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Renewable energy forecasting is crucial for pollution prevention, management, and long-term sustainability. In response to the
challenges associated with energy forecasting, the simultaneous deployment of several data-processing approaches has been used
in a variety of studies in order to improve the energy-time-series analysis, finding that, when combined with the wavelet analysis,
deep learning techniques can achieve high accuracy in energy forecasting applications. Consequently, we investigate the
implementation of various wavelets within the structure of a long short-term memory neural network (LSTM), resulting in the
new LSTM wavelet (LSTMW) neural network. In addition, and as an improvement phase, we modeled the uncertainty and
incorporated it into the forecast so that systemic biases and deviations could be accounted for (LSTMW with luster: LSTMWL).
The models were evaluated using data from six renewable power generation plants in Chile. When compared to other approaches,
experimental results show that our method provides a prediction error within an acceptable range, achieving a coefficient of
determination (R?) between 0.73 and 0.98 across different test scenarios, and a consistent alignment between forecasted and
observed values, particularly during the first 3 prediction steps.

Keywords: deep learning; energy generation forecasting; long short-term memory neural network; renewable energy; time-series
forecasting; wavelet analysis

1. Introduction electric power systems are part of the growing trend of

improving the environment around the world makes it
Forecasting electric power is important in the management  harder to generate power and get it to where it needs to go
and balancing of existing power systems [1]. The fact that  because of the size and complexity of these changes. The load
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projections aid in identifying ways to optimize the opera-
tional mechanisms over a certain time period, ensuring
demand even under unfavorable system conditions [2].

Along with significant improvements in forecasting
theory [3, 4], technology in the energy forecasting research
domain [5] has also advanced swiftly. In the context of
energy, the current research has focused on the development
of models with the highest forecasting precision. It is im-
portant to keep in mind that the right modeling approach
can help find the best ways to improve the design and
implementation of power forecasting systems. Notably,
arobust and reliable modeling system can be an effective and
economical solution to reduce the number of experiments
required and, ideally, limit the experimental runs only to the
boundary cases [6].

In this way, machine learning (ML) techniques have
demonstrated remarkable success in forecasting processes.
Compared to traditional approaches for modeling very
complex systems, ML techniques based on data have showed
improved predictive power [6, 7]. This powerful tool has
been widely used in similar processes, such as weather index
forecasting, diverse type of renewable power forecasting,
economic indicators forecasting, and others.

Over the years, notable data-driven techniques such
ARMA models [8], support vector regression (SVR) [9],
graph convolutional networks (GCNs) [10], fuzzy models
[11, 12], neurofuzzy models [13, 14], and graph-based ar-
tificial neural networks (graph-ANN) [15] have been utilized
to capture spatial and temporal dependencies within envi-
ronmental data and energy networks obtaining remarkable
results in short- and long-term prediction [16-19].

Also, techniques based on deep neural networks [20, 21]
have been widely adopted, being wavelet-based models
popular in signal decomposition, due to their resilience and
accuracy [22]. The outstanding multiresolution properties of
the wavelet transform (WT) enable us to manage variability
with remarkable accuracy [23]. Among the context of neural
networks, the wavelet neural network (WNN) and the long
short-term memory (LSTM) neural network stand out. The
WNN combines the WT with ANNS’ capabilities, becoming
a standard tool in math and engineering [24]. WNNs
compress better than other ANNS, helping to learn non-
linear data features [25]. The LSTM, on the other hand, is
a form of the recurrent artificial neural network proposed by
Hochreiter and Schmidhuber [26]. This network performs
effectively for time series learning training tasks, particularly
when nonlinear signal modeling situations are included,
according to Di-Giorgi et al. [27] and Lépez-Gonzales et al.
[28]. Several authors have utilized this approach for power
forecasting [1, 29, 30].

Finally, because of the high performance of the imple-
mentation of the WT in the context of time-series fore-
casting, especially when combined with LSTM neural
networks [1, 31], in this research, we explore the imple-
mentation of diverse wavelets inside the structure of an
LSTM neural network creating a novel model-denominated
LSTM wavelet (LSTMW) neural network. In this new model,
we modified the update gate inside the structure of an LSTM
implementing high-compression activation functions.
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In addition, an improvement phase was also imple-
mented for the predictions in this model (LSTMW with
luster: LSTMWL), in this phase, residuals from previously
fitted power values are added to the power prediction using
lagged regression models, so the systemic biases and de-
viations could be accounted for in the forecast values. All the
proposed techniques were implemented at six power stations
in Chile and were compared with powerful forecasting
methods. The novelty and major contributions of this study
are as follows:

e The introduction of two novel LSTM neural network
models that integrate wavelet functions into the
update gates.

