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Abstract

The weather is one of the most crucial components that surround and impact
almost everything in our everyday lives. Several studies on this subject have been
conducted in order to determine practical strategies to exploit the power of nature
for our benefit. or, at least, to reduce its tragic disasters. This is what gave origin
to the modern science we know today under the name of weather forecasting (WF).
Several global climate affecting features are combined to impact the weather, and
the most challenging one is the wind parameter with its flactuated nature and

unpredictable behaviour.

Due to nowadays energies crisis, the world will witness a remarkable progress in
the alternative energies field, where the wind energy industry is considered as the
fastest growing renewable energy, due to its widespread availability and affordable
cost, and it is expected to grow even faster in the few coming years, being the

most lucrative form of green energy sources.

The aim of our research is to implement a reliable model based on deep learning
techniques, capable of handling the complex wind characteristics, and also the

investigation of sites suitability for wind farms hosting projects.

Keywords: Weather forecasting ,wind speed forecasting, Energy Consumption,

Deep learning, Artificial intelligence
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Résumeé

La météo est I'un des éléments cruciaux qui entourent et influencent presque tout
dans notre vie quotidienne. Différentes études ont été menées sur ce sujet afin de
trouver un moyen de bénéficier du pouvoir de la nature ou, du moins, de I’empécher

de provoquer des catastrophes.

C’est ce qui a donné naissance a la science connue sous le nom de prévision
météorologique (PM). De nombreux facteurs d’influence du climat mondial se
combinent pour influencer I’atmosphere, et le plus complexe est la vitesse du vent

a cause de sa nature fluctuante et son comportement imprévisible.

En raison de la crise énergétique actuelle, le monde va connaitre un progres re-
marquable dans le domaine des énergies renouvelables, ou la production d’énergie
éolienne est classée comme 1'une des énergies alternatives a la croissance la plus
rapide, et elle devrait croitre encore plus rapidement dans les années a venir, étant
la source d’énergie verte la plus rentable en raison de sa disponibilité et de son

cout raisonable.

L’objectif de notre recherche est de développer un modele fiable basé sur des
techniques d’apprentissage profond, capable de gérer les caractéristiques complexes
du vent, ainsi que I’étude de I'adéquation des sites pour les projets d’hébergement

de parcs éoliens.

Mots-clés: Prévision météorologique, prévision de la vitesse du vent, consomma-

tion énergétique , apprentissage profond, intelligence artificielle
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Chapter 1

General Introduction

~

"It is better to deserve honors
and not have them than to have
them and not to deserve them.”

- Mark Twain

- >

"Each problem that | solved
became a rule which served
afterwards to solve other
problems.”

- Rene Descartes
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FIGURE 1.1: Chapterl Map.
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Nowadays energy consumption significantly increased, as a side effect of the ex-

pansion of manufacturing facilities, and the rapid growth of economic activities.

Since wind power is one of the most economical sources of electricity, it is regarded
as the ideal response to the significant increase in energy demand. Therefore, in

the upcoming years, the number of hosted wind farms must increase [1].

Recent studies have revealed that the key to establish reliable power generating

plans is to accurately estimate the wind speed feature.

Numerous methods for predicting wind speed have recently been proposed, in-
cluding: physical techniques that use numerical weather prediction (NWP) to
prognosticate medium and long-term forecasting times scales[2], and deep learning
techniques for short and ultra-short time horizons that proved their effectiveness
by outperforming statistical traditional models that typically use recursive linear

models.

This thesis investigates the use of hybrid deep learning approaches to solve prob-
lems and find alternatives to weather forecasting tasks, specifically wind speed
forecasting, where the objectives of our study were to understand the forecasting
mechanism, and to develop an intelligent framework that handles the dependency
of the existing models on different data characteristics which is consuming in both

time and calculation.

1.1 Context and Motivation

Climate changes addresses one of our time’s most critical social and economic
concerns, and it is expected to increase the frequency and intensity of numerous
extreme weather disasters. Citizens are actively encouraging their governments
to handle one of today’s major challenges by allowing investments in wind power

generation, the most cost-effective climate mitigation technology.

The increased growth of manufacturing and the acceleration of commercial de-
velopment resulted in a significant rise in energy consumption. While the world
continues to suffer from environmental degradation and global warming caused by
the mismanagement of conventional energy supplies such as coal and natural gas.

As a result, Today, more than ever, the world requires alternative energy supplies,
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and wind power generation is regarded among the most profitable sustainable

energies in terms of materials and costs.

Wind energy capacity increased by 17% last year, and it is currently the leading

source of alternative energy in the most advanced nations.

Algeria’s government has launched a captivating strategy to attract investment in

wind power, with a target of establishing 5 GW of wind energy by 2030.

1.2 Problem Formulation and Limitations

Due to its complex nature and difficult-to-predict parameters, the wind is one of

the most challenging weather events to forecast.

We chose the western regions of Algeria, characterized by the highest records of
wind speed in the entire nation, showing a significant potential for the proposed
research, with evaluating the proposed models on multiple prominent datasets

with various features.

For the ideal hosting strategy of future wind farms, in this thesis we will concen-
trate on developing an effective wind speed forecasting system, in order to record

the greatest and most steady wind speed values in Algeria.

For the first time, the issue of the preprocessing approaches dependency on the

various dataset features was addressed.

The main limitation of our investigation was the lack of tools for validation and

real-time verification of the developed models on real wind farms systems.

1.3 Challenges to be addressed

Forecasting wind parameters remains a difficult task due to the wind’s extremely
unpredictable nature, that necessitates a reliable framework that has the ability to
automatically learn characteristics from a sequence based on its temporal ordering.
Recent studies have shown that predicting the wind speed is crucial key in building
reliable power generation frameworks, where deep learning strategies outperformed

traditional models.
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The primary challenges treated in this thesis are :

- The determination of the ideal combination for the suggested framework to take
advantage of the significant time series characteristics, improve forecasting preci-

sion, and shorten the computation time
- To build a common architecture that can handle the variations in the datasets.

- To achieve the best forecasting optimization, combining the preprocessing tech-
niques that heavily depend on the dataset characteristics of each research area in

an effective way with the structure of the prediction model.

1.4 Contributions

The primary contributions of this thesis are outlined in this section, where we

attempted to :

e Find the most appropriate combinations for the proposed hybrid architectures in
order to take advantage of the time series key features and improve the prediction

performance.

e Create a standard framework that can handle multiple time series without adap-
tation, to overcome the restrictions of the hyper-parameter selection process, that

is consuming in computation and time.

e Select the most prominent zones that grant wind speed stability and predictabil-

ity for wind farms hosting projects .
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1.5 Publications

1.5.1 Journal Publications

1. Zouaidia, K. et al. (2021). Hybrid intelligent framework for one-day ahead
wind speed forecasting. Neural Computing and Applications, 33(23), 16591-16608.

Classe: A, Impact Factor: 5.606, H-index: 96.

2. Zouaidia, K.t al. (2023). Weather forecasting based on hybrid decom-
position methods and adaptive deep learning strategy. Neural Computing and

Applications, 1-16.
Classe: A, Impact Factor: 5.606, H-index: 96.

3. Zouaidia, K., et al. (2021). Hourly Wind Speed Forecasting Using FFT-
Encoder-Decoder-LSTM in South West of Algeria (Adrar). International Journal
of Informatics and Applied Mathematics, 4(1), 72-83.

1.5.2 Other Journal Publications in parallel with the thesis

1. Rais, M. S., Zouaidia, K., and Boudour, R. (2022). Enhanced decision
making in multi-scenarios for autonomous vehicles using alternative bidirectional

Q network. Neural Computing and Applications, 1-16.
Classe: A, Impact Factor: 5.606, H-index: 96.

2. Rais, M. S., Boudour, R., Zouaidia, K., and Bougueroua, L. (2022). Decision
making for autonomous vehicles in highway scenarios using Harmonic SK Deep
SARSA. Applied Intelligence, 1-18.

Classe: A, Impact Factor: 5.019, H-index: 72.
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1.5.3 International Conferences Publications

1. Zouaidia, K.et al. (2020, December). Wind speed forecasting based on
discrete wavelet transform, moving average method and gated recurrent Unit. In
International Conference in Artificial Intelligence in Renewable Energetic Systems
(pp. 71-78). Springer, Cham.

2. Khouloud, Z., et al. (2021, September). Multi-Step Wind Speed Forecasting
Based on Hybrid Deep Learning Model and Trailing Moving Average Denoising
Technique. In 2021 International Conference on Recent Advances in Mathematics
and Informatics (ICRAMI) (pp. 1-5). IEEE.

1.5.4 National Conferences Publications

1. Zouaidia, K., GHANEMI, S., and RAIS, M. S. (2020) Hourly Wind Speed
Forecasting using FFT-Encoder-Decoder-LSTM in South West of Algeria (Adrar)
in Third Conference on Informatics and Applied Mathematics, IAM’s 2020.

2. Rais M.S., Boudour, R., and Zouaidia, K.. (2020).Avoiding obstacles in a
road with a maze structure using reinforcement learning methods in Third confer-

ence on informatics and applied mathematics, TAM’s 2020.

1.6 Thesis Structure

This dissertation is divided into four chapters, besides the chapter of the general
introduction. The second and third chapters describe the theoretical background
and foundations of the approaches proposed in this thesis while the fourth chapter
is dedicated to describe the primary contributions of this thesis. The last chapter

provides the general conclusion, and anticipates future perspectives.

In the first chapter we have developed the motivations for this research and its
context followed by the problem formulation, the limitations and the challenges

addressed by this work.

Then, we summarised the main contributions from this research, and finally, we

described the structure of the thesis.
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The second chapter (Background), introduces the three research axis that inspired
our research topic, named weather forecasting, Deep Learning and renewable ener-
gies. It discusses the essential points concerning these concepts, starting with the
necessary fundamentals to familiarize with the different terms of the three axis,
reaching to a synthesis that was the main stone for the choices of the upcoming

publications.

In the third chapter (Wind Speed Forecasting), we further explore a selection of
the most popular data preprocessing techniques, relevent optimization algorithms,
and deep learning models used in the wind speed forecasting area, along with some

pertinent researches.

The fourth chapter (Contributions), describes our achievements and contributions

during the thesis investigation.

The conclusion emphasizes the benefits of the proposed approaches, while also
discusses the results obtained throughout this thesis and the perspectives to be

assigned to this work.



Chapter 2

Background

n

K'Perhaps some day in the dim future it
will be possible to advance the

computations faster than the weather “Predicting the future is not
advances and at a cost less than the magic, it’s artificial
saving to mankind due to the information intelligence.”

gained. But that is a dream.”

