daily solar cycles, which help the LSTM model learn broader patterns 
in PV power. In contrast, high-frequency components isolate short-
term fluctuations, like sudden changes in irradiance caused by passing 
clouds or atmospheric disturbances, allowing the model to focus on 
these transient dynamics. This separation enables the LSTM to analyze 
both steady, long-term behavior and rapid, short-term variations more 
effectively, leading to improved forecasting accuracy. A complete flow 
chart summarizing the entire research methodology is provided in Fig. 
2.
4 
3.3. Multi-temporal forecasting models

In this study, several forecasting models are developed to predict 
single-step, 1-h ahead, and 15-min ahead and multi-step, day-ahead 
PV power output. Two different approaches are used when dealing 
with WPD-LSTM models. These approaches differ primarily in how they 
handle the decomposed subseries of PV power and GHI signals and how 
they integrate these subseries with other input variables to generate the 
final predictions.

3.3.1. Single WPD-LSTM
The first model, referred to as the Single WPD-LSTM, employs a 

single LSTM network. In this model, the original GHI and PV power 
signals are first decomposed using WPD into multiple subseries. These 
subseries consist of one low-frequency component representing the 
overall trend and several high-frequency components capturing various 
levels of noise. After decomposition, the subseries are reconstructed, 
and these reconstructed signals are fed into the LSTM model alongside 
the original input variables, including meteorological data and tempo-
ral features. The LSTM model predicts the original PV power output by 
learning from the integrated information in the reconstructed subseries 
and other inputs. The key characteristic of this model is that it uses 
a single unified framework to process all the input data and predict 
the PV power output as a whole, leveraging both the broad trends and 
fine-grained fluctuations present in the reconstructed signals.

3.3.2. Ensemble multi WPD-LSTMs
The second model, known as the Ensemble Multi WPD-LSTMs, 

adopts a more granular approach by further specializing in the predic-
tion task. Here, the PV power and GHI signals are again decomposed 
into subseries using WPD. However, instead of integrating these sub-
series into a single model, each LSTM in the ensemble is dedicated to a 
specific reconstructed subseries. For each LSTM model in the ensemble, 
the input variables include its corresponding reconstructed subseries 
along with the associated meteorological and temporal features. Each 
LSTM is trained to predict its dedicated subseries of the PV power 
output. Once all the subseries have been predicted, they are aggregated 
to form the final PV power forecast. The ensemble method optimizes 
the weights assigned to each model’s prediction to minimize the overall 
RMSE. This approach allows each LSTM model to specialize in captur-
ing the distinct patterns or noise characteristics of its specific subseries, 
potentially leading to a more accurate and robust overall forecast by 
combining the strengths of multiple specialized models.

By comparing these two methods — the Single WPD-LSTM, which 
integrates all input variables into a single model, and the Ensem-
ble Multi WPD-LSTMs, which distributes the prediction task among 
multiple models dedicated to specific reconstructed subseries — the 
study aims to evaluate the effectiveness of signal decomposition, re-
construction, and ensemble modeling in improving forecast accuracy. 
This comparison is expected to provide valuable insights into how best 
to manage the inherent noise and variability in PV power and GHI data, 
ultimately leading to more reliable and accurate predictions.

3.3.3. Weight optimization for multi WPD-LSTM model
The proposed Multi WPD-LSTM model employs a weight optimiza-

tion approach to enhance forecasting accuracy. This method combines 
the outputs of multiple LSTM networks, each trained on different 
subseries obtained from WPD of the original PV power and GHI sig-
nals. The final prediction is a weighted sum of individual LSTM fore-
casts, with weights optimized to minimize the overall RMSE [18]. 
Mathematically, the final forecast at time 𝑡 is expressed as: 
𝑦̂final(𝑡) = 𝑤1𝑦̂1(𝑡) +𝑤2𝑦̂2(𝑡) +𝑤3𝑦̂3(𝑡) +𝑤4𝑦̂4(𝑡) (13)

where 𝑦̂𝑖(𝑡) represents the forecast from the 𝑖th LSTM model and 𝑤𝑖 is 
its corresponding weight. The optimization problem is formulated as: 
min RMSE(𝑦̂ (𝑡), 𝑦(𝑡)) (14)