¢ The uncertainty was incorporated into the forecast to
account for the systemic biases and deviations in the
forecast values.

o The conclusive arguments employed underscore the
strength of the proposed approach, achieved through
the integration of various metrics to evaluate forecast
precision. These metrics were thoughtfully designed to
accommodate the complex temporal and spatial var-
iations inherent in energy data time series. The ap-
plication of cross-validation across six distinct power
generation plants further enhances the validity of these
metrics.

e In the context of forecasting, the performance of the
proposed models is compared to that of various po-
tential approaches, such as hybrid and conventional
models equipped with high-quality performance as-
sociated with a grid search hyperparameter
implementation.

The paper is organized as follows: In Section 2, we
present the state of the art and relevant literature review. In
Section 3, we review the materials and procedures used, as
well as the proposed approach and other models involved.
The results and discussion follow in Section 4. Section 5
presents the conclusions and future directions for this
investigation.

2. State of the Art and Relevant
Literature Reviews

In recent years, the field of energy generation data fore-
casting, particularly in the context of renewable energy, has
been the subject of numerous studies and innovative ap-
proaches. Due to the growing body of the literature in this
area, several literature reviews have been published that
provide a comprehensive view of the current methods,
models, and techniques. These reviews are essential to
identify common patterns, research gaps, and areas for
future development.

The following (Table 1) is a summary of some relevant
reviews in the field, focusing on studies that address the
combination of artificial intelligence, statistics, and hybrid
methods for prediction in energy generation systems. This
collection provides an overview of the most discussed ap-
proaches in the literature and serves as the foundation for
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the innovative developments and proposals presented in
this work.

The reviewed literature emphasizes notable advance-
ments in energy forecasting, particularly with the in-
corporation of advanced ML and deep learning methods.
The studies presented in this chapter offer a strong basis for
understanding both the advantages and challenges of dif-
ferent forecasting techniques.

3. Materials and Methods

3.1. Study Area and Power Energy Generation Data. The
hourly power (MW) generated at six Chilean stations was
selected for the analysis. Given the pivotal role of data quality
in the success of projects pertaining to energy resource
management and planning, our station selection process was
meticulous. We were careful to select stations whose records
had the least amount of missing data for the time periods
under consideration and were obtained from reliable
sources. Each location shows differences in both seasonal
patterns and power generation amounts. The common
period of record used for the six stations was between April
2020 and April 2021 (8761 records). A summary of the
power generation data from each station is shown in Fig-
ure 1. The differences in average generation between the
hydroelectric plants are inherent to their distinct design and
generation capacities.

Figures 2 and 3 show both the hourly power generation
line charts and boxplots for the six locations. Each box
height represents the interquartile range. The whiskers ex-
tend to the most extreme data point, which is no more than
1.5 times the interquartile range from the box. The hourly
variations in generation levels from the six examined sta-
tions are visually compared. The data series exhibit seasonal
patterns with fluctuations, and their intraday levels are not
constant throughout time. There are variations in power
generation levels between the highest and lowest points at
each station.

We conducted a detailed analysis of the autocorrelation
tunction (ACF) and partial ACF (PACF) to the hourly power
generation time series to identify the most relevant lags to
include as inputs for our algorithm. This step ensures that
the model effectively captures the temporal dependencies
and recurring patterns present in the data. We remove the
diurnal cycle from the time series to determine the pre-
dictor’s lag. The ACF and PACEF plots are shown in Figure 4.

3.2. LSTMW Neural Network. Our initial proposed model is
called the LSTMW neural network. It represents an ex-
tension of the conventional LSTM neural network. In the
LSTMW, the cell state update incorporates a wavelet
function for activation instead of the commonly used hy-
perbolic tangent (Tanh) family. The node responsible for the
cell state update employs wavelet coefficients derived from
an expansion function, with specific coeflicients exhibiting
significant values.
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The fundamental concept behind wavelets revolves
around interpreting data based on scale. Smaller scales
represent higher frequencies, while larger scales correspond
to lower frequencies [37]. Likewise, the WT achieves ex-
cellent frequency resolution for low-frequency events and
reliable time resolution for high-frequency events [37].
Moreover, the WT adapts to different frequency charac-
teristics present in a wide range, allowing the examination of
time series with nonstationary dynamics at various fre-
quencies [38, 39].

This approach is novel, as the existing literature on
energy demand prediction models typically involves tech-
niques that do not incorporate the WT within the network
algorithm. Instead, they perform the decomposition of time
series into high- and low-frequency components (wavelet) as
a preprocessing step external to the neural network algo-
rithm architecture [40-48].