\ - Lewis Fry Richardson. /

- Dave Waters
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FIGURE 2.1: Chapter2 Map.
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2.1 Introduction

The application of advanced technologies and relevant scientific approaches to pre-
dict the atmosphere conditions at a given location is known as weather forecasting,
created by collecting quantitative data about the different weather parameters and
applying scientific theories of atmospheric processes to forecast the future changes

possible to occur in the atmosphere [3].

Forecasting in the past is based initially on the observation of weather key features.
The study of the different atmospheric parameters has led to the development of
a variety of techniques [4], ranging from relatively straightforward sky observation

to extremely sophisticated computerized mathematical models.

Thanks to the emergence of deep learning methods, the wide availability of massive
weather observation information, as well as the advent of data and sophisticated
technology, many researchers have been motivated to investigate hidden hierar-
chical features in considerable volumes of meteorological information for weather

future prediction, using sophisticated hybrid deep learning architectures.

When applied to renewable energy sources, weather forecasting becomes even more

vital.

The potential impact of weather on supply capabilities will increase as the world

shifts to weather-dependent energy sources such as wind power generation.

Today, weather complex conditions are causing significant fluctuations in energy

production.

In this context, efficient weather forecasting process has a key role to play in the

energy transition and green electricity grids .

This chapter covers the theory and fundamentals behind the research axis that
inspired our research topic. It provides the evolution of weather forecasting ap-

proaches and its intersection with deep learning techniques and renewable energies.
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2.2 Weather Forecasting :

Current and upcoming weather analysis have always been a great interest, in the
management of safe air and ship traffic, in agriculture and forestry, in the effective
production of energy using sustainable technologies, as well as in transportation

systems. All depend on accurate weather forecasts.

The use of advanced technologies and sophisticated materials to forecast the the
future meteorological conditions for a specific location and duration is known as
weather forecasting. This covers the temperature, wind speed, wind direction,

precipitation, and humidity [5].

2.2.1 Meteorological factors

Bellow a brief description of some important weather factors for predicting weather

conditions.
Temperature:

The most significant intensive property is temperature, which is also a meteoro-
logical parameter that quantifies the measure of hotness or coldness in a specific
location at a specific time (or can be taken as the average of the values recorded
up to that point), and it is expressed in terms of arbitrary scales. Several tools,
including thermometers, Stevenson screens, and thermo-hygrographs, are used to

measure temperature [6].
Pressure:

The force exerted by the weight of air on a surface is defined as pressure. It can be
measured in millibars (mb) using devices such as an aneroid barometer, a digital

barometer, and a barograph [7].
Humadity:

The amount of water vapor in the air is referred to as humidity. The air is so
densely packed with water vapor that there is no space for other particles. Typi-

cally, it is expressed as a percentage [8].
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Precipitation:

Precipitation is the amount of water that falls from the clouds as rain or snow to

the ground. It is measured in millimeters using a device known as a rain gauge.
Wind Speed:

Wind speed is described as the basic atmospheric rate where the air moves in the
atmosphere. It is considered as the hardest parameter to predict that is why we
chose it as the main focus of this thesis. It can be measured using instruments
such as an anemometer and a wind vane, and can be represented in kilometer per

hour (kmph) or miles per hour (mph) [9].

2.2.2 Traditional Meteorological Prediction Methodologies

In the past, people have made efforts to comprehend how the atmosphere behaves
by examining the patterns and connections between phenomena and connecting

them to upcoming events.

Weather forecasting has been an ambiguous activity practiced by civilizations
since the dawn of human history. The foundation of weather prediction was laid
by ancient Greek philosophers, then continued by renaissance scientists, followed
by the 17th and 18th century scientific revolution. The theoretical strategies of
twentieth- and twenty-first-century with the help of meteorological scientists aided
in the advancement of weather forecasting. The synoptic weather map became the
primary tool of nineteenth-century meteorologists. This is now used in weather

reports on television around the world [10].

Understanding the long-term trend of historical climate records, and applying
appropriate approaches will enhance the performance of weather prediction with
the least cost, as science has advanced and deep learning has been introduced.
Forecasting is typically used to foresee the weather for the upcoming days, that
requires a systematic collection of weather records from various locations, us-
ing meteorology, data readings, and measurement techniques, with a variety of

implementations[11].

Depending on the time factor and the weather component for which the forecast
is required, there are various methods used in forecast preparation, and that can

be presented as follows:
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2.2.2.1 Persistence Weather Prediction

Considered as the simplest method of weather prediction. It uses the conditions
of today to predict the weather of tomorrow. When the weather is stable, as it is

during the summer, this can be a reliable method of predicting the weather.

There have to be a persistent weather features for this forecasting technique to
work. Both short and long-term predictions can profit from it. This presupposes
that the current weather will continue to be as it is, where meteorologists make

weather observations to learn more about the weather [12].

2.2.2.2 Synoptic Weather Prediction

In this traditional method, a meteorologist regularly creates the synoptic charts
by keeping track and compiling information on various weather components from
numerous weather stations situated at the proper locations, and operating during
the specified time period. Synoptic maps form the basis of weather forecasts and
didn’t become common until the late 1950s. Numerous methodological rules have
been developed over the course of many years as a result of the analysis of synoptic

charts, which aid in determining the strength and motion of weather systems [13].

2.2.2.3 Numerical Weather Predictions (NWP)

The numerical weather prediction methodology forecasts weather by using the
power of supercomputers to compute complex mathematical and scientific equa-
tions that simulate atmospheric conditions [14]. Because of the lack of a proper
definition of the initial state, the computer’s estimation of how the initial state

will evolve is unpredictable.

2.2.2.4 Statistical Methods

The statistical approaches, are mainly focused on the idea that what is coming
will be a continuation of the past and thus include weather prediction based on

previous weather records, to overcome the limitations of the NWP models.
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To foretell the weather in the future, we need to identify reliable predictors of
events and create relationships among parameters. It is specifically used to forecast

a single weather factor at a time.

The parameters that define weather conditions, such as minimum and maximum
wind speed, average rainfall, and so on, change frequently over time, formulating
time series of each parameter that can be used to develop a forecasting model that

employs this time series data[15].

2.2.3 Time series

A time series is a set of information collected at regular intervals of time.

They are widely used in any domain that requires temporal measurements, and
they have a wide range of features. For example, all time-series have a level, most

have noise, and only a few have trend and seasonality.

Formally, a time series named X is defined as a discrete sequence of tuples com-

posed of single or multiple observations from one time step.

Each time series has a set interval t between steps, and the steps are named as
t; €T where T € N.

There are two categories of time series : univariate and multivariate time series.
In the first, each observation comprises a single value, while in the following each

step is set as a values list[16].

Weather series are generally multivariate because each time step is composed of

multiple observations calculated from various sensors.

The following is an illustration of the multivariate weather time series z;:

Z 2y 2y ey Zn (2.1)

Where,

i: list or a tuple of m values.
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2i D X1, T2, X3y ey T (2.2)

Each list is constituted of multiple observations:

21 : wind speed.

9 : wind direction.

x3 : temperature.

T, . other weather factors.

The time step’s observations can be numerical or categorical.

Categorical values are typically used to define qualitative properties and could be

totally unconnected.
Numerical values can be either an integer v € N or a real number v € R.

The different steps in a time series have a sort of connection between each-other,

and the frameworks we create aim to determine these relationships [17].

Significant combination can have an obvious relation (a linear relationship), com-
binations with higher complexity (a non-linear function with multiple values at
each step), or possible to have no connections at all when it comes to random

mechanism [18].

2.2.3.1 Time series Forecasting

forecasting a time series is a regression problem, similar to the traditional methods
of prediction, that consist of developing a model as an empirical representation
of the time series, the model will serve as a hypothesis on the probability of the

values of the steps to be forecasted [19].

Forecasting is considered as an optimisation problem to find the best model pa-
rameters. For this, the model definition is critical and plays a primary role in the
prediction performance, and for that it must be experimentally validated to obtain

the best fitting approach for each time series characteristic [20].
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Various criteria can be used to classify forecasting models. An initial taxonomy

of three major classes can be suggested as follows :
- Point forecasting and probabilistic forecasting.
- Linear and non-linear models.

- Single step and multiple step forecasting : that we will further explain in the

next section[21].

2.2.3.1.1 Single-step and Multiple-Step ahead forecasting

Forecasting a single value in the future is referred as single-step forecasting.
Generally, the weather forecasting models are single-step, because they are built
to achieve single predicted value in the future. While multi-step forecasting is the

prediction of multiple steps in the future.

Single-step forecasting is the prediction with horizon H of a single value into the

future, as detailed in Equation 2.3.

(21,29, ey 2¢) = (Gr + H) (2.3)

Multi-step ahead forecasting is the process of predicting a time series with horizon

H from a time series with ¢(1, 2, ...,t) past observations [22].

(21, 22, .y 2t) = (Gi10tt2s s Yt h) (2.4)

Various methods can be used to generate the multi-step prediction, illustrated in
Figure 2.2.

a. Multi-step Recursive (Iterative) Forecast:

Generally viewed as the primary method to study multi-step-ahead forecasting, it
involves computing a one-step model multiple times and using the results as an

input for the next time step forecast[23].



Background 18

DirRec DirMO

\ J

FIGURE 2.2: Multi-Step-ahead prediction.

Additionally, since the model relies on predictions rather than observations, errors
can accumulate and worsen the model’s performance as the forecasting time range

expands.
b. Direct Multi-Step Forecasting Technique:

This strategy uses separate models for each forecast time step, which adds com-
putational and maintenance weight, especially when there are many time steps to
be forecasted [24].

Another issue to note is that there is no way to model the dependencies between

the various predictions.
c. DirREC :

This strategy integrates the concepts of both the Direct and Recursive strategies,
where it makes use of various models for each time-step of the forecast, and extends
the inputs at each step by introducing variables corresponding to the previous

step’s forecasts.
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d. MIMO stands for (Multi-input Multi-output):

The multiple output method predicts the entire forecast sequence using the same
model structure, however, it is more complex because it preserves the stochastic
dependency of the time series between the estimated parameters. This concept
helps to surpass the shortcomings of the preceding strategies but makes the train-

ing process slower and requires extra data to avoid overfitting.
e. (MISMO) :Hybrid DirMO :

It is an intermediate strategy that considers two aspects: the dependency of future
forecast, while also providing higher predictor flexibility in which the limitation of
MIMO approach is eliminated by tuning an integer parameter S, that adjusts the

dimensions of the output on the basis of a validation set of criteria [23].

2.3 Deep Learning

Deep learning (DL) models are currently used to address the latest sophisticated
challenges, including weather forecasting. As a result, deep learning methods are

considered for this research.
First, we would like to review some DL fundamentals.