𝐰 final
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Fig. 2. Framework of the proposed LSTM-WPD PV Power Forecasting. Comprising data acquisition and preprocessing, time-series decomposition, and feature engineering. LSTM 
networks are trained for short-term and day-ahead forecasting, with individual sub-series predictions aggregated to form the final output in multi-model configurations.
where 𝐰 = [𝑤1, 𝑤2, 𝑤3, 𝑤4] is the weight vector. This optimization 
is solved using the Nelder–Mead method, a derivative-free technique 
[28]. The rationale behind this approach is that different decomposed 
sub-series and their corresponding LSTM models capture various as-
pects of the PV power signal. By optimizing the weights, the model 
leverages the strengths of individual LSTMs while mitigating their 
weaknesses, resulting in a more accurate and robust final prediction. 
This method addresses the challenge of combining multiple forecasts 
effectively, ensuring that each model’s contribution is appropriately 
weighted to minimize the overall forecasting error.

3.4. Prediction horizon selection

Three different prediction horizons are selected for this study to 
address various operational needs in microgrids and energy markets: 
15-min ahead, hour-ahead, and day-ahead forecasts. These horizons 
are chosen to comprehensively evaluate the proposed forecasting mod-
els across different timescales relevant to grid operations and energy 
trading [9,29].

Fig.  4 illustrates the concept of prediction horizon and its rela-
tionship with the input window length for a single-step 15-min ahead 
prediction. The input window, representing historical data, advances 
incrementally as new predictions are generated. For the 15-min ahead 
forecast, the model predicts the PV output power for the next immedi-
ate 15-min interval. In the case of hour-ahead predictions, a gap of four 
time steps (equivalent to one hour, given the 15-min data resolution) 
is introduced between the last time step of the input window and 
the forecasted value. This approach ensures an accurate representation 
of the hour-ahead horizon. Finally, the day-ahead forecast involves 
predicting 56 time steps, corresponding to the daylight hours of the 
subsequent day. Night-time hours are excluded from the analysis to 
focus on periods of active PV power generation.

4. Results and discussion

This section presents the performance outcomes of the proposed 
models, providing insights into their effectiveness and predictive capa-
bilities. The performance of models is evaluated for the 15-min ahead, 
hour-ahead, and day-ahead forecasts.
5 
4.1. Case study (moved to results)

This study uses historical data from a solar parking facility located 
on the University of Twente campus in Enschede, Netherlands for 
model evaluation. The dataset spans a period of 26 months, from 
September 1, 2021, to October 31, 2023, with measurements recorded 
at 15-min intervals.

To complement the PV power output data, meteorological variables 
such as GHI, Wind Speed (WS), Ambient Temperature (Tamb), and 
Relative Humidity (RH) are included. These data are sourced from 
the Royal Netherlands Meteorological Institute (KNMI) and initially 
recorded at 10-min intervals [30]. To maintain consistency with the PV 
power output data, the meteorological variables are adjusted to 15-min 
resolution using interpolation techniques. This represents modification 
is a form of downsampling, not upsampling. Specifically, we reduce six 
10-min records per hour to four 15-min points, rather than generat-
ing artificial high-frequency data from lower-resolution measurements. 
This ensures that no fictitious high-resolution trends are introduced into 
the dataset. Moreover, meteorological variables such as temperature, 
irradiance, and humidity have low variability over short timescales, 
which justifies this interpolation approach.

During the preprocessing stage, the datetime information is de-
composed into three key components: Minute of the Day, Day of 
the Month, and Month of the Year. This transformation is essential 
for capturing diurnal and seasonal variations in PV power output. 
Additionally, nighttime data (from 20:00 to 06:00), where PV gener-
ation is negligible, are excluded to minimize noise and enhance model 
performance.

4.2. Model training (moved to results)

The WPD forecasting models (i.e., Single WPD-LSTM and Ensem-
ble Multi WPD-LSTM) utilize data preprocessed using WPD to extract 
time-frequency features from raw signals as described Section 3.2.

The Single WPD-LSTM model receives four input features decom-
posed using the WPD. These features were structured into sequences 
to match the temporal nature of the LSTM. The length of the input 
sequence is 10 for the 15-min prediction, 10 for the 1-h prediction, 
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Fig. 3. Wavelet Decomposition and Reconstruction of PV Power Signal. The original 
PV power signal (top) is decomposed into multiple frequency sub-series using discrete 
wavelet transform (DWT), as illustrated in the decomposition-reconstruction diagram 
(middle). The lower plots show the reconstructed signals for each sub-series, capturing 
different frequency bands.