3.21. LSTMW Neural Network Scheme. The proposed
LSTMW cell architecture (depicted in Figure 5 and defined
by Equations (1)-(8)) comprises interconnected memory
blocks, forming a recurrent network structure. Each block
consists of one or more self-connected memory cells and
three multiplicative units: the input (4,), output (o,), and
forget (f,) gates in time . These gates operate as nonlinear
summation components, collecting activations from within
and outside the block and controlling cell activation via
multiplicative operations (represented by small circles with
“x” in Figure 5).

The input (i,) and output (o,) gates are computed based
on the previous output (h,_;), the input vector (x,), and the
weight matrices from the input (w;) or output (w,) layers of
the cell. In addition, the corresponding bias vector is added.
On the other hand, the forget gate (f,) multiplies the cell’s
previous state (h,_;). The cell state (c,) is determined by
combining the forget gate (f,) and the previous cell state
(¢;_1)- This result is then summed with the input gate (4,) and
the cell update state (¢t), which represents a wavelet (D)
layer. The wavelet layer is calculated using the previous
output (h,_,), the input vector (x,) that is translated and
dilated (a,,), and the weight matrix specific to the cell (w,,).
In addition, the corresponding bias term (b,,) is included in
the calculation.

The LSTMW output (h,) is calculated by the following
equations:

U, = [ht—l’ xt]’ (1)
fi =ow;s-u, +by, (2)
i,=0(w-u, +b), (3)
o, =0(w, u, +b,), (4)
U — Wy
Ay =——> (5)
W
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F1GURE 1: Location map of the renewable energy stations, including generation type and hourly power statistics. The abbreviations HP, PE,
and PFV refer to the types of energy generation: hydroelectric, wind power, and photovoltaic, respectively.
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FIGURE 3: Box-plots of the hourly power generation of the six stations: Mampil (a), Sierra Gorda Este (b), Palmar (c), El Romero (d), Punta

Palmeras (e), and Tambo Real (f).

?t = 1//(aw) CWy, + bw’ (6)
¢ = frocy +ioc, (7)
h,=o0,°¢, (8)

where w, w;, and w, are weight matrices; by, b;, b,, and b,,
are bias vectors; A, is the output of LSTMW at the time ¢ o is
the sigmoid activation function; y is the wavelet activation
function; and a,, is the current input translated by the pa-
rameter w; and dilated by the parameter w;. These parameters
are adjusted during the training phase. Finally, o denotes the
Hadamard product.

3.2.2. Translation and Dilation Parameters. Various
methods have been proposed for optimized initialization of
the wavelet parameters [39]. We implemented the heuristic
initialization method; this initialization for the translation
and dilation parameters was introduced by Zhang and

Benveniste [49] and summarized in Alexandridis and
Zapranis’s study [37] as follows:

W = 0.5(N, + M,), 9)

w(() = OZ(Mt - Nt)’ (10)

where M, and N, are defined as the maximum and mini-
mum of input u,:

M, = max (1), (11)
N; = min () (12)

3.2.3. Wavelet Activation Function. In the literature, some
mother wavelets are suggested [37, 50]:

¢ The Gaussian derivative is given by

v(x) = x2e 1P¥ (13)
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FIGURE 4: Autocorrelation function (ACF), and the partial ACF (PACF) plot of the hourly power generation for each station: Mampil (a),
Sierra Gorda Este (b), Palmar (c), El Romero (d), Punta Palmeras (e), and Tambo Real (f). The blue line represents the ACF, and the green
line represents the PACF.

FIGURE 5: Proposed long short-term memory wavelet neural network scheme (LSTMW).
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e The second derivative of the Gaussian, known as the
Mexican hat,

v(x)=1- xle WY, (14)

e The Morlet wavelet is obtained from a function that
exhibits proportionality to both the cosine function
and the Gaussian probability density function. This
wavelet is nonorthogonal, possesses an infinite extent
of support, and exhibits its peak energy concentration
in proximity to the origin within a narrow frequency

band [50].
v(x) = e (1% cos (5x). (15)
e A complex version of the modified Morlet wavelet [51] is
y(x) = e % cos (wyx). (16)

The Sinc (Shannon) wavelet originates from a function
that shares proportionality with the cosine function.
Similar to the previously mentioned wavelets, the Sinc
wavelet is nonorthogonal and exhibits infinite support.
However, it differs in that its maximum energy con-
centration occupies a broader frequency spectrum
around the origin when compared to the two afore-
mentioned wavelets [50].
sin(ﬂxz)

y(x) =) (17)
X

Selection of the mother wavelet depends on the ap-
plication and is not limited to the foregoing
choices [37].