Artificial neural networks (ANN) are the building blocks of DL (Figure 2.4) , they
are known as perceptrons that imitate the same functionality as human brain
neuron. Neurons are made up of dendrites, axons, and cell bodies. Dendrites
are the receptors of the neurological signal that transfer it then to the cell body,
which analyses the inputs and determines whether to send it to other neurons via

chemical transmission through axon or not [25].

Artificial neurons, receive (x1,x2,... xm) as input signals,then multiply all inputs
by (wl,w2,... wm) as consecutive weight, then sum it using a predetermined bias,

and use the activation function f(x) to feed them through.

The signal is produced as 0 or 1 depending on the threshold of the activation
function. A single layer perceptron consists of input signals, weights, summation
and bias, activation function, and output. In most ANN schemes, only the input

and output layers are displayed. Hidden layers are introduced between the input
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FI1GURE 2.3: Simple Artificial Neuron.

and output layers in a real neural network. The hidden layers’s number is a hyper-
parameter that is normally determined by trial and error, and by observing model

performance .

A Shallow Neural Network (SNN) is a model with only one hidden layer, whereas
a DNN comprises multiple ones. In this study, We studied Convolutional Neural
Network (CNN), Encoder Decoder model and Recurrent Neural Network (RNN),
in the form of Long Short-Term Memory (LSTM) and Gated Recurrent Unit
(GRU) that will be explored more in the upcoming chapter[26].

2.3.1 Deep Neural Network (DNN)

DNN is constructed of three types of layers, an input layer, single or multiple hid-
den layers, and an output layer. The number of hidden layers is a hyperparameter

that must be determined by trial and error [27].

Figure 2.4 represents a DNN architecture with stacked hidden layers, each with
four neurons, four inputs, and one output. The number of neurons is proportional

to the number of inputs and outputs.

flz: Wiewb) = -meax{O, wT + ch+b (2.5)
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FIGURE 2.4: DNN Model.

Equation 2.5 examines linear modeling and formulates a simpler DNN kernel.
Input, weights, and bias are represented by x, W, and c, respectively, whereas w

and b are the parameters of the linear model.

Equation 2.6 shows the hidden layer parameter h, where g is the activation func-

tion.

h=gW'z +c) (2.6)

ReLu is utilized as the hidden layer activation function in DNN modeling and it

is represented in equation 2.7 [28], while further explained in the next chapter.

f(z) = max(0,x) (2.7)

2.3.2 Time series using deep learning :

Deep learning methods have a significant impact on time series forecasting per-
formance, beginning with the automatic understanding of temporal relationships
and progressing to automatically handling temporal patterns such as trends and

seasonality [29].
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In recent years, many new deep learning models have been investigated in this
field in order to increase weather forecasting accuracy and obtain more accurate
predictions, as demonstrated by the Recurrent Neural Network (detailed in the
next chapter), that proved its efficiency [30], adding native support for input data
and handling the order between observations when learning a mapping function

from inputs to outputs, and thus outperformed other benchmark models [31].

2.3.2.1 Performance Evaluation criteria of Deep Learning Weather

Forecasting Models

Multiple evaluation metrics are chosen to compare the effectiveness of competi-
tive DL models, in order to completely evaluate prediction outcomes in terms of

reliability and efficiency.

Prediction accuracy is measured using : Root Mean Square Error (RMSE), Mean
Absolute Error (MAE) and Mean Absolute Percentage Error (MAPE) .

The usage of MAE and RMSE helps in solving the problem of balancing positive
and negative deviations by displaying the average deviation between the antici-

pated state and the current state.

MAPE is a widely used indicator for the evaluation of the complete forecasting

process [32].

The following equations represent the detailed formulation of the evaluation cri-

teria :

N
MAE = ()" |X(t) — X(t)|)/N (2.8)
t=1

N
MAPE = () _|(X(t) - X(t))/X()|)/N (2.9)
t=1
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N
RMSE = | () _IX(t) - X(t)?)/(N - 1) (2.10)

t=1

Having,

X(t) : as the weather values.
X(t) : as the forecasted values.
N : as the number of the X(t).

2.3.2.2 Suitability of the Weather Forecasting Models

Because of climate unpredictability, and the challenging behaviour of the wind
speed variable, a simple model cannot adequately capture those complicated changes.
As a result, the chosen forecasting model should be capable of modeling the com-
plicated nonlinear connection between the input characteristics and the predicted
values.

Furthermore, an optimum loss function should be built to offer the ideal model

parameters based on the features of the forecasting error [33].

Appropriate forecasting models with suitable parameters help to provide reliable

projections .

2.3.2.3 Configuration of Weather Forecasting models

Model configuration, such as the type of kernel function and the corresponding
kernel parameters in kernel-based prediction models, the number of layers and
hidden nodes, learning rate and optimizer choice in traditional neural networks

and DNNs, have a significant influence on forecasting efficiency in practice.

A suitable model setup can direct the model’s learning of optimal model parame-

ters, resulting in improved forecasting performance [34].

Forecasting models are typically based on two primary stages: data pre-processing

and parameters optimization.
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The original data should first be pre-processed using techniques like feature scal-
ing or signal processing, since gathered data might contain unidentified noise or

outliers.
After that, significant features should be identified.

Then, forecasting models are developed and trained using the chosen features to

discover the connection between the input characteristics and the desired outputs.

After that, the implemented models best parameters combination should be chosen

based on their prediction efficiency of the available datasets.

Finally, using the trained models, weather predictions should be developed based

on the best model configuration obtained.

DL has been widely used in the generation and application of alternative energies,
particularly in the process of wind speed prediction, owing to its potent capabili-

ties.

Despite the lack of understanding of atmospheric physics, artificial intelligence
strategies such as deep learning and machine learning generate satisfactory wind

speed forecasting results.

2.4 Renewable Energy

Energy crisis and climate changes had led to a remarkable increase in the pro-
duction of green power supplies that initially comprises the solar and wind energy

generation [35].

Various meteorological data sets can be extensively used at various stages of re-
newable energy projects. For instance, a precise site evaluation is required before
constructing a solar or wind farm to guarantee the project’s financial viability.
Real-time observations and precise wind or solar radiation forecasts are needed
during the operational phase of the established solar or wind energy site [36]. As

a result, numerous diverse data sets are needed.
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2.4.1 The Importance of Accurate Weather Prediction for

Power Generation

The access to electricity is a critical social and economic indicator that has been
steadily rising in recent years [37], but in revenge the global energy demand in-
creased rapidly to consistently overtaken the available worldwide supply (Figure

2.5) [38].

The challenge that the authorities face now is the production of sufficient amount
of energy, while reducing the carbon emission that significantly affects the planet

being the primary driver of global climate changes.

No data 0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
. e

FIGURE 2.5: Electricity access.

Algeria’s electricity consumption is rated as high compared to countries that have

a similar development level [39].

Due to the remarkably expanding population, the country’s total energy consump-
tion grew with approximatively 5% per year over the past 10 years with a small
perturbation between 2020 and 2021 (Figure 2.6).

Non conventional sources like wind, solar and geothermal energies have become
the center of attraction and gradually transiting into the leading sources of power

in the future.

Among the different renewable power generating systems, the wind power is con-

sidered as one of the largest shares of overall renewable growth in the past years.
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FIGURE 2.6: Total Energy Consumption (Case study: Algeria).

Algeria today is at a very critical stage in its energy transition strategy. The
nation is well positioned and has both the potential and economic incentives to
play a major role to maximize its natural resources, embrace clean power, and

become a renewable energy leader .

In order to reach these expectations, the government has launched ambitious
projects to enhance the capacity of the renewable energies manufacturing. From
constructing wind power farms photovoltaic plants to hybrid power generation

systems.

The country is also member of the German Desertec Industrial foundation, that
promotes the acceleration of the energy transition by exploiting Sahara solar and
wind power from the unproductive lands in order to supply 15 % of the electricity
needs by 2050 .

Algeria is considered as a rich country that has promising wind energy potential of
about 35 TWh/year. Nearly 50 % of the country consists of regions that dispose

of significant wind speed levels.

The country’s first and only wind farm is set at Kaberten zone in Adrar city with

installed capacity of 10.2 MW funded from state-utlity Sonelgaz[40].

An enticing policy has been suggested by the Algerian government to promote
investments in the wind power generation, but the hardest step remaining is to
find the most suitable sites to reach the target of establishing 5(GW) of wind
power by 2030 (Figure 2.7).
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FIGURE 2.7: Renewables in Electricity Production (Case study: Algeria).

The amount of energy produced by wind turbines is mainly influenced by the wind
speed. Stronger winds allow the generation of more power, because higher wind
speed levels permit the acceleration of the turbine blades rotation that generates

more mechanical power converted to more electrical energy .

2.4.1.1 Wind Energy Formula

There is cubic relationship between the wind power and the wind speed [34],

determined by the following formula:

1
P = 5pAv3 (2.11)

Where:

P = Wind power (W),

p = Density of dry air (kg/m?),

A = swept area of blades given by :

A=mr?. (2.12)
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Where:
r : radius of the blades (m).
V = velocity of the wind (m/s).

This relationship makes the wind speed such crucial key for wind energy produc-
tion.
For this reason our efforts in this work are focused on forecasting the wind speed

variable being the fundamental feature for the wind power generation.

2.4.1.2 The interest of Accurate Wind Assessments

The wind power generation is considered as an extremely sophisticated process

that requires high preciseness and reliability of inputs and results.

Building a robust wind speed forecasting framework capable of handling the chal-
lenging fluctuated behaviour of the wind and its complex nature is highly recom-

mended to reach the desired results.

Accurate wind speed forecasting improves the reliability of the wind energy gener-
ation task, and decreases the need of additional balancing and integrating energy

reserves, thus, reducing the power generation production cost.

Below, a detailed table of some relevant works on wind power and wind speed

prediction based on DL strategies.

A selection of relevant weather and wind forecasting frameworks that adopt a

hybrid strategy in the forecasting process for renewable energy purpose is presented
in Table 2.1.
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2.5 Conclusion

In this chapter, we have discussed the fundamentals behind the three main research

axises.

Starting by the theories behind the traditional weather forecasting strategies, with
a brief description of some important weather factors that tend to change over
time, generating time series of each parameter, where a forecasting model using

this time series data should be developed.

The deep learning forecasting models are then explained being the best alternative
for time series prediction, with the ability of automatically learning the temporal
dependencies. A detailed explanation of the performance evaluation and model

configuration is provided for the best model selection.

Finally a renewable energies section is dedicated, to better understand the process
for an efficient renewable energies production (wind energy) based on weather
forecasting parameters (wind speed) and the importance of accurate predictions

for efficient electricity generation.
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3.1 Introduction :

With 93.6 GW of fresh established capacity, 2021 was the second-best year on
record for the worldwide wind industry, and it will continue to expand and con-
tribute significantly in the global energy conversion toward a wealthy low-carbon

economy.

