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ABSTRACT Accurate prediction of photovoltaic power is crucial to optimize its integration into the power
grid. However, this task is highly complex due to the inherently stochastic nature of photovoltaic power
generation. To address this challenge, this paper proposes a novel hybrid framework that combines a Long
Short-Term Memory network with the Fourier SynchroSqueezed Transform, and Bayesian Optimization.
The model integrates the Fourier SynchroSqueezed Transform with the Long Short-Term Memory network
to enhance the identification of very short-term patterns in photovoltaic power production. Additionally,
Bayesian Optimization is used to determine the most relevant hyperparameters of the Long Short-Term
Memory network. The model was evaluated using real-world data from the Desert Knowledge Australian
Solar Centre project, considering different data segmentation sizes, ranging from 15 days to four months, and
input types, including univariate and multivariate data, with prediction horizons ranging from five minutes
to three days. Significant improvements in prediction accuracy were observed. For example, the Root Mean
Squared Error for the 15-day data segmentation decreased by 19.48% when using multivariate inputs and
by 29.59% for univariate inputs. For a four-month data segmentation, improvements reached 40.12% and
64.47%, respectively. Furthermore, the model demonstrated robust performance across various prediction
horizons. For the 15-day segmentation, the Root Mean Squared Error was approximately 0.707 kW with an
average power of 8.540 kW, while for the four-month segmentation, the error ranged around 0.467 kW with
an average power of 4.733 kW. These results demonstrate the effectiveness and consistency of the proposed
model in enhancing photovoltaic power forecasts across different time scales and data segmentations. The
demonstrated ability to provide consistent and accurate predictions across multiple time horizons and data
segmentations represents a significant advancement toward seamless integration of solar energy into the
electricity grid.

INDEX TERMS Deep learning, long short-term memory neural network, Fourier SynchroSqueezed
transform, Bayesian optimization, photovoltaic power prediction.

I. INTRODUCTION aimed at neutrality and the reduction of carbon emis-
The generation of energy from photovoltaic sources has gar- sions. Photovoltaic energy, with its inherent advantages,
nered considerable attention worldwide, driven by initiatives is experiencing noteworthy each year. However, the out-
put power of photovoltaic systems is heavily influenced

The associate editor coordinating the review of this manuscript and by meteorological variables [1] such as solar irradiation,
approving it for publication was Ahmed F. Zobaa . temperature, cloud cover, wind speed, etc. This set of
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factors results in highly variable energy that changes over
time.

This variability poses challenges to the efficient operation
of the electrical grid, especially when electrical operators are
planning how to distribute that variable energy across the grid
to match real-time generation and consumption. Therefore,
accurate prediction of photovoltaic energy facilitates the
management and integration of this energy into the grid, as it
allows the electrical operator to anticipate the amount of
energy that will be injected in a specific period for network
performance analysis, reducing uncertainty in predictions and
enhancing the integration of photovoltaic energy into the grid.

A. RELATED WORKS

Predictive models for photovoltaic energy can be classified
based on the prediction horizon or the prediction model
used [2], although there is no unanimous consensus in
defining this classification. According to the prediction
horizon, photovoltaic energy can be categorised [3] into
intra-hour, intra-day, and day-ahead predictions. In intra-hour
predictions, the prediction horizon covers from a few minutes
to one hour in advance, while in intra-day predictions, the
prediction horizon is limited from one hour to six hours.
Finally, in day-ahead predictions, the prediction horizon is
limited from 6 hours to 72 hours, usually with an hourly
resolution. All these horizons are related to the activities
of the electrical grid operator, such as network stability,
energy dispatch, balancing production and consumption
in the electricity market, variability related to operations,
optimization, and planning. Depending on the model used,
prediction models can be classified into physical models,
statistical models, machine learning models, and their hybrid
combinations.

Physical atmospheric models are based on the interaction
between the physical state and the dynamic movement of
solar radiation in the atmosphere. These models are further
categorised into Numerical Weather Prediction (NWP), sky
imagery models, and satellite imagery. NWP is accurate
for daily horizons and provides predictions up to 15 days
in advance. Sky and satellite imagery models are accurate
for intra-day horizons [4]. Physical models are accurate
for predicting photovoltaic energy for daily and intra-day
horizons. However, they require expensive equipment and
parameters to produce meteorological data [5].

Statistical models are another commonly used technique
in time series prediction. These models use mathematical
equations to extract patterns and correlations from historical
data. These models are easy to implement as they do not
require detailed information about system’s internal states for
modelling. However, they have some limitations regarding
adaptability, learning capability, and prediction accuracy [6].
These techniques accurately predict photovoltaic energy
for the intra-hour prediction horizon. However, as the
prediction time increases, they may lose precision. The main
disadvantage of the statistical models is the lack of physical
modelling during the prediction ‘the nonlinearity.’
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To address the non-linearity problem, many authors
have utilised machine learning models [5], [6], [7], [8],
including Artificial Neural Networks (ANNs), K-Nearest
Neighbor (KNN), Support Vector Machines (SVM), Random
Forest (RF), among others. These models do not require
a mathematical model to learn from historical data and
analyse the stochastic behaviour between the past and the
future [9]. However, one of the main disadvantages of
shallow Machine Learning (ML) models is their relative
lack of depth. Shallow models exhibit notable limitations,
such as the learning process, parameter selection, and
low generative capacity [10]. Consequently, these models
may be unsuitable for learning the complex patterns in
photovoltaic power data. Furthermore, the complexity of
these models becomes an obstacle as the data size increases.
While shallow models perform well when the training
set is relatively small, an increase in data can lead to
instability and lack of convergence due to the abundance
of photovoltaic power data. All these limitations have
led to the consideration of using Deep Learning (DL)
techniques.

Recently, with advancements in supercomputing and the
availability of large datasets, DL, as a promising branch
of ML, has piqued the interest of many researchers in
utilising these techniques to enhance accuracy in predicting
photovoltaic energy generation. These techniques possess
a high generative capacity, unsupervised learning ability,
and can handle large datasets, thus overcoming limitations
in shallow models. DL techniques have been successfully
applied in various areas, including forecasting of power
generation [11], [12], [13].

Several DL architectures have been employed for pho-
tovoltaic energy prediction [10], including: Deep Belief
Networks (DBN), Stacked Autoencoders (SAE), Deep
Recurrent Neural Networks (RNN), and other architectures
such as Stacked Extreme Learning Machines (SELM),
Deep Reinforcement Learning, Deep Convolutional Neural
Networks (DCNN), and Generative Adversarial Networks
(GAN), among others.

The first application of DL techniques in the field of
renewable energy power prediction was introduced by [14],
where the authors utilised DBN, SAE and Long Short-Term
Memory (LSTM) in 21 solar power plants. The results show
that these techniques yield better outcomes compared to the
Multilayer Perceptron (MLP) and physical models. One of
the DL techniques is CNNs, a specialised type of neural
network designed to process grid-like data, such as images,
and perform well in time series prediction and pattern recog-
nition. Consequently, CNNs can understand the relationship
between sky images and photovoltaic power. An outstanding
example is the SolarNet model developed in [15], where the
authors use a CNN to predict solar energy 10 minutes in
advance. This model, which only took sky images as input
without numerical measurements, demonstrates the ability to
learn latent patterns between images and global horizontal
irradiance.
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Time-frequency transform (TFTs) have been used in com-
bination with DL techniques. For instance, Variational Mode
Decomposition (VMD) was employed alongside Recurrent
Neural Network, with their hyperparameters optimized using
an original modified version of the Harris Hawk Optimization
algorithm for renewable power prediction, including both
wind and photovoltaic sources [16]. Among DL architectures,
LSTM in particular has also been widely applied in conjunc-
tion with these TFTs-for example, with the Fourier transform
as a feature extractor [17] and as a denoising method [18].
Notable results have also been achieved by combining LSTM
with VMD [19] and with wavelet transform [20], [21].

