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Abstract

Accurate short-term photovoltaic (PV) power forecasting is increasingly important for maximizing on-site self-consumption
and ensuring reliable grid integration as decentralized PV deployment grows. This paper presents a systematic comparison of
Long Short-Term Memory (LSTM) and Transformer-based architectures for deterministic short-term PV power forecasting using
exclusively publicly available data from multiple climatic regions. The dataset combines multi-year 15-minute PV power mea-
surements from nine plants with corresponding meteorological variables, and it is followed by a unified preprocessing pipeline
that includes outlier treatment, interpolation, feature scaling, and correlation-based feature selection. Several feature subsets and
input window lengths are evaluated, and Bayesian hyperparameter optimization is employed to refine model configurations for
both architectures. The results indicate that using all meteorological variables except cloud coverage with a 2-day input window
yields the best performance. Under this configuration, the Transformer model outperforms the LSTM model, achieving on aver-
age test errors of MSE = 0.0038 and MAE = 0.0265, compared to 0.0055 and 0.0343 for the LSTM, respectively. An analysis
of time-resolved residuals shows that both models exhibit the largest errors around noon, while the Transformer provides a con-
sistently narrower error distribution over the diurnal cycle. These findings highlight the advantages of attention-based sequence
modeling for PV applications and offer practical guidance on feature design, input horizon selection, and hyperparameter ranges
for future data-driven PV forecasting studies.

1 Introduction

1.1 Motivation

The deployment of decentralized photovoltaic (PV) systems
continues to progress rapidly. Installed system numbers have
risen markedly in recent years, primarily driven by the uptake
of small-scale plug-in balcony PV units [1]. This development
indicates that PV systems are both economically attractive
and widely accepted by the public. However, the ongoing
capacity expansion is accompanied by tightening legal and reg-
ulatory constraints. For instance, feed-in remuneration is sus-
pended during periods when day-ahead electricity spot prices
are negative [2]. Consequently, the efficient on-site use of
self-generated PV energy is increasingly important [3]. More-
over, grid operators face increasing challenges in balancing
supply and demand as intermittent renewable sources consti-
tute a larger share of the energy mix. Accurate short-term
PV forecasts can mitigate voltage fluctuations, reduce curtail-
ment losses, and improve the integration of distributed energy
resources into distribution networks [3, 4]. From a prosumer
perspective, precise forecasting enables optimized battery stor-
age scheduling, peak-shaving strategies, and enhanced partic-
ipation in local energy markets [5, 6]. To enable these opera-
tional and economic benefits, accurate and reliable short-term
forecasts of PV generation are essential.

1.2 Contribution

This work compares two distinct forecasting methods and
relies on publicly available datasets. Using separate model
training runs, the influence of external variables on forecast
accuracy is investigated. The two selected architectures are
then compared based on their forecast errors over the day, as
this temporal error structure significantly affects the efficient
utilization of PV generation.

1.3 Paper Structure

This work is structured as follows: Sec. 2 utilizes related work
to discuss the choice of the forecasting method. Sec. 3 as the
main part describes the data preprocessing, feature selection as
well as the training process. The forecast assessment is done
in Sec. 4. A critical evaluation then takes place in Sec. 5, after
which the work concludes with a summary in Sec. 6.

2 Selection of the Forecasting Method

The choice of forecasting method is driven by the objective
of generating high-accuracy, robust short-term PV power fore-
casts. Against this background, a recurrent Long Short-Term
Memory (LSTM) network and a Transformer-based model
were selected, as both approaches have been identified in recent
studies, e.g., Husein [3], Abdelsattar [7], and Zhou [8], as
particularly effective for complex time series forecasting.
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Strongly nonlinear relationships characterized the PV time
series, with pronounced seasonal and diurnal patterns and
high sensitivity to meteorological parameters. These proper-
ties require models that can reliably capture both local pat-
terns (e.g., morning ramp-up, cloud passages) and longer-term
dependencies (e.g., seasonal changes in irradiance) [3, 6].
Recent reviews on data-driven PV forecasting indicate that
classical statistical methods and flat machine learning mod-
els (e.g., ARIMA, SVR, random forests) are increasingly
being displaced by deep neural networks, which systematically
achieve lower forecast errors across different horizons [3, 9].