Performance criteria equation

Root mean square error (RMSE) RMSE =

where t; is the actual value of energy, y, is the model forecast
value, m is the total number of observations, R is the coefficient
of determination, and p the number of inputs in the model.

3.4. Comparative Analysis. This methodology was compared
to other well-known time-series models. In Table 2,
a summary of each of the comparative models implemented
is presented.
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We use the Mexican hat, Shannon, Morlet, and modified
Morlet functions as mother wavelets, which have proven to
be useful and perform satisfactorily in various applications.

3.2.4. Prediction Enhancement. In addition, as part of an
enhancement process, we introduced a methodology (re-
ferred to as LSTMWL: LSTMW with luster) to capture and
integrate uncertainty into the forecast, aiming to address
systemic biases and deviations. This approach aligns with the
statistical postprocessing stage employed in improving the
prediction accuracy of LSTM models combined with wavelet
decomposition, as described in Vivas et al.’s study [52]. In
this method, the residuals obtained from the LSTMW ad-
justment, representing the discrepancy between observed
and fitted values, were subjected to modeling through lagged
regression models. These models were used to forecast the
residuals, which were then incorporated into the energy
forecast. By incorporating the uncertainty through this
procedure, we aimed to account for systemic biases and
deviations that may affect the forecasted values. The previous
research has demonstrated favorable outcomes when in-
corporating separate noise prediction into the forecasted
values [52-55].

3.3. Evaluation Criteria. Numerous papers dealing with
energy forecasting have assessed their results in terms of the
traditional indicators for statistical accuracy: coefficient of
determination (R?), root mean square error (RMSE), and
mean absolute error (MAE). These measures are described as
follows:

(18)

3.5. Grid Search Cross-Validation. We generated grid-search
cross-validation based on 10 iterations; within each iteration,
we implemented a parameter grid to search for the optimal
model performance, taking three evaluation metrics into
consideration. Our tuning involved repeatedly fitting and
evaluating the same forecaster with various hyperparameters.

The repeatability of accuracies was evaluated with re-
spect to 10 data groups that were selected using sequences of
a fixed size of N-720 by sequence, where N represents the
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TaBLE 2: Overview of benchmark forecasting algorithms implemented.

Name Summary
Perceptron (MLP): A multilayer perceptron or feedforward deep network is made
. up of layers with connections that convey data from one layer to the next. MLPs are
Multilayer

Long short-term memory (LSTM)

Wavelet neural network (WNN)

Recurrent wavelet neural network (RWNN)

Deep wavelet (DWave)

trained using gradient descent to minimize loss functions by adjusting network
weights based on gradients [56]
The recurrent artificial neural network known as LSTM, introduced by Hochreiter
and Schmidhuber [26], is an effective tool for training tasks using time-series data. It
excels, especially when nonlinear signal modeling is necessary. Many researchers
have successfully applied LSTM for power forecasting, as demonstrated by Sharma
and Kakkar [4] and Liu et al. [30]. In our study, we implemented an LSTM
architecture based on Lipton et al.’s study [57], as well as a hybrid LSTM scheme
similar to the approach described by Li et al. [47]

During the training phase of a WNN, the error function is reduced by changing
parameters iteratively [39]. Here, we have implemented an efficient heuristic
approach for initializing parameters that ensures that the inputs fall inside wavelet
function active boundaries. The topology and details of the WNN can be consulted
in Alexandridis and Zapranis [39]

In recurrent WNNS, the output is determined not only by the network’s current
inputs but also by the network’s past outputs or conditions. Recurrent networks,
often known as feedback networks, have feedback. There are several kinds of
recurrent networks based on the feedback link. The wavelet network input in
recurrent wavelet network structures consists of delayed samples of the system
output. The topology and details of the RWNN can be consulted in Saleh et al.’s
study [58]

We implemented a long short-term memory (LSTM) network combined with
wavelet decomposition. Wavelet decomposition was used for data preprocessing, as
suggested by Li et al. [47], and implemented in Vivas, Allende-Cid, and Salas’s study
[1]. We use the acronym DWave for this hybrid model

o Batch size o RMSE

Fold Optimization — ¢ Wavelet function Performance * MAE
o Learning rate . R

) e s s e s s o f s Grid 1 Metrics 1

2 s 1 s Y s Y s s s s | s | s s Grid 2 Metrics 2

o J e I o e s s s o | o o s f s Grid 3 Metrics 3

3 o I o o s f s s Y o | o o Y oy s f s | Grid 4 Metrics 4

5 COCOCOCOC OO OO0 @ Grid 5 Tuning Test Forecast Metrics 5

6 COCOCOCOC OO OO0 s Grid 6 Metrics 6

4 I s Y o o s o s | i f s | Grid 7 Metrics 7

S e I o Y o s f s s Y o o o Y v s s [ s Y o o} Grid 8 Metrics 8

Y o Y o Y e f s s o | o I o Y o s [ s s Y o | o | o} Grid 9 Metrics 9

0 COoOCOC O C O C OO O C O C OO OO0 s Grid 10 Metrics 10

7 Train set
Evaluation set
) Test set

Batch size: (2, 4, 16, 32)