LSTM has also demonstrated its superiority over other
techniques such as shallow Machine Learning methods
and other deep learning-based techniques in photovoltaic
energy prediction [10], [22], [23], [24], and wind power
prediction [25].

Different configurations of an LSTM network to predict
photovoltaic energy are considered in [26], where a configu-
ration of three inputs (3-time steps) and 50 epochs provides
good results. In addition, the comparison with other shallow
models, such as Multiple Linear Regression (MLR), Neural
Network (NN), showed that the LSTM model performs
better. In the same line [27] develops different types of deep
learning neural networks, including LSTM, GRU, BiLSTM,
BiGRU, CNN — LSTMp and CNN1p — GRU, to predict
photovoltaic energy at different prediction horizons (1 min,
5 min, 30 min and 60 min). The best result was obtained using
LSTM for a 1-min prediction horizon, but as the horizon
increased, the error also increased. The hyperparameter
determination was exhaustive but time-consuming. Also,
in [10] the authors developed an LSTM for a day-ahead
PV power forecasting, demonstrating the superiority of such
an LSTM-based approach with respect to Back Propagation
(BP), Multi-Layer Perceptron (MLP), Radial Basis Function
(RBF), Fuzzy C-Mean Clustering, Layer Recurrent (LR),
Autoregressive Moving Average (ARMA), Autoregressive
Integrated Moving Average (ARIMA, Seasonal Autoregres-
sive Integrated Moving Average (SARIMA), and persistent
model [22], [23].

Intending to improve prediction accuracy, other authors
focused on the development of hybrid models. For example,
in [28] three deep neural network techniques- CNN, LSTM,
and a hybrid CNN-LSTM model- were utilised to predict
photovoltaic energy. Their results show, on the one hand, that
the accuracy of the results heavily depends on the size of the
available data, and on the other hand, the development hybrid
model had higher accuracy than individual CNN and LSTM
models. A constrained LSTM (C-LSTM) [29] is proposed
by using KNN to extract prior knowledge to combine with
transfer learning. These works present effective results but
are limited to a given prediction horizon.

There are works that overcome this limitation, [30]
where LSTM is combined with a non-linear autoregressive
Neural Network optimized by the Tabu search algorithm
considers two prediction horizons: 5 minutes and 1 hour.
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Also Boosting techniques hybridising with LSTM [31]
worked with various prediction horizons (from 5 minutes
to 14 days). However, the results show that the model’s
performance improves as the time horizon decreases.
A novel and effective hybridization of the Particle Swarm
Optimization (PSO) algorithm was introduced to optimize
the hyperparameters of a LSTM for power PV predic-
tion demonstrating promising results in improving model
performance [32].

B. CONTRIBUTIONS

The procedure described above provides well-established
photovoltaic generation prediction models based on machine
learning techniques, which typically entail high compu-
tational costs. These learning processes often require the
optimization of a large number of hyperparameters, further
increasing computational demands [33]. Moreover, existing
models generally achieve satisfactory performance by target-
ing specific prediction horizons and relying on fixed data set
segmentation (DSS).

This work introduces a novel model capable of delivering
accurate predictions across varying time horizons indepen-
dently of the DSS. The proposed model consists of three core
parts. First, the Fourier Synchrosqueezed Transform (FSST)
is employed to enhance adaptation to temporal signal vari-
ations, offering a more precise representation of frequency
components while preserving the original signal’s temporal
resolution. Second, a LSTM network is used, whose architec-
ture enables effective control of input flow and internal mem-
ory, thus improving the model’s ability to capture temporal
dependencies. Third, Bayesian Optimization (BO) is applied
to tune the LSTM’s hyperparameters efficiently, ensuring
improved performance while maintaining manageable com-
putational costs.The innovative integration of FSST with a
Bayesian-optimized LSTM network results in a photovoltaic
generation prediction model that performs robustly across
multiple prediction horizons and DSS configurations, striking
a favorable balance between accuracy and computational
efficiency.

The main contributions of this work are summarized as
follows:

o The use of the FSST enables the identification of very
short-term patterns in time series data. This appears
to be the first application of FSST in the context of
photovoltaic energy production forecasting, as far as can
be determined from the existing literature.

o The proposed integration of the FSST with a
hyperparameter-optimized LSTM network exhibits
strong predictive performance across a wide range of
time horizons (5 minutes, 30 minutes, 1 hour, 6 hours,
1 day, and 3 days) and data set segmentation (DSS),
ranging from 15 days to 4 months.

To ensure consistency and robustness of the proposed hybrid
approach, the following methodological considerations were
addressed:
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FIGURE 1. The internal structure of an LSTM cell.

« Two types of input patterns: (i) Univariate input, where
only the historical evolution of total active power is used
to forecast future power output; and (ii) Multivariate
input, where three meteorological variables—global
horizontal irradiance (W /m?), diffuse solar radiation
w /m2) and ambient temperature (°C)—are used as
predictors of future active power output (kW).

o Hyperparameter optimization: BO is applied to deter-
mine the optimal configuration of LSTM hyperparam-
eters, taking into account the input type, DSS, and
prediction horizon.

o Evaluation criteria: The performance of the proposed
model is evaluated based on both prediction accuracy
and computational cost.

C. ORGANIZATION

The remainder of this paper is organised as follows: Materials
and method are presented in Section II, which includes
an overview of LSTM, the integration of FSST in the
data preparation phase of the LSTM network, and the
search for optimal hyperparameters through BO, along
with the evaluation metrics. Section III details the data,
its characteristics, and the cleaning, scaling, and feature
selection processes. It also explains the case studies carried
out. Finally, Section IV presents the main conclusions and
future perspectives.

Il. MATERIALS AND METHODS

A. LONG SHORT-TERM MEMORY (LSTM)

LSTM networks were originally proposed by Hochreiter and
Schmidhuber in 1997 [34] as an advancement over conven-
tional neural networks by introducing memory blocks in place
of standard hidden units. This design addresses the vanishing
gradient problem by enabling gradients to propagate through
many time steps without vanishing or exploding [35].
In LSTM terminology, ‘Long-Term Memory’ denotes the
network’s capability to preserve relevant information over
extended sequences via slowly adapting weight parameters.
These parameters encode generalized knowledge from the
training data, allowing the network to retain information from
prior time steps for use in subsequent decision processes.
Conversely, ‘Short-Term Memory’ refers to the temporary
retention of information within a sequence, maintained as
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transient activations transmitted between successive nodes.
The core LSTM architecture comprises a memory cell
containing an internal state alongside a set of multiplicative
gates, as depicted in Figure 1. These gates modulate the
information flow by controlling which inputs are stored
within the cell and the extent to which the cell state influences
the network’s output.

The data feeding the mentioned gates and the input node
C, consists of the input at the current time step (X;) and the
hidden state from the previous time step (H;_1). The input
gate (I;) determines how much new input data should be
considered through C;. The forget gate (F;) decides what
information to retain and what to discard from the previous
internal state of the cell (C;—1). These two gates give the
LSTM model flexibility to learn when to keep an input
unchanged and when to perturb it based on successive inputs.
The output gate (O;) determines whether the memory cell
should influence the output at the current time step, which
is represented by the current hidden state of the cell (H;).
When the output gate value is close to 1, the internal state of
the memory cell affects the layers without obstacles. On the
other hand, when the value is close to 0, the memory cell
is prevented from affecting other layers of the network at
the current time step. In other words, the memory cell can
accumulate information over many time steps with or without
affecting the rest of the network, depending on the value of
the output gate. Mathematically, the equations representing
the LSTM cell can be defined as follows:

Fr = oWy X: + WyeH—1) + br) (1)
I = o (WX + WiiH—1) + b)) )
Or = o(WyoXi + WioH(t—1) + bo) 3)
C; = tangh(WyX; + WyeH—1y + be) “4)
Ci=F -C_i+1L-C (5
H; = O, - tangh(C) (6)

where Wyr, Wy, Wy, Wie'y Wip, Wi, Wi, Wi are weight
parameters of the neurons, by, b, by, b, are bias parameters,
- is a product operator, and o is a sigmoid function.