Multiple recent review articles identify recurrent architec-
tures, particularly LSTM and Gated Recurrent Unit (GRU),
as the dominant class in PV forecasting research over the
last few years [3, 6]. LSTM networks explicitly address the
vanishing-gradient problem and can model long-range tempo-
ral dependencies, which are central to capturing irradiance and
power profiles under variable weather conditions [3]. Compara-
tive studies investigating various deep learning architectures for
solar or PV power forecasting report that LSTM models deliver
significantly reduced error metrics (e.g., Root Mean Squraed
Error (RMSE) or Mean Absolute Error (MAE)) compared
to simple (Multilayer Perceptrons) MLPs and conventional
Recurrent Neural Networks (RNNs) in many settings, espe-
cially serving as robust baselines for short-term to day-ahead
forecasts [3, 7]. GRU models, with a simpler gating mecha-
nism, often provide comparable accuracy, faster training, and
lower computational cost, making them practical alternatives
depending on application requirements [3]. Both architectures
remain widely used and effective for modeling the complex
temporal dynamics of PV generation data [3].

Current research demonstrates that LSTM-based models
perform reliably even when incorporating meteorological fore-
cast data and can be effectively combined with feature extrac-
tors such as convolutional neural networks (CNNs) [3, 6, 10].
Methodologically, LSTM architectures represent an estab-
lished and extensively evaluated reference approach in PV
forecasting literature, serving as a robust benchmark for newer
architectures such as Transformers [3, 10]. This integration of
LSTM with meteorological data enhances the model’s abil-
ity to capture environmental influences on PV power, thereby
improving forecast accuracy and operational reliability in real-
world applications [10, 11].

In parallel to the widespread adoption of LSTM networks,
a clear trend toward attention-based architectures, especially
Transformers, has emerged over the past two to three years
for time series forecasting [12–14]. Transformer models uti-
lize self-attention to capture global dependencies in sequences
without explicit recurrence, enabling simultaneous considera-
tion of distant time points and accelerating training through
full parallelization of sequence processing [13, 14]. Recent
overviews of deep learning methods for PV power forecast-
ing highlight that attention-based and Transformer variants
are increasingly regarded as promising extensions of recurrent
architectures, particularly for multi-step, medium- to long-
term forecasts and for handling high-dimensional input vectors
[3, 5, 13].

Recent studies specific to the PV domain demonstrate that
Transformer models significantly outperform LSTM and BiL-
STM in complex, long-sequence forecasting tasks such as
multi-day or seasonal PV power prediction regarding Mean
Squared Error (MSE) and MAE metrics [7, 15, 16]. Hybrid
approaches combining LSTM and Transformer components
highlight their complementary strengths: LSTM layers effec-
tively model local temporal dynamics and short-term patterns,
while Transformer components enhance the capture of global
dependencies over longer horizons [17, 18]. This supports
the view that Transformer-based models currently represent
the state of the art in PV time series forecasting, particularly
exhibiting strong innovation potential for challenging multi-
step or long-horizon scenarios [7, 15, 16]. Empirical evalua-
tions show both approaches achieve high accuracy, and their
integration into hybrid architectures offers promising improve-
ments in prediction precision and robustness for PV power
generation forecasts [17, 18].

However, comparative studies on time series forecasting
emphasize that LSTM models remain highly competitive for
short- to medium-term predictions with moderate input win-
dow lengths, often matching or surpassing Transformers at
significantly lower computational cost [12, 13]. Conversely,
comprehensive surveys of Transformers in time series analysis
reveal that pure Transformer models excel over recurrent net-
works on very long sequences and high-dimensional inputs but
do not necessarily outperform LSTMs on smaller datasets with
strongly localized patterns [12, 13]. This is a crucial factor, as
open-access data is not widely available [13]. PV studies also
explore alternative deep learning architectures, such as Tem-
poral Convolutional Networks (TCN), Minimal Gated Units
(MGU), and CNN-LSTM hybrids, whose performance gener-
ally falls within or slightly below that of established LSTM and
modern Transformer approaches [5, 6, 8, 19]. This nuanced
landscape highlights that choice of model depends on fore-
cast horizon, input complexity, and resource constraints, with
LSTMs still serving as robust, efficient baselines and Trans-
formers representing state-of-the-art for complex, long-horizon
scenarios [12, 13, 19, 20].