Wind power not only offers clean, emission-free energy, local industry, and jobs
opportunities, as well as attracting both domestic and foreign investment, but
it also serves as an industrial lifeline for rural towns worldwide. New regions
throughout the world are currently making significant leaps toward achieving the

full potential of wind energy|[50].

The increased usage of wind for renewable energy production, particularly in the
power industry, raises the demand for system flexibility. Generation is no longer
exclusively dependent on consumption, consumption also responds to changes in

generation.

The capacity of energy that a wind turbine is capable of producing is highly

dependent on the wind speed factor.

Today’s wind speed databases are massive and collected from heterogeneous sources,
that make them extremely vulnerable to noisy, missing, and inconsistent data.
Low-quality data generates poor results and high-quality data produces more ac-
curate predictions, so data preprocessing has become a critical step in the wind

speed prediction process.

However, the complex and unpredictable nature of wind speed makes the forecast-
ing process a challenging task to handle by numerical models, that is why the use

of DL approaches is highly recommended to achieve accurate prediction results.

In this chapter, we will outline a selection of the most popular techniques and
models for wind speed forecasting using data preprocessing methods, optimization

algorithms, and deep learning models, with some relevant works on each one them.
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3.2 Description of Wind forecasting Process

3.2.1 Wind Speed Forecasting over Time Horizons

g —
221 1 week to several
Qong-Term - months

Several hours to

Time-Horizon
Classification

Few minutes to
several hours

vt S0 e Seconds to few

Qort-Term minutes

F1cURE 3.2: Time-Horizon Classification for Wind Speed Forecasting.

3.2.1.1 Long-range Wind Speed Forecasting
Long term wind speed forecasting is used to :

e Control long term operations of the wind power production systems.
e Maintenance scheduling of the wind farms.

e Managing operations cost
Wind Variability Source
- Climatic and seasonal changes.
3.2.1.2 Medium-range Wind Speed Forecasting

Medium-term wind forecasting helps in :
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e The Estimation of the extra reserve requirements.
e Efficient market operation for wind energy trading.

e Generating online offline decisions.

Wind Variability Source

- Changes in weather patterns from the day and night cycle [51].

3.2.1.3 Short-range Wind Speed Forecasting

This type of wind forecasting is made for:

e Monitoring the load system balancing requirement.
e Contributing to the overall uncertainty of the power generation system.

e Reasonable load forecast decisions.

Wind Variability Source
- Thermal exchange between the atmosphere and ground [52].

- Short term forecasting is the origin of the physical principle of wind power gen-

eration.

3.2.1.4 Ultra-Short-range Wind Speed Forecasting

This type of wind forecasting is applied in:

e Turbine regulation and inspection.

e Real-time scheduling adjustment plans.

Wind Variability Source

- The flactuated nature of the wind speed [53].
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3.2.2 Wind Speed Data :

Different wind speed information can be used in multiple stages of the wind power

generation process.

For instance, accurate predictions and instantaneous data readings are highly rec-

ommended where the optimum dataset is mostly related to the application [54].

There are two sources for the wind speed input data as demonstrated in Figure
3.3 :

e Numerical Weather Prediction (NWP) data.

e Historical Time Series data.

HistoricalTime
Series

Numerical Weather
Prediction

FiGURE 3.3: Wind Speed Input Data.

NWP data are generally used in Long-Term wind speed forecasting, while fore-
casting up to one day ahead can be performed using historical time series data

alone.
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Uncertainty of the measured wind speed data

Due to multiple metrics including hardware deficiency and reliability, additional
meteorological factors, limited available data, and complexity of the wind nature,
the collected data can be exposed to different uncertainties being : missing values,

noise, redundant, and outliers.

This uncertainties may influence the forecasting process and prevent from training
accurate forecasting models. Therefore, the pre-processing of the collected wind

speed data is a key phase before conducting the wind speed forecasting process[55].
Features Extraction

Extracting meaningful patterns becomes increasingly important in wind speed
prediction. It is mainly used to identify key features, summarize most of the
information and effectively reduce the amount of data that must be processed,

with the preservation of the original dataset characteristics[56].

It consists of transforming the wind speed time series into numerical features that
can be processed later on, using different forecasting models in order to achieve

better results.

Therefore, using accurate input features not only promotes efficient wind speed
forecasting, but also helps the model to train more accurately and enhances the

learning speed.

3.2.2.1 Wind Speed Data Pre-processing Techniques :

There are multiple data preprocessing techniques, each specialized in a particular

data problem. These techniques are not mutually exclusive [57].
We can cite:
a. Data cleaning:

Used in noise filtering and also to correct the data incompatibility, as illustrated

in Figure 3.4.
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FIGURE 3.4: Data cleaning.

b. Data integration:

Combines information from separate origins into a coherent global dataset, as in

Figure 3.5.

—
\
/8

FIGURE 3.5: Data integration.

c. Data reduction:

The data size reduction can be made using aggregating, redundant features elim-

ination, or clustering, as demonstrated in Figure 3.6.

1 X2 3 X X X2

Y1

7l Y1
e} Y2

|

FIGURE 3.6: Data reduction.

d. Data transformation:

Such as normalization, used to scale the data in order to fall within a smaller range

for example : from 0.0 to 1.0,[58]. As shown in Figure 3.7.
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-5,25,18,-24,100 —> -0.05,0.25,0.18,-0.24,1.00
FIGURE 3.7: Data transformation.

Several techniques have been proposed attempting to deal with the fluctuated and
complex nature of wind speed data. They can be organized into many classes,

which includes the Feature scaling and signal processing class[59].

3.2.2.1.1 Feature Scaling
- Rescaling (min-max normalization) :

A commonly used normalization method that converts the minimum value of each
feature to 0 and the maximum value to 1. The rest values get transformed into

decimals between 0 and 1[60].
- Standardization (Z-score/standard score Normalization):

A normalization technique to standardize scores on an identical scale, dividing

each score deviation by the standard deviation in a dataset.

The outcome is a standard score, where values less than the mean presents negative
z-score, and positive scores designates the values greater than the mean. The

average of every z-score for a dataset is zero [61].
- The Batch normalization :

Standardization technique of the inputs of a layer which allows the acceleration of
the training process in deep learning networks, and enhances the performance of
the model [62].

3.2.2.1.2 Signal Preprocessing
The collected wind speed data is usually treated as a signal.

Meteorological researchers have employed signal processing techniques to decom-

pose wind data to multiple subseries.

Then, the resulted subseries are forecasted separately and combined to generate

the final wind speed forecast, based on the original data.
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Signal processing techniques can also be used for smoothing and removing noise

from the collected wind speed information.

Smoothing wind speed datasets is the removal of random changes that appear as
coarseness in a raw time series data visualization. It eliminates noise to highlight

the signal, that may contains patterns and cycles.

The resulted denoised data is then maintained for training the dedicated prediction

strategies[63].

Five types of wind speed signal pre-processing techniques are commonly used for
smoothing and decomposing the wind speed original data, that we investigated
in detail in this chapter, being: Moving Averages, Fourier Transforms, Wavelet
Transforms-based techniques, Mode Decomposition-based and Singular Spectrum
Analysis (SSA)-based methods.

These techniques are shown in Figure 3.8, and Table 3.1 [52].

I Moving

. : : Denoised
Wind Speed Signal processing Techniques Wind Speed

| Mode Decompositions :: Singular Spectrum Analysis |

------------- I B -

FIGURE 3.8: Signal Preprocessing Process.
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TABLE 3.1: Related Wind Speed Signal Pre-processing Techniques.

Type

Authors

Advantages

Inconvenient

Moving

Average

Ellis et al
2005(64]
Cadenas et al
2010 [65]
Cambron et al
2016[66]

-TMA: Noise reduction and
hidden patterns reveal.
- EMA : Timely and alleviate
the negative impact of lags.
WMA: Underperformances

and small shifts detection.

- Generally slower to respond
to changes in the dataset.
- The entire data history must be
carried along with the computation.
- Hidding the actual distribution if

the data lake normal distribution.

Fourier

Transforms

Oh et al
2018[67]
Jaseena et al
2021[68]

- DFT : Completely discrete

both in frequency and time

- FFT: Determine the frequencies

and the amplitude at each f.

- Aliasing effects, amplitude
modulation spectrum
-Restricted range of waveform

data.

‘Wavelet

Transforms

Debnath et al
2017[69]
Brusco et al
2022[70]
Jnr et al
2022[71]

-DWT: Solving the time lag
problem.
-DWT: Extract local spectral
and temporal information
-CWT: Good to find damping

ratio of oscillating signals

-Shift sensitivity and poor
directionality
-Depends on the choice of
the wavelets
- Adds excess redundancy

- Computationally intensive

Mode

Decompn

Huang et al
2019[72]
Hu et al
2021[73]

- OVMD: Reduction of the wind

patterns dimension
-VMD: Determination of

relevant bands adaptively

-Lacks a comprehensively
verification
-Suffers from the limitation

of the Fourier spectrum

SSA

Liu et al
2018[74]
Mi et al
2020[75]

-SSA: can be generalized
to many time series.
-Identify similar spectrals

in multiple time series

- Imitated when it processes non-

stationary multi-components

signals
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a. Moving Averages :

Moving average (MA) is a traditional approach for decomposing data. The theory
behind moving average is that consecutive observations usually have similar values.
For this, using the averages of nearby observations allows to reach a coherent

estimation of the trend at the required state.

Using the observation’s averages grants the elimination of most of the randomness

in the data, leaving a smooth trend results.

This method forms the basis of most time series decomposition approaches and it

is divided to three types: Simple, Exponential and Weighted Moving Averages[76].
a.l. Simple Moving Average :

The simple moving average (SMA) calculates the mean of the last n observations,
where Ox is the number of observations in an interval of time, and n is the number
of observations (Eq.3.1){[64].

O14+0;+03+ ... + O,
n

SMA =

There are two types of SMA :
a.1.1. Trailing Moving Average(One-sided moving average):

For each average, Trailing Moving Averages (TMA) makes use of the current and

prior observations.
For instance, the maths behind TMA of O at time t with a length of n is:

O+ O 9y + Oty F oot 0y
i

TMA, =

(3.2)

Trailing moving average is used for time series forecasting and mainly uses past
observations.

a.1.2. Centered moving averages (two-sided moving average):

To determine the average at a specific moment in time, centered moving average
(CMA) uses both past and future data that surround it.
The formula of CMA of O at time t with n length is:
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Ot—(n=2) + Or—nza—1) + ... + Oy + Op1 + ... + Oy (n29)
n

CMA, = (3.3)

Since centered intervals permit an equal number of observations before and after
the moving average, they work out equally for an odd number of observations.
When the length is even, the computations must be adapted by using a weighted
moving average (Eq. 3.4).