B. FOURIER SYNCHROSQUEEZED TRANSFORM

In this paper, the use of the FSST allows analysis of
temporal patterns in time series. FSST can be instrumental
in identifying frequency patterns in the data, a crucial aspect
of understanding very short-term variations in photovoltaic
energy production.

The FSST is based on the Short-Time Fourier Transform
(STFT). STFT is a technique used to analyse how the
frequencies of a signal vary over time. It is based on the fact
that a signal is piecewise stationary over short time intervals.
This means that the signal can be considered constant over
a small interval, which allows the Fourier transform to be
applied to analyse the frequencies in that interval. However,
many signals are not stationary in the short term (speech
signals, music, ...). This is the main limitation of this
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technique. FSST is a spectral energy reallocation method in
the Time-Frequency domain [36]. This technique allows a
better adaptation to temporal signal variation and provides
a more accurate representation of the frequencies present in
non-stationary signals.

FSST takes the best of both techniques to accurately
and efficiently represent non-stationary signals in the Time-
Frequency domain [37]. The STFT is used to divide the
signal into segments, which is helpful for capturing temporal
variations. Meanwhile, the SST is applied to each segment to
improve the accuracy of frequency identification. The FSST
mathematically can be defined by the equation:

FSST:/ w08 (w—wy(n,0)dn D

where vr(n, t) is the short-time Fourier Transform (STFT)
of a signal at time t filtered at frequency 7 using a
spectral window f, w y wy are the observed frequency and
instantaneous frequency, respectively. It is worth mentioning
that the FSST maintains the same temporal resolution as the
raw signal. Given this feature, it is expected that the FSST will
improve the prediction results. The optimal size of the FSST
depends on several factors, including the characteristics of the
data, the level of detail to be captured in the data and others.

In comparison to other time-frequency analysis methods,
FSST stands out due to its sharp and noise-robust represen-
tation, which is essential for characterizing non-stationary
signals like photovoltaic energy output. Classical techniques
such as the Short-Time Fourier Transform [38], Continuous
Wavelet Transform (CWT) [39], or Wigner-Ville Distribution
(WVD) [40] offer basic time-frequency analysis capabilities,
but their non-parametric nature often results in trade-offs
between time and frequency resolution or undesirable
artifacts in the time-frequency representation (TFR). More
advanced transforms, like the Smoothed Pseudo WVD [41]
or Choi-Williams Distribution (CWD) [42], improve these
limitations but still suffer from cross-term interference or
limited adaptability.

SST techniques [43], including the Wavelet-based SST
(WSST) and the Fourier-based SST (FSST), have emerged
to address these drawbacks by reallocating spectral energy
and enhancing resolution. WSST performs well for slowly-
varying components [44], but struggles with fast-varying,
multicomponent signals [45]. FSST improves upon this by
reassigning energy based on STFT, providing sharper TFRs
with improved resolution for both slow and moderately fast
components [43], [46]. Furthermore, it retains the temporal
resolution of the original signal, which is crucial in short-term
forecasting applications.

C. HYPERPARAMETERS OPTIMIZATION

LSTM networks, like other deep learning models, have
several hyperparameters. Some of these hyperparameters are
related to computational capacity, while others affect the
model’s performance and its ability to make accurate predic-
tions. The configuration of these hyperparameters impacts the
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overall accuracy of the model depending on the behaviour and
the data size. Poorly configured hyperparameters can lead to
problems of overfitting or underfitting during training [47].

The task of tuning the hyperparameters is not straightfor-
ward, can be time-consuming, and requires an understanding
of how each hyperparameter affects the overall performance
of the model. There are different classical strategies for this
tuning, including trial and error, grid search and random
search. These strategies, valid in certain cases, have different
disadvantages: they are time-consuming, their efficiency
decreases as the number of hyperparameters to be optimized
increases, and they can be ineffective because they require
many iterations to obtain satisfactory results [48]. Along
this path, different metaheuristics have been applied for
LSTM hyperparameters optimization, such as neural net-
works, genetic algorithm, particle swarm optimization [49],
[50], [51], and original hybridizations of optimization
techniques [25] and [32].

BO has been widely employed to enhance hyperparam-
eters of different DL architectures. BO allows, smart and
efficiently, to find the optimal hyperparameter settings with
a minimum number of objective function evaluations [52].
This approach is especially valuable when objective function
evaluations are costly (prediction) and access to the gradient
of the loss function concerning the hyperparameters is not
available. BO uses the information accumulated throughout
the optimization to perform an efficient search.

BO comprises two key elements: a surrogate (probabilistic)
model and an acquisition function. The surrogate model
approximates the objective function being optimized; this
model takes a probability distribution over the possible
objective functions using the Gaussian Process (GP). A mean
and covariance function fully specify the GP, which thus
provides an estimate of the objective function along with
a confidence interval. This means it estimates not only the
objective function at a given point but also the uncertainty
associated with that estimate. The quality of the GP is highly
dependent on the covariance function (also called Kernel
function) [53]. The acquisition function serves as a criterion
for selecting the next point to evaluate the objective function,
considering the probability distribution of the surrogate
model. This function determines the utility of evaluating the
objective function in different areas of the search space. In the
present work, this approach involves selecting points that are
highly likely to be suitable and can also be evaluated quickly
since the search is oriented towards low-cost areas.

BO involves making decisions under uncertainty, trading
off exploration and exploitation. As discussed previously,
LSTM networks excel at leveraging past data to generate
precise predictions in sequential contexts. The last piece of
puzzle is to connect the LSTM network to BO, here we
employ BO with Gaussian process surrogate model to effi-
ciently guide the search for optimal LSTM hyperparameters.

As summarized in Algorithm 1, the procedure begins by
defining a prior over the space of LSTM hyperparameters
(number of hidden layers, number of neurons, learning rate
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Algorithm 1 Hyperparameters Tuning Using the GP Model

1: Inputdata D = {X, Y}

2: Define the hyperparameter search space S

3: Randomly select an initial subset Dy = {Xy, Yo} from D

4: Fit a Probabilistic Surrogate Function to find Yy =
G(Xo)

5:fort=1,2,...do

6: Optimize o < X; = arg maxy a(X; Di—1)

7: Train LSTM using X; and compute validation loss Y;

8: Augment data set: D; = D;_1 U (X;, Yy)

9: Update the surrogate model G with new data Dy

10: end for

Bayesian Optimiser

Reaching the
convergence
conditiot

Hyperparameter|
fo be optimised

Select the new Validation
hyperparameters P LS RMSE

Beteer Model
hyperparameter

» Evaluation with
the Test Data

|===  Predicion

|—— Objective function

\//\ +  Observation

\ : New observation
1 Gonfidence Interval

| —— Acquisiton Function

1 Acquisiion Max

FIGURE 2. The internal structure of an LSTM cell.

and L2 regularization). An initial set of configurations is
randomly sampled and evaluated by training the LSTM
and recording its validation loss. A GP model is then fit
to this initial dataset to serve as a probabilistic surrogate
for the true validation loss function. At each iteration of
BO, the acquisition function is optimized to propose a new
hyperparameter configuration that maximizes the potential
for improvement, given the uncertainty encoded by the GP
model. This new configuration is then evaluated by training
an LSTM model, and the resulting performance is used
to update the surrogate model. This process is repeated
iteratively gradually refining the model’s understanding of
the objective landscape.

In this paper, BO is employed to find the optimal values of
different LSTM hyperparameters. Mathematically, x* of the
LSTM network that satisfies Equation 8.

x* = arg minyexf (x) 8)

where x are the candidates hyperparameters to optimize and
f(x) is the objective function to minimise. The objective
function will be one of the metrics that allows the quality of
the photovoltaic power prediction to be evaluated compared
to the actual measured value.