1
Performance = 0 Zmetric[

Wavelet function: (MexHat, Morlet I, Morlet II, Shannon)

Learning rate: (0.001, 0.005, 0.010, 0.050, 0.070, 0.090, 0.100, 0.200)

FIiGURE 6: Grid search cross-validation scheme.

number of hours of the previous sequence. In this regard, the
network underwent testing using various data subsets to
ascertain its capability to consistently estimate power values
across different sample groups within a provided database
(Figure 6).

4. Results

Figure 7 illustrates that by implementing the grid, it is
possible to determine which combination of batch size
(Batch), learning rate (Learning), and wavelet activation
function produces the best predictions for the validation set.

The criterion for selecting the best model was the model with
the best R* fit; however, coherence is observed in the be-
havior of the residual metrics for the corresponding con-
figuration of hyperparameters in the grid.

In Figure 8, it is observed that all models tend to exhibit
a good level of forecast accuracy for photovoltaic power sta-
tions, with the MLP network reaching the lowest level of
precision in the majority of cases, and the proposed model
LSTMWL being the best predictor in the majority of instances.

In general terms, it can be seen in Figure 8 that the
proposed models (highlighted in purple and blue) achieved
improvements in forecast accuracy (R?), and the expected
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FIGURE 7: Performance of the proposed model (LSTMW) on the validation dataset after applying grid search cross-validation, evaluated

using the R? metric.

Coefficient of determination (R2)

1.00

0.75

0.50

oMLt

Coefficient of determination (R?)

2§ 8888228 g888g8ge 2SS 2882258882 ¢g 8
I g2 FIg 2o Fig2aiigraiaigzzaiise
2 &8a532 8554285 28 s5A 28R HA 28
&
HP Mampil HP Palmar PE Punta PESierraGorda  PFVEIRomero  PFV Tambo Real
Palmeras 0.00 T T T T T T
Station
P b MLP ~ WNN RWNN LSTM DWave LSTMW LSTMWL
— — Dwave
WNN - LSTMW Method
RWNN o LSTMWL
— LSTM
= =) . ! : : : :
3 & : : : : : .
5 = 0.4
5 9]
H £ . .
g ]
z s 03
g
z Z 02
2 g
2§ 888823888 2e8e82sgg82s8g8ggsges E
EE 88T geERggsgeigsgeigzgzeagegges 011" A . A
28528 d28rRdg88rsdg88EnsagEns =z
z 5] . . . . . . .
=]
HP Mampil HP Palmar PE Punta PESierraGorda  PFVEIRomero  PEV Tambo Real & 0.0 " " . " . " "
Palmeras Este
Station MLP  WNN RWNN LSTM DWave LSTMW LSTMWL
— MLP —— Dwave Method
WNN -e- LSTMW
RWNN o LSTMWL
— IST™M
_ 060 .05 - .
=) 5]
s <
5 040 = 04
g =
: g
2 5 03}
£ 020 & - . . . . i
: z ]
E \ LV s 02
0,00 e e -] : : o
2§ g888gsges8gsegeegseges §$ 88885888 = 0.1 - - - IEE IR
Igzgigeadigeagigseqg 228§ TgeER g
TR RABERTRARRERTRARERS 28 @B A 2ER R 3 T 7 )
F = 00 T T T T *
HP Mampil HP Palmar PE Punta PE Sierra Gorda. PFV El Romero  PFV Tambo Real . T T T T T T T
Palmeras Este MLP  WNN RWNN LSTM DWave LSTMW LSTMWL
Station Method
—=— MLP —— Dwave
WNN e LSTMW
RWNN o LSTMWL
— LST™M

(a)

(®)

FiGure 8: Performance achieved in the forecast (test set): (a) by renewable energy station and validation batch, according to the
implemented neural network; (b) based on R?, MAE, and RMSE according to the implemented model grouping all the outputs of the

different stations and cross-validation folds.

dispersion in accuracy is also more controlled. In terms of
the behavior of the residues, improvements are also detected
in relation to the rest of the models, mostly in the proposal in
which a postprocessing phase for the residual values was
incorporated (LSTMWL).