<0.5 * Ot,(rﬁg)) + Otf(n+271) + i+ O+ 0 + ... + (0.5 * Ot+(n+2))
n

CMA, =

(3.4)

The simplest form of moving averages is the simple SMA.
a.2. Exponential Moving Average (EMA):

In order to make the calculation more sensitive to recent observation, the EMA
accords more weight to recent observations. The EMA is a very popular scheme

that generates a smoothed Time Series [65].

To calculate the EMA:

1- First, we need to compute the (SMA) for the given period.

2- Then, compute the ”smoothing factor”, which is the multiplier for weighting
the EMA being:

2
selectedtimeperiod + 1

Smoothing factor =

3- The formula for EMA is given as follows:

EMA = O, x Smoothing factor + SM A, x (1 — Smoothing factor) (3.6)

where:
O = Observation
t = Today.

y = Yesterday.
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There are two extensions of the EMA being: Double Exponential Smoothing which
is more effective in dealing with trends, and Triple Exponential Smoothing that

performs better when dealing with parabolic trends.
c. Weighted Moving Average (WMA):

WMA gives more weight to the more recent observation points since they are more

relevant than data items from the distant past.
The total of the weightings should equal 1 (or 100%) [66].

The formula of the WMA is giving as follows:

O1xn+0yx (n—1)+..0,
nXx(n+1)
2

WMA =

(3.7)

Where:

n = Time period.

The WMA is more customized than the SMA and EMA. Weights applied to WMAs

can differ based on the number of periods used in the computation.

b. Fourier transforms (FT) :
Fourier analysis transforms the time series from its original domain to a frequency

component.

Instead of a function of time, the F'T extracts frequency information embedded
in time series to get smoother and easier data to be processed by the forecast-
ing model, while reducing the number of the calculations required to the final
forecast|[77].

The FT transforms the signal into sines and cosines, that can be classified into

different types including:
b.1. Fourier Series :

If the function f(x) is periodic, the expression of f(x) as a sequence of frequency

terms with variable terms can be accomplished with discrete frequencies, with an
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endless number of terms (Eq.3.8).

Flr] = %ao + RZ::l 1,C08 NI + nz_; b,sin nx (3.8)
where,
ag =1 [T f(x)dx
an =+ [T f(x)cos nz dx
i = %f_ﬁr flz)sinnxdzn=1,23.....

- For an even function, only cosine terms exist.
- For an odd function, only sine terms exist.
b.2. Fourier Integral :

The Fourier Integral of f(x) on the interval (—oo, c0) is given by:

fz) = % fo " Al esstame % fo " BlNEHbDD (3.9)
where,
A = ]_ : f(t)cos(At)dt (3.10)
and
B(\) = ]_ Z F(t)sin(At)dt (3.11)

For the non periodic functions, integrals with limits of infinity are applied[78].
b.3. Discrete Fourier Transform :

The Discrete Fourier Transform (DFT) is the Fourier Transform required for time

series data when the input data is recorded at discrete intervals (Eq.3.12).

N-1 N-1
X = Z oy, 6 TR Z Tplcos(2mkn/N) — i - sin(2xkn/N)| (3.12)
n=0

n=>0
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where:

Xy = The DFT which includes information of both amplitude and phase.
N = number of samples

n = current sample

k = current frequency, where k[0,N1]

, = the sine value at sample n

These equations are impracticable since the number of calculations is proportional
to N2, it is impossible to deliver results in a reasonable period even using a powerful

computer.

The DFT is made efficient for computing via the Fast-Fourier Transform (FFT)
technique [67].

d.4. Fast Fourier Transform :

The Fast-Fourier Transform (FFT), often recognized as one of the most important
algorithms of the twentieth century, is exactly what puts the Fourier Transform

concept into practice .
The FFT is a fast algorithm for calculating the DF'T.

The FFT successfully decreases the DFT’s complexity from O(n?) to O(nlogn).

with n as the data size.

This decrease in calculation time is considerable, particularly for data with impor-
tant N.

The process for FFT smoothing algorithm can be described as follows:

1. The calculation of the FFT from the input signal of wind speed.

2. The frequency domain progression of the modified data.

3. The removal of high frequency patterns in order to generate a smoothing effect.
4. Inverse FFT for the reconstruction of the original signal [79].

The FT has a significant drawback because of the global frequency data collection,

being the frequencies that persist over the whole signal.
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This category of signal decomposition may not be suitable for domains where

signals include short intervals of distinctive oscillation.

The Wavelet Transform is a more advantageous alternative method that decom-
poses the function into a combination of wavelets localized in both frequency and

time.
c. Wavelet-Based Approaches :

The Wavelet Transform (WT) is an improved method for evaluating signals that
have a dynamical frequency spectrum in both the frequency and temporal domains,

while offering a high resolution.

Working with different scales the WT shows which frequencies are present in a

transmission, and when these frequencies occur [69].

The WT is a mathematical approach for decomposing a signal into numerous lower
resolution levels by manipulating the scaling and shifting parameters of a single

wavelet function.

The WT is an endless collection of different transforms, depending on the merit
function used to compute it. There are several methods for sorting the wavelet

transform types.

We can create discrete wavelet transforms using orthogonal wavelets and contin-

uous wavelet transforms using non-orthogonal wavelets.
c.1. Discrete Wavelet Transform :

The Discrete Wavelet Transform (DWT) is a wavelet transform implementation

that employs a discrete combination of wavelet scales and translations.

This transform decomposes the signal to reach a mutually orthogonal combination

of wavelets. It proved its efficacy and robustness in removing high frequency noise.

DWT can be performed easily and effectively to denoise a flactuated signal, and
getting more or less denoised signal using only a restricted set of highest coeffi-
cients from the DWT spectrum, and applying an inverse transform (with the same
wavelet basis)|[70].
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DWT is usually used as a filter-bank. This indicates that it is constructed as a

series of high-pass and low-pass filters.

The Gwyddion, adaptive thresholding, scale adaptive thresholding, and scale-space
universal thresholding are usually the approaches used for choosing the coefficients

that will be maintained.
To find the threshold within these approaches, we first :

1. Compute the noise variance using the finest wavelet coefficients given by :

o = med(|Y;j|)/0.6745. (3.13)

Where:

Y;j refers to coefficients of the decomposition’s high scale subband (where the

majority of the noise is expected to exist).

2. Calculate the limit of the noise threshold (N : the signal length) :

A =0 xsqrt(2xIn(N)). (3.14)

3. When a particular scale’s threshold is identified, we may either eliminate all
coefficients with absolute values less than the threshold value (hard threshold),
or decrease the absolute value of these coefficients by the threshold value (soft
threshold).

There are several discrete wavelet families. Each one chooses a distinct trade-off

in how compact and smooth the wavelet looks.

The selection of the wavelet family depends on the characteristics of the signal

that best matches.

Below in the table we define some DWT families with their properties.
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TABLE 3.2: Some Discrete Wavelet transform Families

DWT Family Properties

Asymmetric, orthogonal, biorthogonal,
Nonlinear phase, energy concentrated
Daubechies (db) near the start of their support,
highest number of vanishing moments N

for a given support width.

Asymmetric, orthogonal, biorthogonal,
Haar (haar) special case of Daubechies |

useful for edge detection.

Near symmetric, orthogonal, biorthogonal,
Coiflets (”coif”) Scaling function and wavelets have

same number of vanishing moments N.

Least asymmetric, orthogonal, biorthogonal,
Symlets (”sym”)
nearly linear phase; N vanishing moments .

Biorthogonal (”bior”) Symmetric, not orthogonal, biorthogona.

Choosing the wavelet is a critical phase for smoothing data. Orthogonal wavelet
based denoising is known as the most effective method to enhance the quality of
a signal, in particular Daubechies wavelet family, which is considered as the best

choice for denoising time series signals such as wind speed data.
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c.2. Continuous Wavelet Transforms :
Continuous wavelet transform (CWT) is a wavelet transform implementation which
employs variable scales and almost arbitrary wavelets (Eq.3.15).

The wavelets applied are not orthogonal, and the resulting data is strongly corre-
lated.

This transform can not be used for discrete datasets, unless the finest wavelet

translations are equivalent to the data sampling.

This is also called the Discrete Time Continuous Wavelet Transform (DT-CWT),
and it is the usually employed technique of computing CWT in real-world domains|71].

d e =h

J—o0 a

where, 1 is the continuous mother wavelet translated by a factor of b and scaled

by an amount of a.

There can be an endless number of wavelets since the scaling and translating

variables values are continuous.

In general, the continuous wavelet transform functions by simply applying the
wavelet transform theory, i.e. performing a sort of convolution to the signal using

the scaled wavelet.

Generating an array of the same length N as the signal for each scale. Using
M randomly defined scales, a field N % M is created that directly describes the

time-frequency plane.

This calculation algorithm generally lays on direct convolution or a convolution

through Fourier multiplication in Fourier space so called Fast Wavelet Transform

(FWT)[69].

In the table bellow a detailed comparison between the DWT and CWT is pre-

sented.
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TABLE 3.3: Comparison between Continuous and Discrete Wavelet Transforms

Properties of DWT Properties of CWT
DWT employs exponential CWT employs exponential
scales with base equivalent to 2 . scales with bases less than 2.

_ The important number of
The generation of fewer

coeflicients makes the DWT

more computationally efficient.

coefficients, occupy considerably
the RAM, and slow down

the execution speed.

DWT can be implemented CWT can not be performed
using filter banks using filter banks.
Signal Denoising,feature Time-frequency analysis, and
extraction and compression process. signal transient location.

d. Mode Decomposition-Based Methods

The purpose of using signal decomposition methods is to separate and extract
signal components from complex signals. It is also a useful way for identifying

modal information in time-domain signals
There are different types of mode decomposition techniques, including :

The Empirical Mode Decomposition (EMD) versions : Ensemble EMD (EEMD),
Fast EEMD (FEEMD), and Complete EEMD (CEEMD).

In this section we will focus on a similar recent alternative being the Variational
Mode Decomposition (VMD) with it’s two variants , the Adaptive VMD (AVMD)
and the Optimal VMD (OVMD)[34].
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d.1. Variational Mode Decomposition :

Variational Mode Decomposition (VMD) is considered as one the most recent
signal decomposition tools. The VMD was implemented by Dragomiretskiy et
al[80].

This technique efficiently overcomes the aliasing modal challenge of EMD versions
with improving the model noise tolerance, reliabilty, and computing economy. It
has been broadly used for wind speed forecasting that may nonrecursively decom-
pose the wind signal f(t) into k distinct band-limited IMFs uy (k=1,2,..,K).