Figure 2 illustrates the BO procedure in three iterations
where the objective function at the bottom is only a visual
example of BO procedure, which is unknown in practice.
In this example, the operation of BO on a one-dimensional
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TABLE 1. Hyperparameters to be optimized.

Hyperparameters Search space
Number of hidden layers [13]
Number of neurons [75 200]
Learning rate [10721]
L2 Regularization [10~10 10—2]

1-D function is illustrated. The objective is to minimise the
distance between the dashed line and the solid line, using
the probabilistic surrogate model of the Gaussian process
(the predictions are shown as a dashed blue line, with a blue
tube representing the confidence interval), by maximising the
acquisition function defined by the lower red curve.

In automatic hyperparameter optimization, different hyper-
parameters can be considered. The first set is related to the
design of the model. In all DL models, there is an input,
hidden, and output layer. The complexity of a model depends
on the number of hidden layers and the number of neurons in
each hidden layer. Therefore, these two hyperparameters are
chosen as hyperparameters to be optimized. The optimization
of the number of neurons was implemented for each hidden
layer.

Other hyperparameters relate to the optimisation process
and the model training: optimization algorithm, learning rate,
dropout rate, and regularisation.

The learning rate is a hyperparameter that determines how
much the model’s weights are updated after each iteration. L2
regularization (weight decay) is crucial because it prevents
overfitting and therefore promotes a more generalizable
model. Both learning rate and L2 regularization are target
hyperparameters to be optimized.

There are two other key parameters that are not subject
to optimization in this work. First, the type of optimization
algorithm that is used to maximise the efficiency or reduce the
error, depending on the parameters (weights and biases). The
Adam (adaptive moment estimation) algorithm shows better
performance compared to other optimization algorithms [54].
Finally, dropout rate is a regularization method used during
training to reduce overfitting; for a wide range of networks
and objectives, a value of 0.5 robustly approaches the optimal
value [55].

Table 1 shows the four selected hyperparameters to be
optimized and their respective search spaces.

Increasing dataset sizes and increasingly complex models
are a major hurdle in hyperparameter optimization since they
make closed box performance evaluation more expensive.
Training a single hyperparameter configuration on large
datasets can nowadays easily exceed several hours and take
up to several days [56]. A common strategy to speed up man-
ual tuning is therefore to probe an algorithm/hyperparameter
configuration on a small subset of the data, by training
it only for a few iterations, by running it on a subset
of features, by only using one or a few of the cross-
validation folds. Multi-fidelity methods cast such manual
heuristics into formal algorithms, using so-called low-fidelity
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approximations of the actual loss function to minimize. These
approximations introduce a tradeoff between optimization
performance and runtime, but in practice, the obtained
speedups often outweigh the approximation error [57], [58].
For this target, in this work the optimization was implemented
with 20% of the training data and only 100 epochs.

To take full advantage of BO, evaluations of the objec-
tive function must be performed. These evaluations allow
exhaustively exploring the hyperparameter search space
and finding the optimal combination that minimises the
objective function. In this paper, the Root Mean Square
Error (RMSE) is used as the criterion for selecting the
optimal hyperparameter combination (see Figure 2), that
is, during BO evaluations, the hyperparameter combination
with the lowest RMSE is selected. Furthermore, to maintain
consistency in the optimization process, in all experiments,
the Mini Batch Size and time delay are set to one day (288
data) and 1 hour (12 data), respectively.

D. EVALUATION METRICS

To evaluate the performance of the proposed model, sev-
eral error metrics are used [2]: the Root Mean Squared
Error (RMSE), the Normalised Root Mean Squared Error
(NRMSE), the Mean Absolute Error (MAE) and the
Correlation Coefficient R2, and can be expressed as follows:

1 n )
RMSE = |~ (i = 5i)? ©)
i=1
1, .
Z Zi:1()’i — yi)
NRMSE = (10)
Yimax — Yimin
1 n
MAE = — 3> | yi =i | (a1
i=1
n 502
R =1 - 2= 03 (12)
2521(% =y

where y; and y; are the actual and predicted values,
respectively and # is the number of samples in the test data.

Ill. CASE OF STUDY
A. DATA AND BASE MODEL
The data used in this paper were collected in 2022 from
the Desert Knowledge Australian Solar Centre (DKASC)
project, with a temporal resolution of 5 minutes [59]. The
project was established in 2008 at the Desert Knowledge
Precinct of Alice Springs, a town in the Northern Territory
located in the geographical centre of Australia. The DKASC
has an installed capacity of 263 kW and consists of more
than 40 installations from different manufacturers, making
it the largest installation in the world for demonstrating
multiple technologies of varying ages, brands, models, and
configurations.

The downloaded data include meteorological variables
such as ambient temperature (°C), relative humidity (%),
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global horizontal radiation (W / mz), diffuse horizontal radia-
tion (W/ m?), wind direction (°), and daily precipitation (mm).
Additionally, total active power data (kW) are available.

The quality of the input data is a key factor in ensuring
accurate and reliable forecasting performance. Numerous
studies have highlighted the importance of using historical
time series of PV output combined with meteorological
variables and location-specific information to build predictive
models. However, such datasets often contain noise, outliers,
and missing values caused by weather variability, sensor
errors, or power system interruptions, all of which can sig-
nificantly affect model accuracy. Consequently, appropriate
data pre-processing is essential to improve data quality,
including outlier removal, missing data reconstruction, and
normalization techniques [60].

The pre-processing and cleaning stage aimed to ensure
data completeness and quality by removing entries with
missing PV power values or associated meteorological
measurements [61], [62]. The process involved several key
steps:

1) Negative solar radiation values and missing PV power
readings typically occurred during early morning and
late evening hours, often due to sensor drift or inverter
malfunctions. In such cases, both solar radiation and
PV power values were set to zero.

2) Missing data during midday, such as solar radiation,
temperature, or PV output, was likely caused by sensor
failures or temporary disruptions in the inverter or
power network. These records were excluded from the
analysis.

3) To improve computational efficiency, preserve rela-
tionships among input variables, and facilitate rapid
convergence in artificial neural networks (ANNSs), the
remaining dataset was normalized to the range [0, 1].

Several methods have been proposed in the literature for
pre-processing and cleaning PV datasets, including wavelet
transform (WT), empirical mode decomposition, singular
spectrum analysis (SSA), normalization, Z-score and trend
analysis [63]. In particular, Z-score is commonly applied to
standardize input variables to have a mean of 0 and a standard
deviation of 1, which enhances computational efficiency and
preserves the relative correlation between variables [31], [64].
The technique used in this paper is Z-score standardization,
which is performed by subtracting the mean from each
value and dividing by the standard deviation, as shown in
Equation 13.
X — mean(X)

X ation = 13
Standarization standard deviation(X) (13

Moreover, recent studies have applied additional tech-
niques such as data filtering, weather classification, and even
generative models (e.g., GANs) to handle missing data or
augment rare events [61]. However, no single pre-processing
technique can be considered universally optimal, as the
most appropriate method strongly depends on the dataset
characteristics and the specific forecasting task. Therefore,

124813



IEEE Access

S. Rajah et al.: Optimized Hybrid Framework Based on Long-Short Term Memory Neural Networks

the effectiveness of a pre-processing technique is typically
evaluated based on several criteria, including computational
time, resource usage, accuracy, data fidelity, performance
consistency, adaptability, robustness, and compatibility with
established forecasting models [61], [65].