The choice of LSTM and Transformer models enables a
systematic comparison between two representative and com-
plementary architecture families reflecting methodological
advances in recent years [7]. Comparing these approaches
enables a robust evaluation of forecasting performance across
diverse horizons and data conditions, providing a scientifically
sound basis for further model development [7, 15]. This dual
selection enables analysis of trade-offs among prediction accu-
racy, computational efficiency, and the ability to capture both
local temporal dynamics and long-range dependencies in PV
power generation data [7, 15].

3 Baseload forecasting

The most critical aspect of developing a machine-learning
model is selecting and preparing the training dataset. The fol-
lowing details the data sources used in this study and the data
preparation process. Subsequently, the selection of features, the
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training of the models, and the tuning of their hyperparameters
are described.

3.1 Data Selection and Preprocessing

The data used in this research combines photovoltaic power
[21–25] and weather datasets [26, 27] from various towns
around the world, with a focus on representing different climate
zones. The dataset consists of several years in 15-minute res-
olution for the towns of Gaithersburg (USA) [21], Melbourne
[25], Istanbul [24], Hong Kong [22], and Bielefeld (GER) [23].

The photovoltaic power datasets comprises recorded power
in kW. To enable accurate comparisons between solar power
plants of different sizes, power is normalised to each plant’s
peak power (kWp).

The weather datasets [26, 27] contain common meteoro-
logical features for solar power forecasting, as stated in Tsai
[4]: temperature, relative humidity, cloud coverage, shortwave
radiation, wind speed, and angle of incidence. The significant
features were determined in the subsequent feature selection.

Both the photovoltaic power and weather data used in this
study were provided in CSV format. For each town, the cor-
responding files were merged, and subsequently stored in a
SQLite database.

During preprocessing, outliers and missing values must be
removed to ensure higher data quality. NAN-values were iden-
tified and replaced by zeros. Gaps occurred between two con-
secutive values because some weather files recorded feature
certain values at 30-minute intervals instead of the required
15-minute intervals. Furthermore, gaps with zeros were filled
with linear interpolation. In addition to linear interpolation, the
Piecewise Cubic Hermite Interpolating Polynomial (PCHIP) is
employed because it preserves the data’s shape and monotonic-
ity, yielding more accurate results [28].

Finally, the data is scaled using a min–max scaler, which
normalizes each feature to the [0, 1] range. This normalization
enhances the comparability of features whose value ranges dif-
fer widely. Furthermore, it helps the model’s training process
by limiting the range of parameter values to search over [30].

3.2 Feature Selection

The most commonly used features in photovoltaic power fore-
casting, as employed in Tsai [4], are assessed using scatter plots
and Pearson correlation analysis, as described below. For an
initial overview, a scatterplot is presented in Figure 1. To assess
linear relationships, an initial linear regression is performed
for each feature. Figure 2 illustrates the Pearson correlation of
weather-related features and the historical PV power. While the
Pearson correlation coefficient provides a precise measure of
the strength of a linear relationship, features may also exhibit
nonlinear relationships with the target variable [30]. There-
fore, in a third step, feature combinations are evaluated within
distinct machine learning models.

The scatterplot in Figure 1 clearly shows that shortwave radi-
ation exhibits the strongest linear relationship with PV power,

Fig. 1 Scatterplot with linear regression: target variable vs. fea-
ture

as also indicated by the highest R2 value. The angle of inci-
dence also plays a crucial role. This angle is determined by
the tilt and azimuth of both the sun and the solar module and
describes the angle between the direct sunlight and the line per-
pendicular to the PV panel’s surface. Other features, in order of
relevance, such as relative humidity, temperature, wind speed,
and cloud cover, show a less clear relationship.

The Pearson correlation analysis reveals the strongest cor-
relations between shortwave radiation and generated photo-
voltaic energy, as well as with the angle of incidence. Although
relative humidity exhibits a weaker linear correlation with the
target variable, it still significantly influences the generated
solar power. The Pearson correlation reveals a minor influence
of wind speed and cloud coverage.