Fig. 4. Sliding window approach for supervised time series learning. The raw sequen-
tial data is transformed into input–output pairs using a sliding window mechanism. 
For each window, a fixed number of past observations (green boxes) are used as input 
features, and the subsequent data points (blue boxes) serve as prediction targets. (For 
interpretation of the references to color in this figure legend, the reader is referred to 
the web version of this article.)

and 112 for the day-ahead forecast. On the other hand, the Ensemble 
Multi WPD-LSTMs model employs a set of parallel LSTMs, each trained 
on different subseries of the decomposed signal. The outputs of the 
individual LSTMs are aggregated using a weighted sum to produce the 
final prediction. The single LSTM model has an inference time of 6 ms 
on a typical GPU, while the more complex multi WPD-LSTM model 
6 
takes 35 ms. Since the forecast intervals are 15 min, both models are 
lightweight for training and suitable for real-time applications.

Both models were trained using a ratio of 0.75 train and 0.25 test. 
The architecture of each LSTM comprised one layer, with 50 units 
per layer, followed by two fully connected layers, one with 50 hidden 
neurons as the LSTM and a last one with number of neurons equal 
to the output sequence length. Training employed Adam optimization 
with an initial learning rate of 0.001, and mean squared error loss 
function, appropriate for regression. Regularization was achieved using 
a Dropout layer with a dropout rate of 0.5, applied after the LSTM layer 
to reduce overfitting by randomly setting 50% of the neurons to zero 
during training. The model was built with the Keras Python library [31] 
using the Sequential API. The training was conducted over 50 epochs. 
To determine the optimal configuration of the LSTM model, we applied 
a random search strategy over a predefined range of hyperparameters, 
including the number of LSTM units, dropout rate, learning rate, batch 
size, activation function, optimizer, and input sequence length. This 
approach was conducted independently for each forecast horizon to 
account for varying temporal patterns. The configuration presented in 
the results of this work is the one that yields the lowest RMSE on the 
test dataset for each horizon.

4.3. Performance evaluation

Experimental outcomes are evaluated and discussed to compare the 
effectiveness of conventional persistence model, LSTM, Multi WPD-
LSTM without weight optimization, and Linear Regression (applied 
only for day-ahead predictions) against the proposed models in this 
research. Representative samples with different weather conditions, 
including partially cloudy, rainy, and sunny, are selected for evaluation. 
The model is tested with 3 prediction horizons: 15 min ahead, hour 
ahead, and day ahead. The forecasting errors are presented in the 
following sections.

4.3.1. Short-term predictions
Fig.  5 presents the results of short-term PV forecasting for three 

different weather conditions: cloudy, rainy, and sunny. In the 15-
min-ahead predictions (5(a)), the proposed models effectively cap-
ture the general trends of PV power output. The predictions remain 
smooth under different weather conditions, including cloudy and rainy 
days. It can be seen that models that use decomposed input signals 
(single and multi WPD-LSTM) show better responsiveness to sudden 
weather changes. For the hour-ahead predictions (5(b)), the multi 
WPD-LSTM model achieves higher accuracy, particularly in capturing 
peak patterns. This is due to dedicating different models for processing 
sub-series and aggregating the information learned by all models.

4.3.2. Day-ahead predictions
As shown in Fig.  6, day-ahead forecasting is challenging, particu-

larly under the unpredictable weather conditions in the Netherlands. 
Although all predictions include some errors, WPD models show im-
proved performance. Moreover, the multi WPD-LSTM model achieves 
the highest accuracy due to its higher generalization capability.