In this study, missing data is handled using the K-Nearest
Neighbour (KNN) algorithm. This algorithm replaces miss-
ing values of a specific variable with the mean of its
neighbouring observations. Missing data values are estimated
by calculating the distance between them and their nearest
neighbours using the Euclidean distance formula [66],
as shown in Equation 14.

n

> Comi — %0i)? (14)

i=1

D(xp, x0) =

where D(x,,, x,) represents the Euclidean distance between
two data point in an n-dimensional space, x;;; is an existing
data point (row i in the dataset), and x,; is a data point whit
a missing value whose distance to existing points is being
computed.

To avoid redundant information and reduce training time,
it is essential to select only the most relevant input features
for the predictive model. However, since this approach does
not capture non-linear dependencies or multicollinearity, two
additional feature selection methods were employed to ensure
a robust selection process: Mutual Information (MI), and
Recursive Feature Elimination (RFE).

The Pearson Correlations Coefficient (PCC) was initially
used to identify linear dependencies between each meteoro-
logical variable and the target output, Total Active Power.
To account for potential non-linear relationships, the Mutual
Information (MI) metric was applied. MI measures the
amount of information obtained about one variable through
another, capturing linear and non-linear dependencies. A high
MI score indicates a strong dependency between variables,
even if the relationship is non-linear [67]. Finally, Recursive
Feature Elimination (RFE) was used as a wrapper method that
iteratively removes the least important features based on the
performance of a core learning algorithm [68]. RFE takes into
account feature interactions and model-specific importance,
making it suitable for identifying features that most contribute
to the model’s predictive accuracy. Table 2 shows the results
of all three methods, providing a more comprehensive and
reliable approach for selecting the optimal subset of input
variables for photovoltaic power prediction. Table 2 shows
that global horizontal radiation has a stronger correlation with
photovoltaic power compared to diffuse horizontal radiation,
followed by ambient temperature.

For feature selection, the PCC was used in this study to
measure the strength of linear relationships between input
variables and the target output. This approach has been
widely adopted in previous works due to its simplicity, low
computational cost, and ease of interpretation [69], [70].
Although this method does not capture nonlinear dependen-
cies or multicollinearity, several studies have demonstrated
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TABLE 2. Correlations among Total Active Power (kW) and meteorological
variables of DKASC project.

Pearson Mutual Recursive
Features correlation  information feature
coefficient value elimination
- Global Horizontal
Radiation (W/mg) 0.9844 1.7048 0.5730
- Diffuse Horizontal
Radiation (W /m?) 0.5491 0.9167 0.3028
; ‘E{,egt)her Temperature 449, 0.2351 0.1182
- Wind Direction 0.0629 0.0507 0.0135
(degrees)
- Weather Daily
Rainfall (mm) -0.0433 0.0180 0.0
- Weather Relative
Humidity (%) -0.4745 0.2480 0.0
HISTORICAL DATA FUTURE PREDICTION
E - i e )
& obal iffuse N
< e Weather orizontal N
§ [ E;s(:it:;li?r: ][Temperature][ ’:{adiati;nl ] // 1\\
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> A
%

FIGURE 3. Schematic representation of univariate input and multivariate
input configuration with a single output.

that key predictor variables in PV forecasting (such as solar
irradiance, temperature, and time-based characteristics) are
highly correlated with PV power output and have clear
physical significance [71], [72].

Given the computational constraints, the three variables
most correlated with photovoltaic energy were selected as
input features in this work: ambient temperature (°C), global
horizontal radiation (W /m?), and diffuse horizontal radiation
(W /m?). Likewise, the target variable to be predicted by the
model is the Total Active Power (kW).

Another crucial aspect that has been considered in this
paper is the input — output patterns. Two different approaches
are investigated to understand these patterns to achieve
accurate predictions. The first approach uses multivariate
data, including the three most correlated variables mentioned
above, as inputs and a single output variable, the total
active power. In this multivariate approach, the goal is
to analyse how weather inputs influence the prediction
of photovoltaic power. The second approach is univariate,
which means that a single input variable (the historical
data of the total active power) is used to predict the
same output variable. In this case, the main goal is to
study how the historical data of the target variable affects
its future prediction. This duality in approaches seeks
to address photovoltaic power forecasting more compre-
hensively, considering both meteorological conditions and
time trends and dependency relationships with historical
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FIGURE 4. The active power series during the entire study period.

data, to obtain more accurate and complete predictions.
Figure 3 shows how the input data is structured in the two
approaches.
The data are converted to a daily resolution to visualize
the behavior of the total active power during the study
period, as shown in Figure 4, where power reaches its
maximum in November (1516.36 kW) and its minimum
at the end of Abril (21.21 kW). At the same time, it is
observed that the total active power varies significantly over
the study period. This variability may be due to sudden
changes in weather conditions, which play an essential role
in quantifying photovoltaic energy production.
Inputting a whole year’s data (105120 points) at once
into the LSTM model exponentially increases computational
cost. The increase occurs because LSTM requires three-
dimensional (3-D) input data [27]. Considering computa-
tional cost and aiming to study the entire time series and the
effect of its length on performance, the data are divided into
six DSS segments of different lengths, as shown in Figure 4.
« Fifteen days (4320 data points) correspond to the period
from Jan. 1 to Jan. 15.

« One month (8928 data points) corresponds to the period
from Jan. 16 to Feb. 15.

« One month and a half (12672 data points) correspond to
the period from Feb. 16 to Mar. 31.

o Two months (17568 data points) correspond to the
period from Apr. 1 to May 31

o Three months (26496 data points) correspond to the
period from Jun. 1 to Aug. 31

o Four months (35136 data points) correspond to the
period from Sep. 1 to Dec. 31

The data for each period are divided into two main groups:
the first group is used for training (the first 80% of the data),
and the second group is used for testing (the remaining 20%).
The results are analyzed and discussed in the next subsection.

B. CASE 1

In this case study, the data were subjected to a cleaning
and scaling process, as described in the subsection above.
Then, two approaches were employed to select input
features (univariate vs. multivariate). Subsequently, a Data
Set Segmentation (DSS) was performed, varying the data
length from 15 days to 4 months, as illustrated in Figure 4.
Then, BO was applied to find the optimal combination
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TABLE 3. Optimal values of hyperparameters estimated by BO,
depending on the DSS, for the univariate case.

Hyperparameter 15 Days TMonth 1.5 Months 2 Months __ 3 Months ___4 Months
Number of hidden Tayers 3 2 T T T
Number of neurons 75 105 99 186 199 15

0.0033853 0.00338 0.00147 0.00218 0.0143 0.001003
46510710 555107  6.12:107%  2.09-10710  8.46.10~7  1.08.107'C

Learning Rate
L2 Regularization

TABLE 4. Evaluation of the accuracy of the LSTM model on both the
training and test datasets for the univariate case, depending on the DSS.

Data set 15 Days 1 Month 1.5 Months 2 Months 3 Months 4 Months
Test Train Test Train Test Train Test Train Test Train Test Train
RMSE 12464 9773 6268 5761 7365 5936 9344 729 7423 5805 13304 10.544

NRMSE 0249 0201 0111  0.106 0.138 0.109 0249 0.162 0.145 0.107 0.339 0.217
MAE 5.149 3736 2912 1.928 277 2083 3367 2525 2387 1.737 5932 3.962
R? 0981 0988 0996 0996 0994 0996 0987 0993 0994 099 0969  0.987

of hyperparameters of the LSTM network, as detailed in
subsection II-C, considering the input features and the
segmented data. Finally, the LSTM network was trained
on the training data set and evaluated using a test data set
considering four error metrics described in subsection II-D.
The overall architecture of the prediction model for case study
1 is illustrated in Figure 5.

For the univariate analysis, only the historical data of
the total active power (kW) were considered to predict the
next value (one-step) of the total active power. Table 3
shows the optimal values of the hyperparameters estimated
by BO, depending on the DSS. The values of these
hyperparameters were used to train the LSTM, depending on
the DSS, to achieve better accuracy. Table 4 provides detailed
performance metrics of the LSTM model on both the training
and test datasets, depending on the DSS.