As demonstrated in the scatter plot, in Figure 1 and the Pear-
son correlation, in Figure 2, some dependencies do not appear
to be linear. Thus, all mentioned features, regardless of their
relevance were used in the following process of model training
and hyperparameter tuning. Consequently, the evaluation and
assessment in Sec. 4 discuss the influence of the features on
the forecasting error.

3.3 Model Training and Hyperparameter Tuning

As described in Sec. 2, this work focused on training a neural
network using LSTM and Transformer architectures, imple-
mented in TensorFlow. TensorFlow, along with PyTorch, is one
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Fig. 2. Pearson correlation of features used for the model

of the most commonly used Python libraries for implement-
ing deep learning models [29]. The dataset was divided into
training, validation, and test subsets. The data for each pro-
file was split into 75% training, 10% validation, and 15% test.
The training dataset was used to train the model. In contrast,
the validation dataset monitored the training process and was
used to define potential termination criteria, such as early stop-
ping [29]. The test dataset was reserved for model evaluation,
as discussed in Sec. 4, ensuring that the assessment remains
independent of the training process. Since the dataset contains
samples from nine distinct solar power plants from five differ-
ent locations, a 9-fold cross-validation scheme was employed,
with each fold using data from one plant as the validation set
and the remaining eight as the training set. Consequently, nine
models were trained and validated. The optimal hyperparame-
ters were determined by the configuration yielding the lowest
average validation loss (MSE) across all folds. This approach
ensures a robust performance assessment and supports the
model’s ability to generalize across different locations.

Following the feature selection in Subsec. 3.2, a simplified
LSTM model was employed to identify the optimal feature
combination and input-window length. In contrast to the com-
plex LSTM model, no hyperparameter tuning and overfitting
regularization techniques, such as weight decay and dropout,
were applied. This simplified model serves as a baseline for
determining the optimal input configuration and for assess-
ing the impact of hyperparameter tuning. Table 1 presents the

Table 1 Architecture and hyperparameters - simplified LSTM

Hyperparameter Interval Reference

No. of Layers LSTM 2 [31]
No. of Neurons first LSTM Layer 32 [31, 32]
No. of Neurons second LSTM Layer 64 [31, 32]
AF of LSTM-Layers (tanh) [32]
AF of Dense Layer (sigmoid) [34]
Batchsize 32 [30, 31]
Learning rate 10−3 [31]
Optimization function (Adam) [30]

Table 2 Intervals of the optimized hyperparameters - Complex
LSTM

Hyperparameter Interval Reference

No. of Layers LSTM (1 - 3) [31]
No. of Neurons LSTM (32 - 128) [31, 32]
AF of LSTM-Layers (tanh) [32]
AF of Dense Layer (sigmoid) [34]
Batchsize (32 - 256) [30, 31]
Learning rate (10−5 - 0.01) [31]
Dropout rate (0 - 0.5) [31]
Weight Decay (10−6 - 10−3) [33]
Optimization function (Adam) [30]

architecture and hyperparameters used in the simplified LSTM
model.

The other models were optimized through hyperparame-
ter tuning to reduce the risk of overfitting and underfitting.
Bayesian optimization was performed using the Python library
Optuna, which is particularly effective for computationally
intensive optimization tasks. The mean squared error (MSE)
was used as the error metric, as it assigns greater weight to
larger prediction errors.

The ranges of variation for the hyperparameters of the LSTM
architecture are listed in Table 2. The range was derived from
values reported in various reviews of LSTM architectures for
solar power forecasting [30–33]. The tanh activation function
was used because it has been shown to yield the most promis-
ing results for LSTM architectures in solar power forecasting
models, according to Liu et al. [32]. To ensure that the output
values range from 0 to 1, since the target represents a relative
value within this range (unit: kW/kWp), a sigmoid activation
function was used in the dense output layer [34]. The Adam
optimization algorithm was chosen to estimate the network’s
weights and biases, as it ensures stable gradient descent and
provides an efficient adaptive learning-rate mechanism [30].