In agreement with Figure 8, the results observed in
Tables 3, 4, and 5 indicate that the proposed model
(LSTMWL) provide better forecasts (higher R? and
smaller residuals) in the majority of stations; however,
when the series is highly seasonal, as in the case of solar

95UBD17 SUOLUWIOD AIERID 3|qeat|dde ay) Aq peusenob afe sajoilie YO ‘8sn Jo sajni o} Areiqiaulluo AB|1A UO (SUOTIPUOD-pUe-SWL)/LI0D A8 |ImAlelq 1 jeuljuo//:sdny) suonipuoD pue swie | 841 89S *[S20z/v0/zz] uo Ariqiiauliuo A ‘(oujeande ) agnopesy Aq 9060688/1U1/SSTT OT/I0p/Wod A8 |im Arelq ijeuluo//sdny wolj papeojumoq ‘T ‘520 ‘St



International Journal of Intelligent Systems

11

TABLE 3: Average performance achieved in the forecast (R? for the test set) per generating station, according to the implemented neural

network.
Stati MLP WNN LSTM Neural networks LSTMW LSTMWL
ation RWNN Dwave

HP Mampil 0.60 0.74 0.79 0.73 0.79 073 0.82
HP Palmar 0.42 0.46 0.43 0.48 0.46 0.41 0.73
PE Punta Palmeras 0.16 0.38 0.25 0.38 0.22 0.24 0.76
PE Sierra Gorda Este 0.45 0.63 0.58 0.65 0.59 0.59 0.82
PEV El Romero 0.88 0.97 0.97 0.98 0.98 0.96 0.97
PFV Tambo Real 0.70 0.92 0.96 0.94 0.96 0.94 0.96

Note: The values indicating the best performance are marked in bold.

TABLE 4: Average performance achieved in the forecast (RMSE for the test set) per generating station, according to the implemented neural

network.
Station MLP WNN LSTM Neural networks LSTMW LSTMWL
RWNN Dwave

HP Mampil 0.25 0.16 0.14 0.16 0.13 0.17 0.12
HP Palmar 0.16 0.17 0.15 0.16 0.16 0.13 0.06
PE Punta Palmeras 0.34 0.31 0.27 0.30 0.26 0.27 0.14
PE Sierra Gorda Este 0.21 0.22 0.19 0.21 0.20 0.18 0.12
PFV El Romero 0.13 0.06 0.07 0.05 0.05 0.08 0.07
PFV Tambo Real 0.16 0.10 0.08 0.08 0.06 0.09 0.07

Note: The values indicating the best performance are marked in bold.

TaBLE 5: Average performance achieved in the forecast (MAE for the test set) per generating station, according to the implemented neural

network.
. Neural networks

Station MLP WNN LSTM RWNN Dwave LSTMW LSTMWL
HP Mampil 0.18 0.11 0.10 0.10 0.10 0.12 0.08
HP Palmar 0.14 0.13 0.14 0.13 0.14 0.10 0.03
PE Punta Palmeras 0.27 0.22 0.23 0.22 0.22 0.21 0.09
PE Sierra Gorda Este 0.17 0.16 0.16 0.15 0.16 0.15 0.09
PFV El Romero 0.08 0.03 0.04 0.02 0.03 0.05 0.04
PFV Tambo Real 0.11 0.05 0.04 0.04 0.03 0.05 0.04

Note: The values indicating the best performance are marked in bold.

energy series, the RWNN model is a more accurate
predictor. The LSTMWL model demonstrated superior
performance for less seasonal and dispersed series (PE
Punta Palmeras).

4.1. Statistical Significance Tests. To have greater precision
regarding the differences, various hypothesis tests were
implemented. The Kruskal-Wallis test was used to examine
the statistical significance of the differences in the perfor-
mance of the implemented models; this test has been used in
a variety of ways in other forecasting studies to examine
differences between series [59, 60].

o The Kruskal-Wallis test, created by Kruskal and Wallis
[61], is a nonparametric method for determining
whether a set of data is derived from the same pop-
ulation. It is an intuitively nonparametric version of
ANOVA. In contrast to the parametric ANOVA, the
Kruskal-Wallis test does not need the assumptions of
the traditional ANOVA. Consequently, it can be used

for tasks involving samples with complex distribution
characteristics [60]. In addition to the Kruskal-Wallis
test, the below-described second nonparametric test
was implemented.

o The Friedman test is a nonparametric alternative to the
repeated measures ANOVA. It determines if there is
a statistically significant difference between the means
of three or more groups containing the same subjects.
This test has also been used to compare forecasts in
other works [62, 63].