The multivariate analysis includes the three historical
variables most correlated with the total active power for
its future prediction (one-step): global horizontal radiation
w /mz), diffuse horizontal radiation (W /mz), and ambient
temperature (°C), as input features. The target variable to
be predicted by the model is the total active power (kW).
Table 5 shows the optimal hyperparameter values estimated
by BO, depending on the DSS. As in the univariate case,
these hyperparameters values were used to train the LSTM
network depending on the DSS. Table 6 provides a detailed
performance analysis of the LSTM model on both the training
and test datasets, depending on the DSS.

The impact of input length and type (univariate vs.
multivariate) on prediction accuracy can be observed from
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TABLE 5. Optimal values of hyperparameters estimated by BO,
depending on the DSS, for the univariate case.

Hyperparameter 15Days 1Month 1.5Months 2Months 3 Months 4 Months
Number of hidden layers 3 3 2 3 3 3
Number of neurons 89 82 200 81 110 76
Learning Rate 0.001196  0.00724 0.00302 0.00218  0.003345  0.001614
L2 Regularization 0.0097  2.11E-8 1.67E-7  2.09E-10 1.29E-9  1.82E-10

TABLE 6. Evaluation of the accuracy of the LSTM model on both the
training and test datasets for the multivariate case, depending on the DSS.

Data set 15 Days 1 Month 1.5 Months 2 Months 3 Months 4 Months
Test Train Test Train Test Train Test Train Test Train Test Train
RMSE 14.641 1262 7268 5404 8423 5257 9783 6.838 7.862 5788 13432 9.969
NRMSE 0316 0261  0.133  0.099 0.159 0.096 0256 0.153 0.149 0.131 0351 0.205
MAE 8.178  7.689 3.833  2.657 379 2282 4147 2863 3263 2536 6.411 412
R? 0.974 0981 0995 0997 0.992 0997 0986 0.994 0994 0996  0.969 0.989

Tables 4 and 6. The results for each input dataset are analyzed
below:

o When the input duration is 15 days, the accuracy of the
LSTM model is poor for both univariate and multivariate
data. This is due to the undertraining of the model.

« When the input size is one month, the results improve
significantly, and the LSTM model achieves its highest
accuracy compared to the other input durations, using
both univariate and multivariate data.

o The results worsen for input sizes of 1.5, 2 and 4 months
compared to the immediately preceding input size.

o For the 3-month input size, the RMSE, NRMSE, and
MAE errors decrease again in both cases (univariate and
multivariate).

o For all DSS sizes, both with univariate and multi-
variate data, the regression coefficient ranges between
0.969 and 0.996.

The results suggest that the accuracy of the LSTM model
does not depend solely on increasing the data size. This could
be due to the nature of the data itself and how it behaves over
time. Photovoltaic power generation time series are highly
variable, stochastic, and intermittent. Moreover, increasing
the amount of data does not necessarily lead to better accuracy
in the LSTM model. Increasing the data size beyond a certain
point worsens the results, particularly with an input size of
4 months. This indicates that the LSTM network struggles to
accurately capture both long- and short-term dependencies,
particularly for photovoltaic data with a 5-minute resolution.

Regarding the model’s predictive ability across different
input lengths and types, in general, the closer the error values
are between the training and test datasets, the better the
model’s predictive performance. As shown in Tables 4 and 6,
for all cases (various DSS input lengths and input types,
univariate or multivariate), the RMSE, NRMSE and MAE
values in the training dataset closely match those in the test
dataset and follow a similar trend, indicating consistent and
stable model predictions.

C. CASE 2

In this case study, the FSST was incorporated as a feature
extraction method for data input, as illustrated in Figure 6.
The same input types (univariate vs. multivariate) and input
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TABLE 7. Evaluation of the accuracy of the proposed model on both the
training and test datasets for the univariate case, depending on the DSS.

Data set 15 Days 1 Month 1.5 Months 2 Months 3 Months 4 Months
Test  Train  Test  Train  Test  Train  Test  Train  Test Train  Test  Train
RMSE 8776 3573 3.688 3.024 4343 1.051 5109 2018 4463 2503 4727 1257
NRMSE  0.175 0.073 0.067 0.068 0.082 0.019 0.135 0.045 0.089 0.057 0.121 0.026
MAE 4.383 2.03 2357 1.701 1.986 0588 2404 1.187 2285 1.567 2612 0.732
R? 0.991 0999 0999 0999 0.998 10996 10998 0.999 0.996 1

TABLE 8. Evaluation of the accuracy of the proposed model on both the
training and test datasets for the multivariate case, depending on the DSS.

Data set 15 Days 1 Month 1.5 Months 2 Months 3 Months 4 Months
Test Train Test Train Test Train Test Train Test Train Test Train
RMSE 11.789 937 5495 3942 6.698 2343 7545 3.062 6.45 3.053 8.043 2.87
NRMSE 0253 0.194 0.098 0.08 0.124 0.043 0.194 0.069 0.127 0.069 0213 0.059
MAE 8092 6.624 3.178 2319 3764 1455 3585 1.641 3.104 1.832 4.609 1.622
R? 0987 0991 0997 0998 0.996 0999 0993 0999 0.996 0.999 099  0.999

lengths (DSS from 15 days to four months) as in Case 1 were
used, along with the same hyperparameters. This was done to
enable a proper comparison and assess whether using FSST
improves the results obtained.

Table 7 presents the performance of the proposed model
with univariate data on both training and the test datasets,
depending on the DSS.

Table 8 presents the performance of the proposed model
with multivariate data on both the training and test datasets,
depending on the DSS.

The comparison between Tables 7 and 8, in contrast to
Tables 4 and 6, shows a significant improvement in prediction
accuracy in Case Study 2 compared to Case Study 1,
Figure 7. This improvement is consistent accross different
durations and input types (univariate versus multivariate) and
is especially significant for the 4-month input duration.

In summary, including the FSST in the data preparation
phase for feeding the LSTM network proves beneficial
for capturing the long- and short-term dependencies more
accurately compared to Case Study 1.

About the type of input (univariate versus multivariate) and
its impact on prediction performance, Tables 7 and 8 show
that RMSE, NRMSE, MAE and R? values are relatively close
across all DSS. However, in the univariate case, the results
exhibit more favorable error metrics.

D. CASE 3: FUTURE PREDICTION

To evaluate the accuracy of the proposed BO-FSST-LSTM
model at different prediction horizons, for each DSS (15 days,
one month, one and a half months, two months, three months,
and four months), prediction horizons of five minutes,
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FIGURE 7. Error metrics vs. DSS (months) comparison for Case 1 and 2.

30 minutes, 1 hour, 6 hours, 1 day and 3 days were used. This
process is presented graphically in Figure 8.

Table 9 shows that the BO-FSST-LSTM model delivers
excellent prediction performance accross all prediction
horizons and DSS, maintaning strong consistency even as the
horizon increases.

From Table 9, the proposed BO-FSST-LSTM model shows
great power to provide excellent prediction results for all
prediction horizons and all DSS, especially consistent as the
prediction horizon increases.

Figures 9(a) to 9(c) illustrate how RMSE values for
training and test data vary across the different prediction
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TABLE 9. Evaluation of the accuracy of the proposed model on the test
and training datasets, depending on the DSS and varying the prediction
horizon.