The ranges of the hyperparameters for the Transformer
architecture are listed in Table 3. Similarly to LSTM, the range
of the Transformer hyperparameters was derived from values
reported in various reviews [33, 35–38]. The sigmoid activation
function was also applied to ensure output values between zero
and one [34]. ReLU was used as the activation function in the
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Table 3 Intervals of the optimized hyperparameter -
Transformer

Hyperparameter Interval Reference

No. of Encoder Layers (1,2) [35]
No. of Decoder Layers (1,2) [35]
Input dimension (64, 128, 256) [36]
No. of attention heads (2, 4) [35]
No. of neurons FFN Layer (128 - 512) [38]
AF of FFN-Layers (ReLu) [38]
AF of Dense Layer (sigmoid) [34]
Batchsize (32, 64, 128) [36]
Learningrate (10−5 - 0.01) [37]
Weight Decay (10−6 - 10−4) [33]
Dropout rate (0 - 0.3) [36]
Optimization function (Adam) [30]

Feed Forward Network (FFN) block of the Transformer archi-
tecture, as it is the standard choice in the original Transformer
design [38].

Each architecture was trained and evaluated for 30 epochs
using Bayesian optimization, which efficiently balances explo-
ration of uncertain regions with exploitation of promising areas
in the hyperparameter search space to identify the configuration
yielding the lowest MSE [39]. During this process, the algo-
rithm progressively focused on the most effective parameter
ranges, yielding optimal hyperparameters that are critical for
capturing input-feature correlations with the target variable.

Table 4 summarizes the results of the hyperparameter opti-
mization. Conclusively, configurations with up to two LSTM
layers yielded the best results. Two layers appear sufficient to
capture the complexity of the underlying correlations. How-
ever, more critical to overall model performance is the number
of neurons in the first two layers of the LSTM architecture.
Given that the original optimization range for neurons in the
LSTM layers was between 32 and 128 (Table 2), a higher
number of neurons in these layers, as indicated in Table 4,
produced the best results. In the first LSTM layer, the data
enters the network, and the model begins to identify feature
correlations. A higher number of neurons in the second LSTM
layer is also beneficial. Since the model’s capacity is limited
by its number of neurons, an architecture with too few neu-
rons can lead to reduced performance [29]. According to the
best results, the dropout rate should neither fall below 0.2 nor
exceed 0.4. This indicates that a substantial proportion of neu-
rons need to be randomly deactivated to reduce overfitting and
improve generalization [31]. A dropout rate above 0.4 (the
original upper optimization limit is 0.5) may deactivate too
many neurons, increasing model error. A larger batch size was
found to be preferable after hyperparameter optimization, as
smaller batch sizes tend to result in slower convergence [30].
The optimal learning rate range also narrows, as values below
10−3 lead to poorer performance. Since a lower learning rate
corresponds to smaller steps during weight optimization, the
model may converge more slowly or fail to converge properly
[34]. Smaller values (below 4 · 10−5) for weight decay were
excluded from the most promising results. A sufficient degree

Table 4 Optimized Hyperparameter ranges - LSTM

Hyperparameter Interval

No. of Layers LSTM (1-2)
No. of Neurons - first LSTM Layer (96 - 120)
No. of Neurons - second LSTM Layer (80 - 120)
Dropout - first LSTM layer (0.2 - 0.4)
Dropout - second LSTM layer (0.2 - 0.4)
Batchsize (96 - 192)
Learningrate (10−3 - 0.01)
Weight Decay (4 · 10−5 - 10−3)

of weight regularization is required to counteract overfitting
[33].

Table 5 shows the optimized hyperparameters for the Trans-
former models. The encoder, as the core component of the
Transformer architecture, initially processes the input data and
identifies correlations between features and the target variable,
which is crucial to the model’s functionality. A single encoder
layer is sufficient to capture these correlations. Adding an addi-
tional encoder layer increases the model’s capacity but may
lead to overfitting, as the model begins to memorize training-
specific patterns and loses its ability to generalize to unseen
data [29]. The optimizations results focused on two decoder
layers. A higher decoder capacity is preferable, as it must inte-
grate information from the encoder with feature data for the
forecast interval [29]. This part of the architecture, therefore,
benefits from increased capacity to process and combine these
inputs effectively [29]. The optimization process considered
configurations with two or four attention heads, with a primary
focus on four. Increasing the number of attention heads enables
the model to capture a broader range of correlations and depen-
dencies between different parts of the sequence [38]. In this
case, a broader capacity to detect such correlations is required.