Both tests are conducted under the following hypotheses:

o Null hypothesis (H): The average accuracy metric of
each model is the same

o Alternative hypothesis (H,): Atleast one of the average

accuracy metric of the models differs from the rest

The p values reported in Tables 6, 7, 8, 9, 10, and 11 are
used to assess the statistical significance of differences in
performance metrics (RMSE, MAE, and R?) between the
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TasLE 6: Hypothesis test to compare average R? by power plant.
Station Friedman p value Kruskal p value
HP Mampil 43.987 1.42E - 03 36.017 3.94E - 02
HP Palmar 29.151 0.0006112 17.553 0.04073
PE Punta Palmeras 33.016 0.0001327 66.428 0.6743
PE Sierra Gorda Este 53.836 2.03E - 05 35.258 5.37E — 02
PFV El Romero 28.434 0.000807 20.736 0.01388
PFV Tambo Real 31.488 0.000244 22.462 0.007523
TaBLE 7: Hypothesis test to compare average RMSE by power plant.
Station Friedman p value Kruskal p value
HP Mampil 42210 3.01E - 03 35.041 5.86E — 02
HP Palmar 34.449 7.45E — 02 27.037 0.001379
PE Punta Palmeras 49.348 1.43E - 04 18.615 0.02867
PE Sierra Gorda Este 42.927 2.22E - 03 33.593 0.0001052
PFV El Romero 27.405 0.001198 16.802 0.05192
PFV Tambo Real 33.171 0.0001247 22.34 0.007861
TaBLE 8: Hypothesis test to compare average MAE by power plant.
Station Friedman p value Kruskal p value
HP Mampil 43.769 1.56E - 03 38.662 1.33E - 02
HP Palmar 30.803 0.00032 20.993 0.01268
PE Punta Palmeras 47.665 2.95e - 07 23.324 0.005508
PE Sierra Gorda Este 43.332 1.87E - 03 31.988 0.0002001
PFV El Romero 21.39 0.01103 63.158 0.7079
PFV Tambo Real 26.158 0.001925 10.527 0.3095
TaBLE 9: p values from the hypothesis test of the mean difference in R? using the Wilcoxon signed-rank test.

DWave LSTM LSTMW LSTMWL MLP RWNN
LSTM 0.25538 — — — — —
LSTMW 0.00290 0.05704 — — — —
LSTMWL 7.4e - 07 1.9¢ - 08 1.7e-11 — — —
MLP 1.6e - 06 5.1e - 06 0.00010 1.7e-11 — —
RWNN 0.02547 0.00022 3.8e - 06 1.1e- 08 1.3e - 08 —
WNN 0.14394 0.04034 0.00487 1.8¢ - 09 1.4e - 06 0.54853
Note: The smallest p values are marked in bold.

TaBLE 10: p values from the hypothesis test of the mean difference in RMSE using the Wilcoxon signed-rank test.

DWave LSTM LSTMW LSTMWL MLP RWNN
LSTM 0.00074 — — — — —
LSTMW 0.05422 0.16977 — — — —
LSTMWL 2.7¢ - 05 7.0e — 08 1.7¢ - 11 — — —
MLP 7.0e - 09 1.4e — 07 2.1e - 10 1.7¢ - 11 — —
RWNN 6.7¢ — 05 0.27431 0.13994 7.5¢ — 08 3.1e - 05 —
WNN 8.9¢ - 05 0.02314 0.01981 8.4e— 09 0.00084 0.73766

Note: The smallest p values are marked in bold.

power generation plants and algorithms tested. A p value
less than 0.05 indicates that the difference between two
algorithms is statistically significant, while a p value greater

than 0.05 suggests no significant difference. The Friedman
and Wilcoxon signed-rank tests were applied to determine
whether the differences in model performance were
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TaBLE 11: p values from the hypothesis test of the mean difference in MAE using the Wilcoxon signed-rank test.

DWave LSTM LSTMW LSTMWL MLP RWNN
LSTM 0.108 — — — — —
LSTMW 0.189 0.287 — — — —
LSTMWL 2.1e - 06 5.3e-07 1.7e-11 — — —
MLP 1.6e - 07 8.6e — 06 8.8e — 09 22e-11 — —
RWNN 0.229 0.014 0.063 2.2e - 06 8.3e - 07 —
WNN 0.868 0.391 0.429 9.3e - 07 1.8e — 05 0.874

Note: The smallest p values are marked in bold.
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FIGURE 9: Forecast performance of the implemented models according to the cross-validation fold. The performances of all the stations were
consolidated (test set). Forecast performance of the implemented models by renewable energy station. The performances of all the cross-

validation folds were consolidated (test set).
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FiGURE 10: Actual and predicted output of the LSTMWL neural network (test set). Corresponding to the cross-validation fold made up of

7320 records.

meaningful, with pairwise comparisons revealing where
significant performance differences exist, especially high-
lighting the superior performance of the proposed LSTMW
and LSTMWL models.