Prediction horizon

Period Data set 5'min 30 min T hour 6 hour T day 3 days
Test  Train  Test  Train  Test  Train  Test  Train  Test Train  Test  Train
15 Days RMSE 8776 3573 8069 5927 8.677 3318 859 3304 8527 3207 859 3426
NRMSE  0.175  0.073 0.17 0127 0.173 0068 0175 0069 0.172 0067 0.175 0.071
MAE 4.383 2.03 4.66 3.842 4479 2034 429 1906 4.138 1.832 463 2236
R? 0.991 0999 0992 099 0991 0999 0991 0.99 0991 0999 0991 0.999
1 Month RMSE 3688 3024 4153 2787 3899 3333 3457 2151 418 3269 4.092 3287
NRMSE  0.067 0.068 0073 0063 0071 0075 0.06 0048 0074 0074 0074 0075
MAE 2357 1701 29 1988 2291 2.006 224 1287 2496 2054 3.104 2554
R? 0999 0999 0999 0999 0999 0999 0.999 10999 0999 0999 0.999
1.5Months  RMSE 4343 1.051 3964 1367 4837 1007 4464 1079 4223 0.793 398 2368
NRMSE  0.082 0019 0074 0025 0091 0018 0.084 0.02 0.08 0015 0074 0.043
MAE 1986 0588 2033 0893 2271 0635 1907 0562 1882 0475 2586 1918

R? 0.998 10998 10997 10998 10998 10998 1
2 Months RMSE 5109 2018 4663 1233 5352 1549 5161 1.655 5341 1909 4341 1278
NRMSE  0.135 0045 0.124 0.027 0.143 0034 0138 0037 0142 0042 0.116 0.028
MAE 2404 1.187 2092 0746 2507 0976 2305 0867 2517 1115 1942  0.662
R? 0.996 10997 1 0.996 1099 1 0.99% 10997 1

3 Months RMSE 4463 2503 4757 2716 5295 2924 4564 1271 4624 1209 4772 2776
NRMSE  0.089 0.057 0.097 0062 0.108 0.067 0.09 0028 0092 0027 0098 0.065
MAE 2285 1.567 2926 1.998 3253 2267 1836 0.705 1936 0.723 2976 2
R? 0.998 0999 0.998 0.999 0997 0999 0.998 10998 10998  0.999
4 Months RMSE 4727 1257 4506 1794 4894 1264 4752 185 4973 1338 4548 1513
NRMSE ~ 0.121 0026 0.115 0037 0126 002 0123 0024 0.128 0028 0.116 0.031

MAE 2612 0732 2472 0963 2844 0842 2612 0719 2711 079 2571 0936
R? 0.996 10997 1 0.996 1 0.99 1 0.99% 1099 1

horizons (five minutes, 30 minutes, 1 hour, 6 hours, 1 day,
and 3 days) for each DSS.

Regarding the 15-day DSS, Figure 9(a), RMSE, NRMSE,
and MAE values for the training dataset remain consistently
lower than those for the test dataset. Moreover, these error
metrics follow the same trend as the prediction horizon
increases. However, at the 30-minute horizon, the gap
between training and test RMSE, NRMSE, and MAE values
narrows. Therefore, the model exhibits greater stability
at this horizon compared to others. For the one-month
DSS, Figure 9(b), the RMSE, NRMSE, and MAE values
follow a similar pattern to the previous case. The prediction
accuracy remains almost constant as the prediction horizon
increases. Furthermore, the difference in RMSE, NRMSE,
and MAE values between training and test datasets are
smaller compared to the 15-day DSS. The best performance
for this DSS was observed at a 6-hour prediction horizon.

For the one and a half month DSS, Figure 9(c), RMSE,
NRMSE, and MAE values for both training and test datasets
show a pattern similar to that observed in Figure 9(a) (15-day
DSS) as the prediction horizon varies. The RMSE, NRMSE,
and MAE values in the test set, from a 1-hour time horizon,
have a decreasing trend as the prediction horizon is increased
from 1 hour to 3 days. In this case, the best results ocurred
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FIGURE 9. RMSE in training and test data varying the prediction horizon.

at the 3-day prediction horizon, while the worst performance
was seen at 1 hour.

Similarly, for DSS of two months, three, and four months
Figure 10(a) to Figure 10(c), RMSE, NRMSE, and MAE
values for both training and test datasets follow a similar
pattern to the previous cases. To summarize, the error metrics
in Table 9 demonstrate the robustness of the proposed model
across different scenarios, DSS lengths throughout the year
Figure 4, and a wide range of prediction horizons.

Figure 11 compares original and predicted values for
selected days with varying characteristics in the test dataset.
These days exhibit different levels of stability in photovoltaic
power production, including sunny, sunny-to-cloudy, cloudy,
rainy, rainy-to-cloudy conditions. These figures show that
the predicted values closely match the original trends,
demonstrating the model’s effectiveness across different DSS
and prediction horizons.

For the one-month DSS, Figure 9(b), the RMSE, NRMSE
and MAE values follow the same pattern as in the previous
case. The prediction accuracy remains almost constant as the
prediction horizon increases. Furthermore, the difference in
RMSE, NRMSE and MAE values between the training and
test datasets is smaller than in the 15-day DSS. For instance,
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at the I-hour prediction horizon (best case), the RMSE,
NRMSE and MAE differences are 0.566, 0.004 and 0.285,
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FIGURE 13. Original vs. predicted values.

respectively. In the worst case, at a 30-minute prediction
horizon, the differences in RMSE, NRMSE, and MAE values
are 1.366,0.01, and 0.912, respectively. The R? value reamins
constant at 0.999 in the test dataset. The best results were
obtained at a prediction horizon of 6 hours in this data length.

For the month and a half case Figure 9(c), the RMSE,
NRMSE and MAE values of the training and test datasets
show a similar pattern to that shown in Figure 9(a) (the
data length of 15 days) as the prediction horizon varies.
The RMSE, NRMSE and MAE values in the test set, from
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TABLE 10. Analysis of BO execution time (in seconds).

Data segmentation ~ Datapoints ~ Univariate ~ Multivariate
15 Days 864 78.4376 142.2385
1 Month 1786 153.8394 258.4824
1.5 Months 2534 266.7355 428.3773
2 Months 3514 363.5299 538.3478
3 Months 5300 579.8965 787.6884
4 Months 7028 828.9583 1347.991
TABLE 11. Analysis of training time (in seconds).
Data segmentation ~ Datapoints ~ Univariate =~ Multivariate
15 Days 4320 0:00:17 0:00:30
1 Month 8928 0:00:37 0:04:03
1.5 Month 12672 0:01:07 0:06:52
2 Months 17568 0:01:13 0:10:00
3 Months 26496 0:01:36 0:11:19
4 Months 35136 0:01:55 0:14:54

TABLE 12. Training time at different prediction horizons.

) Dzlta'\ . Dfm{ 5Min 30 Min 1 Hour 6 Hours 1 Day 3 Days
segmentation  points

15 Days 4320 0:00:17 0:02:50  0:12:15  0:50:27 2:25:05
1 Month 8928  0:00:37 0:04:29  0:23:18  2:29:03 5:00:29
1.5 Months 12672 0:01:07 0:06:26  0:35:08  2:48:25 8:00:29
2 Months 17568  0:01:13 0:11:25 0:41:34  3:13:30 9:30:27
3 Months 26496  0:01:36 0:15:57 1:09:45  4:58:03  14:13:21
4 Months 35136 0:01:55 0:18:47 1:23:03  6:20:24  20:54:17

1-hour time horizon, have a decreasing trend as the prediction
horizon is increased from 1 hour to 3 days. In this case (one
month and a half months), the best performance was achieved
at a 3-day horizon (R2 = 0.998), with RMSE, NRMSE and
MAE values of 1.612, 0.031 and 0.668, respectively. While
the worst results were obtained at a prediction horizon of
1 hour (R? = 0.997), yielding a difference in RMSE, NRMSE
and MAE values of 3.83, 0.073 and 1.636, respectively.

124819



IEEE Access

S. Rajah et al.: Optimized Hybrid Framework Based on Long-Short Term Memory Neural Networks

TABLE 13. Comparison of related approaches for power prediction.

Author

Models

Data and prediction horizon

Performance

Sharadga et al.
(2025) [24]

Three statistical models (ARMA,
ARIMA and SARIMA) and six different
types of NN models (BiLSTM, LSTM,
fuzzy, c-mean clustering, LRNN, and
MLP)

A grid-connected PV power plant in
China with three prediction horizons (1
hour, 2 hours and 3 hours).