In contrast to the LSTM model, the optimization focused
on the smallest batch size. A smaller batch size enables finer
model calibration and more frequent weight adjustments. This
aspect is advantageous in the present Transformer model. The
smallest learning rate values were excluded during optimiza-
tion. Although the overall range of learning rates is relatively
small compared with the LSTM model (Table 2), the low-
est values can still lead to less effective convergence. The
initial learning rate range was intentionally set to relatively

Table 5 Optimized Hyperparameter ranges - Transformer

Hyperparameter Transformer Interval

Count of Encoder Layers (1)
Count of Decoder Layers (2)
Input Dimension (64)
Count of Attention Heads (4)
Count of Neurons FFN Layer (128 - 384)
Batchsize (32)
Learningrate (3 · 10−4 - 5 · 10−4)
Weight Decay (2 · 10−5 - 5 · 10−5)
Dropout rate (0.2 - 0.3)
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small values, as higher learning rates can lead to unstable
weight updates. Such instability may lead to attention entropy
collapse, in which individual attention heads focus almost
exclusively on a few positions, thereby neglecting relevant
information from other parts of the sequence [37].

The range of weight decay values was restricted relative to
the original range because both the smallest and largest val-
ues were excluded from the optimization. The optimization
focused on a dropout value between 0.2 and 0.3. Since dropout
is applied at several points in the Transformer architecture,
including the attention heads and the FFN it is essential for
promoting good generalization [38].

4 Forecast Assessment

Following the description of the model training procedures,
the evaluation is conducted in two parts: an analysis of the
performance of a simplified LSTM model under different
feature-selection configurations in Subsec. 4.2, and a com-
prehensive assessment of the same simplified LSTM model
using the most promising feature–input-window combinations,
including an analysis of the resulting error distribution in Sub-
sec. 4.3. Once the optimal combination of features and input
window length has been identified, it is applied to both the
hyperparameter-tuned LSTM and Transformer models.

4.1 Error Metrics

To ensure a comprehensive assessment, several error metrics
are considered. These metrics are presented in equations 1 - 4
[31]. Since the target variable (kW/kWp) is bounded between
0 and 1 and is therefore already normalized, no additional error
metrics were considered.

MSE =
1

n

n∑
i=1

(yi − ŷi)
2 (1)

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2 (2)

MAE =
1

n

n∑
i=1

|yi − ŷi| (3)

ri = yi − ŷi (4)

4.2 Feature Relevance and Time Lag

Several feature selections were evaluated for the simplified
LSTM model in this work. As already mentioned in Sub-
sec. 3.2, the following features were considered: temperature,
relative humidity, cloud coverage, shortwave radiation, wind
speed, and angle of incidence. The error metrics (test dataset)
are shown in Table 6, which also lists the omitted features. The
input window is set to one day by default.

The differences between the error values are relatively small.
However, based on the earlier finding that shortwave radia-
tion and the angle of incidence are the most crucial factors

Table 6 Average test error for different feature selections

No. Feature Selection MSE MAE

1 All features 0.0064 0.0383
2 All features except cloud coverage 0.0062 0.0378
3 All features except cloud coverage

and wind speed
0.0063 0.0383

4 Shortwave radiation, temperature,
angle of incidence

0.0065 0.0388

5 Shortwave radiation, angle of inci-
dence

0.0067 0.0393

influencing solar power generation, while other meteorological
variables, such as cloud coverage and wind speed, play a minor
role, incorporating more features still yields a slightly more
accurate forecast. This tendency is evident in the comparison
of feature combinations 1-3 with 4 and 5.

Overall, including all features except cloud coverage yields
the most accurate results for solar power forecasting. Since
cloud coverage represents a general value for a given loca-
tion, it does not provide information about the exact position
of clouds relative to the sun or how they block sunlight. Conse-
quently, low overall cloud coverage can still result in significant
shading of the solar panels, even if only a few clouds obstruct
direct radiation [40].