There is a center frequency wy for each mode u;. The objective of the decom-
position is to reduce the total frequency bandwidth of each mode, requiring the

mode’s aggregation to be equal to the specified series f(t).

This approach lays on the Hilbert transform, the traditional Wiener filtering, and

the mixed frequency variational issue. It consists of two parts: building variational

)

and solving variational problems, detailed below :

) * Uk(t)] e~ duxt

gt 3 Oy=if
k

(1) Construction:

i

Uk, wk { E
k

1~

o (st0+

(3.16)

where,

d(t) is the Dirac distribution and * denotes convolution.

(2) Solution:

Enhanced Lagrange function is generated by inserting the Lagrange multiplier A(t)

and the quadratic penalty factor a as follows:

2

0{[5(t) + ﬁ] i eIt

L({ur}, {wi}, ) =a ) 2
k
2
+ (A@®), £(8) = ) wl(?))
2 k (3.17)

+Hf(f-) ~ %:”"f(t)
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The Alternate Direction Method of Multipliers (ADMM), based on dual decompo-
sition and the Lagrange method, is used to solve the non-constrained variational

problem by iteratively updating -3;,2*31,-?:;?_;1 and A\"t1,

The FT of uf ' (t), ui(t), f(t) and A(t) are @} (w), ;(w), f(w) and A(w), respec-
tively.

We can get the 4} "' using the inverse FT of the real part of 4} (w), while n is

the iteration number|72].

f("“) B Zid; ?12_:1 (“-‘) B Zi)k ﬁf* (L‘-‘)

sntly | —
i (w) 1+2a(w—w}j)2
A" (w
+ 2( ;
1+ 20(w — wi)?
(3.18)
n+1 fO (.U‘ An+1 Pdw (319)

k fo |An+1 |2dw

The A"*(w) is updated based on the ADMM using Eq.(3.20), t : the update

parameter.

A w) = AMw) + (fw) — Y it (@))) (3.20)

k

The VMD iterative process is illustrated as follows:
Step 1: Given :

- Wind speed data f(t).

- Modes initialization u}..

- Center frequencies wj,

- Lagrangian multipliers \!.
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Step 2:
- The update of ux(w), wx and ) for each mode wy.
Step 3:

- The iteration is stopped, when the condition is satisfied.

-u}™(t) can be obtained by inverse FT of 4} ! (w).

VMD decomposes the Fourier spectrum into segments to separate distinct com-
ponents of the signal. This approach suffers from the Fourier spectrum limitation
[81], when different components cannot be distinguished with the Fourier spec-

trum, they cannot be decomposed by VMD.

To address the drawbacks of the VMD approach, two novel decomposition exten-
sions are introduced, called Adaptive Variational Mode Decomposition (AVMD)
and Optimal Variational Mode Decomposition (OVMD).

d.1.1. Adaptive variational mode decomposition

The presented AVMD is known for its capacity of achieving an ideal param-
eters combination [K,«]. The AVMD approach is very adaptable and noise-
resistant.[82].

The AVMD was introduced to calculate the number of modes in an automatic
way using the intrinsic mode function features. This approach evaluates the VMD
decomposition findings using a set of indicators such as extreme value in the fre-
quency level, permutation entropy, kurtosis criteria, and the loss in energy coeffi-

cient, among others.

Depending on the results, AVMD alter the mode number K and re-analyze the
signal until the correct K value is reached. AVMD processes a variety of data,

including noise-free signals and noisy signals..
d.1.2. Optimal Variational Mode Decomposition

As shown by the equations above in the VMD section, the number of decomposed
modal functions K and the renewal updating step (7) have a significant impact on
the VMD’s performance. An Optimal-VMD is then suggested by Huang [72], in

order to optimize layer and update renewal step.
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The central frequency technique (CF) and the residual index methodology are the

basis of this novel extension.
The whole process of the OVMD is shown in Fig. 3.9.
- Central Frequency method (CF) :

The CF method is employed to compute the number of VMD decomposition layers
K. It requires finding the mean of decomposition modes for various K values by
expanding the input of the K layers beginning with K = 1. Every single time
step, a K value is inserted and the CF method is computed. The resulting value

is determined as the optimal K value after the frequency stabilization.
- Residual Index method (REI) :

The REI technique is introduced to calculate the value of (7) (Eq.3.21). This
approach depends on selecting the sequence with the lowest denoised data signal

close to the original one.

RET = mm——— Z
=]

Z U — ] (3.21)

Where,
U : the decomposition modes number.

f : the original signal and N: the number of signals.
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FiGURE 3.9: The Optimized-VMD flow-chart.



Wind Speed Forecasting 58

e. Singular Spectrum Analysis (SSA):
In recent years a powerful time series analysis approach called Singular Spectrum
Analysis (SSA) has been introduced.

This technique provides a competitive smoothing effect and a remarkable enhance-
ment in the prediction performance[53]. The SSA is a reliable time series prepro-
cessing technique which is divided into two complimentary phases: decomposition

and reconstruction (Fig.3.10).

4 N

SSA Decompaosition

- " Embedding SVD

'\i..................' S ——

/

-gr

Diagonal
Average

Fi1GURE 3.10: The SSA denoising architecture.
Where each has two phases explained bellow :
e.l. Decomposition :
- Embedding :

At this phase, the wind speed data, X = (X1.....Xn ) is defined as the L-dimensional
series and unfolded into a Z = (Z;.....Zy), where Z; = (X;,...X;11_1) a sequence

of vectors in Eq.3.23.
Forming K = N — L + 1 lagged vectors.

L is the window length, included in 2 < L < N.
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Xi X, Xi
X, X X

z=|"% hH (3.22)
Xy Xpo o Xy

Where all elements of the trajectory matrix are equal in the diagonal.

- Singular value decomposition (SVD) :

After the embedding phase, we proceed the trajectory matrix employing the SVD

[83], using the following formula :

Z=YYi (3.23)

Where,

d : the number of positive eigenvalues from the Eq.3.23 matrix.

Zi=UiNZZTVi (3.24)

Where,

V , U : the left and right eigenvector of the matrix ZZ7, respectively
e.2 Reconstruction :

- Grouping :

The important components of the SVD are used to reconstruct the wind speed

sub-layers, the least important components are considered as noise then removed.

The matrix Z is rewritten as follows:
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Z = Z Zi (3.25)

Where;

m € [1,d], i varies from 1 to m.

{ Z1, Z5,...Zm} are the important components.
- Diagonal averaging :

In this final phase, each matrix Zi; of the grouped decomposition is converted into
wind speed sub-layers of length m. Using the diagonal averaging procedure, each
matrix Zi of the { Zy, Zs,...Zm} is transformed into new wind speed data series

that are then reconstructed, as follows:

X=X,+X,+X,+..+X;, (3.26)

Where I1, I3, ...J., = 1,2,...m, and { X, + X1, + X1, +... + X1,, } are the recon-
structed series of {Z1, Za, ... Zm}

The main key of the SSA process is the window length value , being the responsible
of defining the embedding step.

Therefore, the selection of the appropriate window length is crucial to reach effi-
cient denoising results. For this, the use of powerful optimizers is highly recom-
mended to achieve the optimal parameters selection, and to obtain the desirable

wind speed data smoothing effect [84].

3.2.3 Optimization algorithms :

The procedure of selecting a combination of optimal parameters values for a signal
processing method or the best hyperparameters combination for a DL model is

called, hyperparameter tuning.
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A model parameter is known as a hyperparameter. Its value is defined before
the start of the learning process. Hyperparameter tuning is considered as the

cornerstone for deep learning algorithms.

The Optimization algorithms are the ones responsible of choosing the optimal
parameters combination for the pre-processing techniques or the hyperparameter

tuning of the forecasting models[85].

3.2.3.1 Grid Search Optimization Algorithm :

The Grid Search is an extremely effective optimization technique. It is most
typically employed in deep learning models for hyperparameter optimization. It
allows to find the optimum parameters for the most optimization issues from a
list of parameters provided at the start, therefore automating the ’trial-and-error’

process.

Grid search is known as the fundamental hyperparameter selection technique.
Essentially, it partitions the hyperparameter into a discrete grid. Then, attempts
all conceivable combinations of values from this grid, measuring various accuracy

metrics, and selecting the architecture which produces the best results [86].

Grid search is an exhaustive method that searches all possible combinations to
locate the best point in the domain. The main disadvantage is that it is time
consuming. It takes a long time to check every combination, so it is mainly used

when looking for the best combination of values of the hyperparameters.

3.2.3.2 The Adam Optimization Algorithm :

Adam algorithm was first introduced by by Kingma and Ba in 2015. It is generally

applied in the optimization of time series problems .

This optimizer is an adaptive learning rate optimizer, that ussually replace the
classical stochastic gradient descent procedure for training DL models, and handle
sparse gradients on noisy problems. It uses adaptive learning rate approaches to

determine individual learning rates for each parameter.

The Adam optimization algorithm is essentially a combination of momentum and

RMSprop. It adjusts the weights of the network iteratively laying on training data
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and employing the squared gradients in order to scale the learning rate same as
the RMSprop, taking advantage of momentum by employing moving average of

the gradient in the place of gradient itself [87].

The Adam optimizer generates better results than the rest of optimization meth-

ods. reducing the calculation time, and depends on less tuning parameters.

As a result , Adam is defined as the most appropriate optimizer for the majority

of DL applications.

3.2.3.3 Meta-heuristic optimization algorithms (Grey Wolf Optimizer):

The following section studies the Grey Wolf Optimizer (GWO) in depth.

The GWO is considered the most popular swarm intelligence optimizer. Because
of its superiority over the commonly used swarm intelligence algorithms, it has

been customized and adapted for multiple optimization applications.

This optimizer uses comparatively few parameters, without requiring derivation
information in the first search. It is also not complicated, easy to employ, scalable,
and adaptable. It is also known by the distinctive ability to achieve the proper
equilibrium between exploitation and exploration during the investigation, this

results in favorable convergence.

Figure 3.11 illustrates the GWO algorithm packs.

FiGure 3.11: Grey Wolf Optimizer
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The GWO is a meta-heuristic optimizer proposed by [88] , This algorithm simulates
the intelligent social behaviors of the wolf packs. Where the fitness function is
responsible of setting the amount of wolves. Based on the fitness optimum, the
alpha wolf is the optimal fitness solution, who leads the pack in feeding, hunting
and migration, reinforced by subordinate wolves known as the § and § wolves, these
resulted solutions are designated as fundamental-group. The remaining wolves are
omegas.

The search for optimal solution process is guided by «, 3, and § wolves, followed
by w ones. The Grey wolves carry out a series of dynamic processes when hunting
prey: pursuing, surrounding, harassing, and attacking. This enable the wolves to

pursue a considerable number of preys.