In the tests, significant differences are found between at
least two groups (Tables 6, 7, and 8). To find out what they
are, two-by-two comparisons are made using the Wilcoxon
signed-rank test (Tables 9, 10, and 11).

Although both the Friedman and Kruskal-Wallis tests
are significant in contrasting the difference in the average
performance of the models, pairwise comparisons using the
Wilcoxon test (Tables 9, 10, and 11) do not reveal significant
differences in all cases.

Remarkably, there are differences between the perfor-
mance of the forecasts obtained through the proposed
models (LSTMW and LSTMWL) and most other models,
highlighting the particularity of the model when the post-
processing phase is implemented (LSTMWL).

Likewise, various boxplots are shown to illustrate the
distributions of the performance metrics. The results of all the
stations were consolidated in a single graph according to the
fold of the cross-validation by the model. In Figure 9, it can be
seen that the neural networks that implement the wavelet
analysis (WNN, RWNN, LSTMW, DWave, and LSTMWL)
are typically more dispersion-stable than models that only
employ traditional activation functions (MLP and LSTM).

It can also be seen in Figure 9 that the precision of the
models varies according to the size of the fold; the smallest
batches tend to show a greater number of atypical perfor-
mances. However, it is not a result that applies to all the
models. The series is seasonal, so the presence or absence of
a fold in the historical record can alter the metrics results,
depending on the model’s capability to predict that segment.

Figure 10 illustrates the behavior of the series of real
values and the values that were predicted by the LSTMWL
model for the cross-validation fold made up of 7320 records.
The forecast was made for 720 records in each of the stations.
In general terms, the model manages to accurately forecast
the electrical energy in all stations.

As shown in Figure 11, most models perform well up to 3
steps ahead, but the quality of forecasts deteriorates beyond
that, with an increasing gap between predicted and actual
values. This quality decline is primarily due to the propa-
gation of errors from earlier prediction stages. The in-
corporation of exogenous sources of variability could
potentially mitigate this issue by improving error manage-
ment and enhancing forecast accuracy over longer horizons.

Likewise, as shown in Figure 11, the real photovoltaic
generation values are zero during periods without sunlight
due to the complete dependence of photovoltaic generation
on solar availability. This behavior is expected, as there is no
energy output during nighttime.
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FIGURE 11: Forecast performance across multiple prediction steps.

The proposed algorithm accurately captures this pattern
up to the third forecast step. However, as the forecast ho-
rizon extends, predictions may diverge due to the inherent
uncertainty associated with long-term forecasting—a com-
mon challenge in energy prediction.

5. Conclusions

New models based on wavelet analysis and deep learning
were proposed to build predictive energy models in Chile. In
one of our proposed models (LSTMWL), uncertainty was
incorporated into the forecast to account for systemic biases
and deviations in the forecast values. These models have
been tested in different case studies, and their performances
were compared with those of other powerful models. We
found that in most cases, our proposed models perform
better.

It was observed that the proposed models perform better
in predicting small amplitude, short-duration signal vari-
ability, which can often be masked by larger fluctuations.

This behavior was particularly evident in the case of the PE
Punta Palmeras Station, where the models excelled in
capturing subtle variations. However, for predicting large
amplitude signals, such as those observed at the PFV El
Romero Station, the proposed models showed limitations. In
this case, the recurrent WNN (RWNN) outperformed the
others, demonstrating that the proposed models may not be
as effective for handling larger, more pronounced signal
variations. This highlights the need for further refinement of
the models to handle a wider range of signal types and
amplitudes effectively.

Although the proposed methodology achieved high
accuracy levels, future work could be directed in two di-
rections. On the one hand, the methodology can be extended
to forecast with more time steps ahead. On the other hand,
the influence of external predictors can be incorporated as
external sources of local climate variability. The improve-
ment phase can be optimized by implementing other al-
gorithms to model the residuals, such as prediction
enhancement with LSTM networks. Likewise, it would be
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interesting to evaluate the possibility of including the
construction of confidence and prediction intervals to es-
timate the possible values in which future energy generation
will occur with a certain probability.
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