Si et al. [40] demonstrated that accurately capturing changes
in cloud coverage requires a CNN–LSTM network to model
this phenomenon both temporally and spatially. Furthermore,
they proposed an approach that considers the cloud regions
blocking sunlight, known as the Active Cloud Region Selec-
tion Rule, which is combined with CNN–LSTM outputs in a
Sequential Cloud Region Selection algorithm.

In the present work, a simplified representation of cloud cov-
erage was adopted, but it did not improve forecast accuracy.
More detailed modeling of cloud coverage may yield greater
benefits for forecast accuracy than using a single aggregated
value for a given location.

Since a one-day input window was previously used, the num-
ber of input days in Table 7 is now adjusted to evaluate its
impact on forecast accuracy. The results show that a two-day
input window yields the highest forecast accuracy. Neverthe-
less, the differences among the tested input window lengths are
minimal, and increasing the number of input days beyond two
does not improve model performance. Using more than two
days does not substantially improve forecast accuracy. There-
fore, to reduce computational demands and resource usage, a
two-day input window is used.

Table 7 Average test error for input-window-length

Input window (days) MSE MAE

1 0.0062 0.0378
2 0.0058 0.0365
3 0.0063 0.0382
4 0.0059 0.0365
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Table 8 Average test error - simplified LSTM vs. complex
LSTM

Model type MSE MAE

Simplified LSTM 0.0058 0.0363
Complex LSTM 0.0055 0.0343

In this work, the most promising results were obtained when
all features except cloud coverage were included, with a two-
day input window.

4.3 Error Distribution

To evaluate the impact of hyperparameter optimization, the
error metrics for both the simplified and complex LSTM mod-
els are shown in Table 8. The results indicate that tuning the
hyperparameters slightly improves the forecast accuracy. As
the observed differences in error are relatively small, it can
be inferred that hyperparameter optimization improves model
performance to some extent. However, data quality and char-
acteristics likely have a greater impact on overall forecasting
accuracy.

Table 9 compares the error metrics of the optimized LSTM
(complex LSTM) and Transformer architectures. Both the
average MSE and MAE on the test dataset indicate that the

Fig. 3 Hexbin plot: True vs. Predicted Values for the complex
LSTM - darker color implies higher density

Table 9 Average test error - complex LSTM vs. Transformer

Model type MSE MAE

LSTM 0.0055 0.0343
Transformer 0.0038 0.0265

Transformer model outperforms the LSTM. This improve-
ment can be explained by the fundamental difference in
how the two models handle sequential data: the LSTM pro-
cesses inputs sequentially, whereas the Transformer captures
the entire sequence at once using multi-head attention. This
architectural distinction accounts for the Transformer model’s
higher accuracy [38].

To visualize how the predicted values deviate from the true
values across different folds, hexbin plots for the complex
LSTM and Transformer models are shown in Figures 3 and 4,
respectively. The hexbin plots illustrate the density distribution
of the predicted versus true values. Fold 1 shows the lowest
forecast accuracy for both models. In contrast, the remaining
folds show smaller deviations from the diagonal, indicating
more accurate predictions.

For a detailed performance analysis, the error distribution
was examined at 15-minute intervals throughout the day. The
residual error was calculated as the difference between the true
values and the model predictions (see Subsec. 4.1). Figures

Fig. 4 Hexbin plot: True vs. Predicted Values for the Trans-
former
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Fig. 5. Error distribution over the day - complex LSTM

5 and 6 display the resulting curves for the complex LSTM
and Transformer architectures, showing both the interquartile
range (IQR) and the range between the 1st and 99th percentiles
(Q01 and Q99 ). The mean line represents the average residual
error across all time intervals. In addition to the residual error
quantiles, the RMSE is also presented.