To mathematically model the GWO behavior the upcoming equations for each

phase are introduced:
a. Surrounding the prey :

The suggested encircling method defines a neighborhood in the shape of a circle
centered on the solutions, that may be enlarged to greater dimensions as a hyper-
sphere. At this stage, GWO algorithm examines a pair of points in n-dimensional

space, then updates one of the points depending on the position of the second.

To model this, the following Eq. 3.27 and 3.28 have been suggested.

B=|C X,t)- X (3.27)

WA Klt) K D (3.28)

where,

X: GW position vector.
Xp: Prey position vector .
t: Current iteration.

A |, C : Coefficient vectors.
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A and C vectors are calculated as follows:

A =g (3.29)
¢ =27, (3.30)

where,
a components : are linearly decreased from 2 to 0 over the iterations.

H, 5: random vectors in [0, 1].
b. Hunting the prey :

The a wolf usually leads the mission. The 3, and § wolves may occasionally engage

with the o wolf .

We assume that the leader (best solution),, and § have outstanding knowledge

of prospect prey sites, in order to mathematically simulate GW hunting strategy.

As a result, we maintain the initial three most effective solutions acquired and
oblige the other search agents (which include the w) to refresh their positions

corresponding to the best search agents’ locations.
The formulas of the hunting process are detailed bellow :

D (6 « Res K|, D it Ogs K B X |, Dot G Bop— X |

(3.31)

Hi= K- X1:(Da), X2 =R 5 A5: (DY), X3 = Xy—A3: (D)

(3.32)

X (1) = ?1@32*?3 (3.33)
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The suggested hunting approach enables candidate solutions to determine the

prey’s potential position[89].
c. Ezxploration and Exploitation in GWO :
The variable C is the principal parameter of GWO to stimulate exploration.

This variable always produces a random value between [0, 2]. It modifies the role

of the prey in determining the next location.

When C > 1, this contribution is significant because the solution shifts further
toward the prey. This parameter generates random values independent of the

number of iterations, so exploration is prioritized.

A is a second influencing component that affects exploration. This parameter’s

value is determined based on @, that decreases linearly from 2 to 0.

Because of the random constituents in this parameter, the range for the parameter

A varies between [-2 | 2].

When A > 1 or A < —1, exploration is encouraged, but exploitation is emphasized

when —1 < A < 1.

To achieve an efficient estimation of the global optimum adopting the stochastic

algorithms, a good equilibrium of exploration and exploitation is crucial.

This is accomplished in GWO by decreasing the impact of the A parameter in the

formula.
e GWO Application :
a. Hyperparameter Tuning

The primary idea behind hyperparameter tuning is to discover the best set of

parameter values to enhance the performance of a particular algorithm.

An interesting application of GWO might be to tune the parameters of deep learn-

ing algorithms or pre-processing procedures.
b. Feature Selection

Another deep learning-related use of GWO is feature selection.
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The method works by creating a list of potential features and iteratively updating
these features depending on some performance metric until the desired solution is
discovered[88].

Figure 3.12 illustrates the distribution of the use of GWO algorithm by domain of

application.

GWO Applications
#@Engineering i Machine Learning
¥ Environmental Apps Other Applications

31%

FI1GURE 3.12: The use of GWO algorithm by application domain.

This strategy conserves a significant amount of time since the complexity of se-
lecting the best subset of characteristics grows exponentially with each additional

variable.

3.2.4 Short-range Wind Speed Prediction: Deep Learning
Approach

Traditional statistical procedures are used in wind prediction, which include extra
information from weather prediction strategies. These methods have been thor-
oughly inspected and proven to be reliable in the industry.

The introduction of neural networks in prediction first appeared in the last decade,
but regardless of the field fast progress, this new concept is still not extensively
maintained by all wind predictors, who prefer employing huge ensembles of ap-
proaches using statistical and NWP prediction models instead.

In this section, we will look at the most recent employed DL techniques in the

wind speed prediction.
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3.2.4.1 Convolutional Neural Network (CNN)

a. Convolution Operation:

Based on definition Convolution is an integral transform of the product of two

functions, one of which is reversed and shifted (Eq.3.34).

Sl =(F%G){) = /m F(a)G(t — a)da (3.34)

o D0

Defined as a weighted average of F'(a) at time ¢, where the weighting is supplied
by G(—a) with a ¢ shift based on the value of ¢, the weighting function prioritizes

various elements of the input function.

In CNN theory, the function F is defined as the input, the function G is known as

the kernel, and the output as the feature map.

While working with data, t will be discretized, and only accept integer values. In

such scenario, the discrete convolution is detailed as follows:

S(i,7) = (FxG)(3,5) ZZF(m n)G(i —m,j —n) (3.35)

When the input is a multidimensional array, the kernel is same, these arrays refer
to tensors. Input and kernel components are maintained distinctly. Both functions
are considered as zero everywhere outside the limited set of points where the values
are maintained.

As a result, the infinite summation may be stated as a summation over a finite
number of array members [90].

In this context, convolution is presented as:

S@, §) = (F * G) (i, ) ZZ F(i —m,j —n)G(m,n) (3.36)
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b. Pooling :

After executing multiple convolutions same time to generate a collection of lin-
ear activations, all linear activations are passed through a nonlinear activation
function, such as the rectified linear unit, that referred to the detector step. The
pooling function is then employed to substitute the network output at a specific
point with a summary statistic of neighboring outputs, to reduce the dimensions

of the feature maps.

The assumption is that The existence of a pattern is more essential than its precise
position to other patterns. In this scenario, the translation invariance attribute is
beneficial. Furthermore, pooling aids in making the representation almost trans-

lation invariant.

Pooling across spatial regions results in translation invariance, but pooling over
outputs aids the patterns in learning the specific transformations to also become

invariant.

Pooling units are often smaller than detector units, considering that pooling uses
summary statistics for pooling regions separated by k pixels in the place of 1 pixel.
Which implies that the following layer has around k times less inputs to analyze,
and it is both computationally and statistically effective. This also reduces the

amount of memory required to hold the bottlenecks[91].
c. Activation :
- Rectified Linear Units (ReLU) :

The commonly applied and widespread activation function is ReLU. ReLu activa-
tion is detailed in Eq.3.37 as:

R(z) = max(0, x) (3.37)

The ReLU uses real-valued numbers and returns x if x is superior or equivalent to

zero, or zero if x is inferior than zero.

At the opposite of the other activation functions, where all the activations are
processed, ReLu is considered as cost effective by not tuning a few neurons in the
network [92].
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d. Loss Function :
- Mean Squared Error (MSE) :

The loss function evaluates the accuracy of the forecasting outcomes, Where the

objective is to reduce the loss function. [93].

In our study, the loss function Mean Squared Error (MSE) is employed to compute

the variation between the expected and real results and provided by :
_ 1 5
MSE =~3 (4 — ) (3.38)
i=1

Where,

y;: the real values

;. the resulted values.

3.2.4.2 Recurrent neural network (RNN)

The ideal strategy to deal with sequence to sequence learning applications is Re-
current Neural Networks (RNN).

RNN is considered as a modern form of DL neural networks that can address
time series-dependent issues which regular neural networks cannot. It offers a
more optimized design for sequence modeling, working on controlling the inputs

sequentially, since its internal structure allows for time-related feeding.

In a classic feed forward NN (FFNN) the signal goes in a single direction. Starting
from the input layer of the network model, then from the input to the hidden layer,
and lastly from the output layer. All layers are totally connected during the signal
flow, however nodes in the same layer are not. RNNs vary from feed forward
neural networks in that they connect neurons in the recurrent layers, allowing it

to recall prior input.

RNNs can successfully evaluate time series and employ the network’s memory
function to handle data supplied at whatever given point.

RNN is represented mathematically in the upcoming formula:
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The layer’s output vector is expressed as follows:

or = gV

Where,

0¢ © the output at time t.

S; : the memory at time t.

The loop layer’s output vector st is expressed as follows:

st = f(Uxy +Wsi_q)

Where,
x; : the input at time t.

Because o, is a function of s;, it may be expressed as follows:

o = gV

gV Uz + Wsi_q))

gV Uz + W (U1 + Wsi3)))

gV iUz + WUz +Wf(Uzi 2+ ...))))

Where:
U : the weight from the input to the hidden layer.
V' : the weight from the hidden to the output layer.

(3.39)

(3.40)

(3.41)

(3.42)

(3.43)

(3.44)

W : the weight of hidden layer state at the past moment to the one at the current

moment of the hidden layer .

f, g : activation function.

The vector that receives the network’s output at the present instant is connected

to both the current input and to the hidden layer state at the earlier step [94].
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This demonstrates that RNN has a memory function and can easily manages time

series challenges.

The RNN neuron has a pair of extensions, the Long-Short Term Memory (LSTM)
and the Gated Recurrent Unit (GRU), described in the upcoming section:

3.2.4.2.1 Long Short Term Memory Network (LSTM)

Long-Short Term Memory (LSTM) model is a recent and powerful extension of

RNN. The basic RNN model trains the network using back propagation arithmetic.

While working on large sequences, the size of the returned values drops exponen-
tially, causing the slow update of the network weights and the vanishing gradient
issue [94].

The process of training the networks usually updates the weights based on the
impacts of the latest input signal on the output, with the last signal having more
effect on the weight change than the earlier one, this influences the final training

outcome .

The fact that training outcomes are heavily influenced by new input data shows

that RNNs lack a long memory function.

As aresult, Hochreiter et al [95], created the LSTM model to overcome the gradient
vanishing issue of RNN and to provide the network with a longer memory function.

LSTM basic structure is presented in Fig 3.13.

inputs from the previous timestep LSTM

e
mdmng

FI1GURE 3.13: LSTM Basic architechture.
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LSTM is an enhaced version of RNN that employs memory cells at the place of

neurons used in the RNN’s implicit layer to realize memories of previous data.

The model strategy manages the input, forgetting, and output information of
RNNs, that thoughtfully recall and forget the previous information, considerably
increasing the learning capacity and application scope of RN networks in time

series.

The LSTM adds a state c¢ called unit state, which may retains long-term states,

extending it is determined by the time dimension.

The LSTM output comprises two components at the current time: the LSTM
output value h; and the cell state ¢;. The LSTM’s essential feature is the ability

to regulate the long-term state c.

The LSTM employs three control switches:

The first switch in charge of controlling the continued preservation of the long-
term state, the second switch controlling the input of the immediate state to the
long-term state c, and the third one in charge of controlling whether the long-term

state c is used as the current LSTM’s output.