4.4. Performance comparison

Table  1 presents the forecasting performance of different models 
across 15-min, 1-h, and day-ahead horizons using nRMSE, MAPE, and 
R2 as evaluation metrics. The proposed Multi WPD-LSTM model with 
weight optimization consistently delivers the most accurate forecasts, 
achieving the lowest nRMSE (2.67%, 7.31%, and 12.93%), the low-
est MAPE (5.37%, 13.09%, and 96.30%), and the highest R2 scores 
(0.99, 0.96, and 0.63) across all three horizons. The Single WPD-
LSTM model remains competitive, especially for short-term forecasting, 
with a 3.71% nRMSE and 4.81% MAPE at the 15-min horizon, but its 
performance lowers more rapidly than the multi-model version as the 
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Table 1
Forecasting errors for 15-min, hour, and day-ahead predictions.
 Method 15-min ahead Hour-ahead Day-ahead

 nRMSE MAPE R2 nRMSE MAPE R2 nRMSE MAPE R2  
 Persistence 9.70% 30.05% 0.90 15.52% 73.72% 0.59 19.81% 125.99% −0.07 
 LSTM 8.51% 14.56% 0.92 11.44% 20.19% 0.86 13.98% 96.31% 0.42  
 Single WPD-LSTM 3.71% 4.81% 0.99 8.88% 11.03% 0.95 13.80% 99.73% 0.46  
 Multi WPD-LSTM without weight optimization 3.07% 32.12% 0.91 8.02% 28.31% 0.82 13.11% 138.47% 0.39  
 Multi WPD-LSTM with weight optimization 2.67% 5.37% 0.99 7.31% 13.09% 0.96 12.93% 96.30% 0.63  
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ig. 5. Short-term PV power forecasting under different weather conditions: cloudy 
left), rainy (middle), and sunny (right).

ig. 6. Long-term PV power forecasting for different weather conditions: cloudy (left), 
ainy (middle), and sunny (right).

orecast horizon extends. The comparison between the optimized and 
on-optimized Multi WPD-LSTM models clearly shows the benefits of 
eight optimization, as the non-optimized variant performs worse in 
ll metrics (most notably in MAPE, where it reaches 32.12% for 15-min 
t

7 
Fig. 7. Comparison of nRMSE across forecasting models and prediction horizons.

nd 138.47% for day-ahead predictions). Traditional LSTM and persis-
ence models have poor performances in comparison, particularly for 
onger horizons; for example, persistence yields a negative R2 (−0.07) 
nd extremely high MAPE (125.99%) for day-ahead forecasts, while 
STM shows better but still inferior performance. This performance 
rend is further illustrated in Fig.  7, highlighting the superiority of 
he proposed Multi WPD-LSTM model, which outperforms traditional 
ethods across all horizons.

. Conclusion

This study addresses the challenges of solar power intermittency, 
hich impact the stability, safety, and economic efficiency of power 
ystems. A hybrid approach, combining WPD and LSTM models, is 
roposed to improve the accuracy of PV power output forecasting 
cross three different horizons. The results showed that the proposed 
PD-LSTM models outperform the benchmark models (persistence, LR, 
nd LSTM), particularly for short-term forecasts, i.e., 15-min and 1-
 ahead predictions. The effectiveness of the model is most evident 
hen each of the decomposed-reconstructed PV power series is fore-
asted independently and then combined using a weight optimization 
pproach, resulting in lower error values. However, the inclusion of 
ecomposed subseries resulted in only marginal improvements for day-
head forecasting, as anticipated, given the complexities of making 
ccurate long-term predictions in PV systems.
Notably, standalone LSTM models failed to achieve the level of ac-

uracy provided by the proposed WPD-LSTM models. This underscores 
he critical role of WPD in overcoming the limitations of traditional 
STM models, particularly in short-term forecasting. For day-ahead 
redictions, taking in more historical data improves model robustness 
nd its ability to capture long-term trends. However, for 15-min ahead 
orecasting, where immediate environmental conditions play a larger 
ole, relying solely on recent data proved more effective than using 
onger historical patterns.
Future work could explore the integration of attention mechanisms 

nto the LSTM architecture to enhance the ability of the model to 
ocus on the most relevant time steps or features, particularly under 
ariable weather conditions. Additionally, extending the forecasting 
orizon beyond day-ahead to cover multi-day or weekly predictions 
ould provide further value for grid operations. To improve predic-
ive accuracy and model robustness, more advanced hyperparameter 
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optimization techniques, such as Bayesian optimization or automated 
tuning frameworks, could be applied. Incorporating more meteoro-
logical inputs would also better performance. Finally, implementing 
online learning or adaptive retraining strategies would allow the model 
to adjust continuously to seasonal shifts and changing environmental 
conditions without requiring full retraining.
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