As shown in Figure 5, the complex LSTM model exhibits
the highest variability in residual error and RMSE around
noon, where solar power is predominantly underestimated,
with residuals down to roughly -0.4 and occasionally overes-
timated, with values up to 0.35. The peak RMSE at this time
is about 0.13, corresponding to a relative RMSE of 13% under
the normalization of the target variable to the interval. In con-
trast, during night and early morning, the residuals remain
close to zero, with only slight overestimations observed. The
interquartile range (IQR) between Q25 and Q75 shows that the
majority of forecast errors fall within -0.05 to 0.05, which is
approximately 5% of the predicted value.

Figure 6 displays the residual errors and RMSE of the
Transformer model in comparison to the LSTM model. The
Transformer exhibits a more compact error distribution, with
residuals roughly between -0.35 and 0.30. Moreover, the errors
during the early morning and late evening hours are smaller,
and the IQR indicates a tighter concentration of residuals. The
maximum RMSE of 0.11 (11%) confirms that the Transformer
model operates within a narrower error range than the LSTM.

Fig. 6. Error distribution over the day - Transformer

5 Limitations and Future Work

Different limitations and assumptions in this study should be
taken into account. The forecasting model learns correlations
from historical data and uses measured meteorological data
corresponding to the forecast day. In real-world applications,
however, solar power forecasts are usually based on predicted
rather than observed meteorological inputs, which introduces
additional uncertainty. Consequently, the errors reported in this
study are relatively small. They would likely increase when
using weather forecast data rather than measurements, con-
sistent with findings [4] that typical RMSE values often lie
between 15–30% (RMSE: 6-8% for LSTM and Transformer) in
operational settings. Therefore, a performance degradation can
be expected when applying the model with realistic weather
forecast inputs.

Another limitation is the relatively small number of 30 trials
used during hyperparameter tuning, which limits exploration
of the hyperparameter space. More trials could identify better
configurations and further reduce forecast error [41]. Develop-
ing a truly robust solar power forecasting model would require
data from many solar power plants across different regions.
Since this study is limited to nine plants, its results cannot
be directly compared with those obtained from much larger
datasets, for example with data from one hundred plants. Future
work should therefore expand the hyperparameter search, for
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example by increasing the number of trials to 100 or more,
to explore a wider range of configurations systematically [41].
New hyperparameters could also be introduced, such as dif-
ferent activation functions and, for the Transformer, additional
architectural options including varying numbers of encoder and
decoder layers or attention heads.

Because machine learning models strongly depend on the
underlying data, improving dataset quality and diversity is
essential for better forecast accuracy. Incorporating measure-
ments from more solar plants in different regions would likely
enhance the model’s robustness and generalization. Regarding
cloud coverage, including information about the spatial rela-
tionship between clouds and the sun could further improve the
predictive value of this feature. Finally, future studies could
explore advanced or hybrid deep learning architectures, for
example, CNN–LSTM or other combined models, which have
been reported to improve performance in related forecasting
applications.

6 Conclusion

This study examined two general types of machine learning
architectures: LSTM and Transformer. The optimal configu-
ration was first identified using a simplified LSTM baseline
model, in which different feature sets and input window sizes
were evaluated. The best setup used all features except cloud
coverage and a two-day input window, which provided a good
balance between information and model complexity.

Hyperparameter tuning was employed for both the LSTM
and Transformer models, with the search space restricted to the
most promising parameter ranges. In addition to architectural
hyperparameters, such as the number of encoder and decoder
layers in the Transformer and the number of LSTM layers and
neurons, regularization-related parameters, including dropout
and weight decay, were also optimized within narrow ranges to
reduce overfitting.

In direct comparison, the Transformer model outperformed
the LSTM model, achieving a test MSE of 0.0038 versus
0.0055 and a test MAE of 0.0265 versus 0.0343. Residual anal-
ysis and RMSE analysis showed that both models produced
the largest forecast errors around noon and the smallest errors
in the early morning, but the Transformer consistently exhib-
ited lower residuals, consistent with its lower MSE and MAE
values.

The superior performance of the Transformer architecture
can be attributed to its fundamentally different approach to
modeling temporal information and dependencies. Through its
multi-head attention mechanism, the Transformer can simulta-
neously capture correlations across multiple time steps, which
is advantageous over the strictly sequential, step-by-step pro-
cessing of the LSTM and has been reported as a key benefit of
Transformer-based models in time series forecasting.
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