Using BiLSTM for a 1 hour ahead
RMSE = 0.791
R? =0.98

Wang et al. Ensemble model LSTM-RNN with time  Earth System Research Lab (ESRL)  Using LSTM-RNN for a 1 day ahead
(2020) [20] correlation principle and three standard ~ Global Monitoring Division website in ~ RMSE = 0.0568

forecasting models BPNN and persistent ~ Nevada, USA. A day ahead prediction. MAE = 0.0235

model R? =0.9776
Mellit et al. LSTM, GRU, CNNID, BiLSTM, Bi- A data logger with different prediction  Using LSTM for a 1 min ahead
(2021) [28] GRU, CNNI1D-LSTM, CNN1D-GRU horizons: 1 min, 5 min, 30 min, and 1 RMSE = 0.16

hour. MAE = 0.05
R? =0.992

Paulov et al. LSTM optimized using a modified RSA  Two wind Power plants with hourly res- ~ Using LSTM with modified RSA

(2024) [26]

and enhanced by a VMD and Empirical
Mode

oluction and three predictions horizons:
1 step, 2 steps, and 3 steps.

and VMD for a 1 step ahead
MSE = 0.006701
R2 = 0.9319

Stojkovic et al.
(2025) [33]

Light Weight LSTM with and without
attention mechanisms optimized using a
modified PSO.

Two grid-connected PV power plants in
India and one PV power plant of the
Institute Mihailo Pupin in Serbia with
multi-step horizon and near future pre-
diction.

Using LSTM optimized by
modified PSO

RMSE = 0.043065
MAE = 0.018280

R2 = 0.893008

MSE = 0.001855

Present  work

(2025)

A hybrid model LSTM networks, with
hyperparameters optimized using BO,
and combining with FSST.

Desert Knowledge Australian Solar
Centre PV power plant, segmented into
six different time windows: (15 days, 1,
1.5, 2, 3 and 4 months, and six diferent
prediction horizons: 5 min, 30 min, 1

Using FSST-LSTM-BO with 1 month
data length and 6 hour prediction horizon
RMSE = 3.457 (3.688 — 8.776)
MAE = 2.24 (1.836 — 4.66)

R2 = 0.999 (0.991 — 0.999)

hour, 6 hours, 1 day and 3 days

Similarly, for DSS of two, three, and four months,
Figure 10(a) to Figure 10(a), RMSE, NRMSE and MAE
values in both training and test datasets follow a similar trend
as in the 15-day, one month and one-and-a half month cases.
In summary, the error metrics in Table 9 highlight the model’s
robustness across various DSS lenghts, Figure 4, seasonla
conditions, and a wide range of prediction horizons.

Figure 11 to Figure 14 compare original and predicted
values on selected test days with different prediction horizons
and segmentation. These days present different types of
stability and instability in photovoltaic power production,
such as sunny days, sunny to cloudy days, cloudy days,
rainy days, rainy to cloudy days, etc. These figures confirm
that predicted trends closely follow the original values,
demonstrating the model’s effectiveness across various DSS
lengths and for prediction horizons.

E. COMPUTATIONAL ANALYSIS

All calculations were performed in MATLAB on a personal
laptop equipped with a 12th Gen Intel™ i7-1255U CPU
(1.7 GHz), 16 GB of RAM, and integrated Intel"Xe graphics.
Table 10 summarises the BO runtiem for both univariate and
multivariate data across different DSS. Table 11 presents the
training time for a 5-minute prediction horizon using univari-
ate and multivariate data across various DSS configurations.
Table 12 reports the training time using univariate data while
varying the prediction horizon from 5 minutes to 3 days,
under different DSS configurations.
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As shown in Table 10, BO applied to multivariate data
consistently requires more computational resources than in
the univariate case across all DSS. Moreover, the same
table shows that increasing the DSS size leads to longer
BO runtimes for both univariate and multivariate cases.
Notably, BO was executed on a reduced subset of the training
dataset (20%), limited to 100 epochs, and optimized just four
hyperparameters (see Table 11).

Table 11 shows that, across all DSS, training the network
with multivariate data takes more time than with univariate
data, consistent with the BO results. Additionally, training
time increases with DSS size for both univariate and
multivariate cases. In summary, the computational cost of
both BO and network training is strongly influenced by the
number of data points used. Furthermore, the number of
neurons, learning rate, and number of hidden layers also
affect computational efficiency.

Table 12 shows that computation time increases with the
prediction horizon, from five minutes up to three days,
across all DSSs. Likewise, for a fixed prediction horizon,
larger DSS sizes also lead to longer computation times.
Regardless of model accuracy, a viable forecasting system
must produce predictions faster than the prediction horizon.
This requirement was met in all cases, as the prediction time
remained below the corresponding horizon across all DSSs.

Table 13 presents a selection of proven approaches for
renewable energy prediction. For each study, the developed
techniques, the type of data used, and the evaluation metrics
are described. The table distinguishes between metrics
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used to select the best-performing model in each study
and those used for comparison across different models.
Comparison of these metrics shows that the proposed model
performs robustly across all prediction horizons (5 minutes,
30 minutes, 1 hour, 6 hours, 1 day, and 3 days), and main-
tains this performance across different DSS configurations.
Consequently, the proposed hybrid FSST-BO-LSTM model
constitutes a significant advancement in both the consistency
and accuracy of photovoltaic power forecasting.

IV. CONCLUSION

This study demonstrates the effectiveness of a novel hybrid
model that integrates the Fourier SynchroSqueezed Trans-
form (FSST) and a Long Short-Term Memory (LSTM)
neural network optimized via Bayesian Optimization (BO)
for photovoltaic (PV) power forecasting. The model was
evaluated using various data set segmentations (DSS),
ranging from 15 days to four months, along with two types
of input: (i) univariate, using only historical PV power values,
and (ii) multivariate, incorporating global horizontal radiation
(W /m?), diffuse horizontal radiation (W /m?), and ambient
temperature (°C).

The FSST was employed as a feature extractor, enhancing
the quality of inputs fed into the LSTM. Experimental results
demonstrate that FSST significantly improves forecasting
performance across all time horizons and DSS configurations
considered.

To maximize model performance, key LSTM
hyperparameters—such as the number of hidden layers, num-
ber of neurons, learning rate, and L2 regularization— were
optimized using BO. The optimization process considered
DSS, input type, and forecast horizon, enabling a robust
and tailored model architecture. In addition to prediction
accuracy, computational efficiency was also assessed. The
model consistently met the requirement that the prediction
time remain below the forecast horizon, a critical requirement
for real-time applications.

The proposed FSST-BO-LSTM model has shown consis-
tent performance across a wide range of forecast horizons
(from 5 minutes to 3 days) and DSS lengths (from 15 days
to 4 months). This adaptability allows it to be applied
in diverse use cases, including real-time grid operation,
energy storage management, market participation, and long-
term planning. Its robustness across different DSS further
enhances its practical applicability by enabling flexible
training based on short-term or long-term data availability,
without compromising accuracy. In summary, the proposed
hybrid model offers a computationally efficient and accurate
solution for PV power forecasting, contributing to the reliable
and economical integration of solar energy into the electrical
grid.

Nonetheless, this study presents certain limitations. Long-
term forecast horizons were not considered, restricting direct
application to strategic planning. Moreover, validation using
data from other geographic locations or renewable sources
such as wind power was not performed. Although BO was
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employed to optimize the LSTM, a broader exploration of the
hyperparameter space was not conducted. Similarly, FSST
parameters were not tuned, despite the transform’s strong
performance. Future work could address these limitations
by incorporating spatial and climatological data, exploring
additional time-frequency transforms, and enhancing model
interpretability. Such efforts may lead to further improve-
ments in forecast accuracy and operational transparency.
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