Generally, the input, forgetting, and output processes may be used to define the

forward transfer process of an LSTM in a single time step [96].
The input gate decides which unit has to be updated (Eq.3.45).

i = o(Wyiwe + Whize—y + Weze—y + ;) (3.45)

where,
W : the weight matrix.
b : the offset.
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The forget gate f; defines the past data that must be preserved (Eq.3.46).

fi= Jg("‘{”f X Ty + Uf X hi_1 + bf) (346)

The state ¢; of the network is updated as follows:

dt=0.(Wexx;+U, X ht —1+b.) (3.47)

Cy = ft o :’g - C; (348)

The output gate o; is calculated as follows:

or = 0g(Wo X & + U, X hy_1 + b,) (3.49)

h; is obtained as follows:

ht = ot - oc(ct) (3.50)

Where o is the activation function.

With the above notions, it can be assumed that the issue of the long-time reliance

in RN networks can be handled using the LSTM mechanism.

3.2.4.2.2 Gated Recurrent Unit Network (GRU)

The GRU cell is an enhanced version of the LSTM, introduced by Cho et al, in
2014. This network proved its ability in learning long and short dependence, while

avoiding slipping into disappearing and bursting gradients.

In contrast to LSTM, GRU has no distinct memory cell and doted with just a pair
of gates: the reset gate and the update gate .
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The reset gate aids in determining the number of the past hidden state is taken
into account in calculating the actual-state candidate, whereas the update gate
merges the input and forget gate in the LSTM to define the degree of the past

hidden state to be employed to update the actual state[97].

GRU’s basic structure is presented in Figure 3.14 bellow :

h.,

.- ol
= g =g
2= =
8 g =
wn
h,
FiGURE 3.14: GRU Basic Structure.
The GRU model is presented by the following formulas:
hi=(1—2)@h_1+20h (3.51)
he = (Wt + Un(re © hy-1)) + bn) (3.52)
With the update gate and reset gate presented as:
2zt =W,z + U hy 1+ b)) (3.53)
Bii= U(W'f“ﬂct +Urhi—1 + br) (354)

Due to the absence of an output gate, GRU cells are simpler than LSTM.
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Although the LSTM has higher learning capabilities, GRU can be trained faster
and produces results that are at least as good as those of the LSTM for straight-

forward issues.

The GRU gates control the data flow into and out of the cell, enabling the cell to

retain memories from earlier time periods.

It is unknown which of these two networks is more suited to a given situation,

necessitating testing on the particular application and data characteristics.

3.2.4.2.3 Encoder Decoder Architecture (ED)
RNN are employed in encoder-decoder models, another class of neural networks,

to predict outcomes for sequential series that includes time-series data.

The structure of the encoder-decoder network is detailed in Fig. 3.15 below. where

y is the model’s output and x its input [98] .

r--------q

| | —
| | -¥]
____*: Feature i_____ 'g
: Vector I g
| l -
I---------I

@

FIGURE 3.15: Encoder-Decoder Architecture.

Three primary elements of the architecture may be identified as follows :

- Encoder: It takes the components of the input vector one at each time step,

learns from the input, and propagates the information to subsequent operations.

- Feature Vector: This internal and intermediary state is in charge of storing
the input’s sequential information, which helps the decoder in producing reliable

predictions.
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- Decoder: The architecture of the decoder component may be an RNN model,
that helps in boosting the prediction by decoding the encoder’s outcomes in a

sequential format again.

Having the LSTM or RNN layer in the encoder decoder architecture, that are orig-
inally constructed to work on the sequential data, explains why encoder-decoder

models are extremely effective with sequential inputs[98].

We can improve the accuracy of the entire model while working with the sequential
data, by simply making the network memorize the sequence with a highly tuned
GRU layer [99].

The encoder-decoder approach is then recommended with time series data since

it performs well with sequential data.

3.2.4.3 Hybrid Forecasting Models :

Because of the drawbacks of the presented models, the challenging nature of the
wind speed data and its highly fluctuated nature, a single model is unlikely to

satisfy the accuracy requirement[100].

As a result, the majority of the novel prediction frameworks lays on the notion of
hybrid strategies, that lays on combining the pre-processing approaches and DL
algorithms [101].

The research on wind speed prediction proved that hybrid strategies outperformed

individual forecasting techniques.

The basic concept is that techniques combination balances the shortcomings of
one technique with the advantages of the other, although the challenge is to find

the best combinations to choose.
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3.2.5 Conclusion :

In this chapter we have demonstrated the methods used in the design and develop-
ment of our proposed forecasting models, we aimed specifically to reach a better
comprehension of the wind speed features and the DL forecasting networks, as
well as the methods to use for processing them, ranging from data decomposition

and denoising to forecasting models construction and improvement.

We have also validated the importance of using hybrid deep learning architectures

to reach an efficient wind speed forecast.

To conclude we note that identifying the appropriate combinations and the best
hyper-parameters selection for the suggested hybrid architectures, is the key to
benefit from prominent time series characteristics, improve forecasting accuracy,

and reduce the forecasting costs.
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Through the continuous work of researchers around the globe, weather forecasting
in general, and precisely wind forecast has known tremendous improvements.
Multiple methods and approaches were invented, upgraded, combined, and im-
proved over the years, with DL as the base of the highly sophisticated strategies
used for forecasting.

In this chapter, we introduce the contributions we provided to wind forecasting
field, and explain in details the various combinations of models that we proposed
through multiple contributions.

These contributions provided a high forecasting accuracy based on numerous ex-

periments.

To improve stability, flexibility, and code readability, the suggested hybrid models
are implemented in Python (ver. 3.7.13), offering a variety of libraries and frame-
works for machine and deep learning.

For the construction of the neural networks and their functions, we chose Keras
(ver. 2.8.0), known as a high-level library.

Keras serves as a wrapper for Tensorflow, a framework specifically designed for
machine and deep earning implementations, and that offers fast experimentation,
modularity, and scalability, and which also has consistent APIs that minimize the
volume of code required for complex functions.

Other Python stacks include : matplotlib.pyplot (version 3.2.2) and numpy (ver-
sion 1.21.5).....

4.1 Hourly Wind Speed Forecasting Using FFT-
Encoder-Decoder-LSTM in South West of
Algeria (Adrar)

4.1.1 Introduction

The wind’s fluctuated nature makes it a difficult phenomenon to track, and fore-

casting one of its parameters (wind speed) requires a robust and reliable model.

This first contribution concentrated on wind speed prediction for the purpose
of producing wind power[102], that is a critical procedure that demands reliable

forecasting findings.
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The prediction of wind speed is considered as a highly complex time series issue,
where investigations have demonstrated the effectiveness of RN networks, in par-
ticular the LSTM model, in making accurate predictions and handling long-term

dependencies.

4.1.2 Approach

The presented architecture proposes one hour ahead wind speed prediction model
based on FFT Filter (detailed in section 3.2.2.1.2 | p.46 from chapter 3), and
Encoder-Decoder-LSTM model (presented in section 3.2.4.2.1 and 3.2.4.2.3 from
p.69 and p.73, respectively from chapter 3).

The FFT algorithm was employed for smoothing data process, the Max-Min nor-
malization method (explained 3.2.2.1, p.39 from chapter 3) was used to standardize

the signal, and then the Encoder-Decoder-LSTM (ED-LSTM) framework was used
to predict wind speed.

Various models were used for comparison purpose to show the effectiveness of the
data pre-processing step and the proposed combination. Figure 4.1 illustrates the
FFT-ED-LSTM model’s whole flowchart.

Prediction
values

Prediction

Denormalization

FIGURE 4.1: The process of the proposed strategy.

4.1.2.1 Dataset and Data Preprocessing

Five years of mean wind speed from Adrar city were employed in this study,
provided by Reliable Prognosis Weather for 243 countries of the world website,
from 1 January 2014 to 1 January 2019 [103].
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Knowing that data was collected every hour, where two-thirds of data was used
for training (2014 to 2017) and the rest for test (2017 to 2019).

The FFT denoising effect is illustrated in Figure 4.2 and the process can be sum-

marized as follows:
1. Calculation of FFT from the wind speed original data.
2. Transformation of wind speed signal into frequency range.

3. Elimination of the highest frequency patterns to reach the best smoothing

results.

4. The use of inverse FF'T to reconstract the original wind speed signal.
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FIGURE 4.2: Wind Speed Data before, and after introducing FFT.

4.1.2.2 Forecasting model : ED-LSTM

The forecasting model combination, employed in this study is shown in Figure 4.3,

and made up of two sub-models:

The encoder : ”Single LSTM layer” for the input time series sequence’s reading

and encoding as elements vector.

The decoder : ”Single LSTM layer” used to predict each element of the encoded

input sequence for a one step ahead.

The LSTM network was used in both the encoding and decoding processes to
provide them with complete access to the previous 1 and 3 hours wind speed

prediction.
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FIGURE 4.3: ED-LSTM architecture.

In this framework, the encoder (single layer LSTM) was given inputs of one and
three hours of wind speed data to encode as a vector that captures patterns from
the sequence of inputs. For each step in the sequence of outputs, the internal
representation of the input sequence for wind speed is recurring several times at

the beginning.

After that, the decoder generates the entire sequence, along with all of the input
units producing an output value for the wind speed at one and three hours. Every

time step in the output series can be interpreted using a fully linked layer.
Finally, the output layer forecasts one step in the output sequence.

- So as to enable the same procedure to recur at every step in the output series,
while employing identical weights to create the interpretation, a Time Distributed

wrapper is implemented.

4.1.3 Experimentation
4.1.3.1 1-hour ahead wind speed prediction:

Two classifications have been applied in these tests, the first for creating models
before applying the FFT algorithm using the MLP, the vanilla LSTM , and the
ED-LSTM model, then the following after employing the FFT algorithm combined

with each of the previous models.
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The first classification is for creating models without applying the Fast Fourier

Transform Filter, while the second is for creating models after applying it.

Results are shown in Figures 4.4 and 4.5, and in table 4.1 below:
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FIGURE 4.4: Single models one-hour ahead prediction.
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FIGURE 4.5: hybrid models one-hour ahead prediction.
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TABLE 4.1: metrics comparison for one-hour ahead prediction.

Algorithms RMSE (m/s) MAE (m/s)
MLP 1.981 0.0763
LSTM 1.631 0.0612
Encoder-Decoder-LSTM 1.432 0.0689
FFT-MLP 0.194 0.009
FFT-LSTM 0.043 6.3242e-04
FFT-Encoder-Decoder-LSTM 0.035 6.1734e-04

4.1.3.2 3-hours ahead wind speed forecasting

For identical tests as in 1-hour ahead forecasting, couple experiments were con-

ducted over a longer time horizon of three hours. Figures 4.6 and 4.7 show the

outcomes of different single models.

The forecasting outcomes are reported in Table 4.2 .
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FI1GURE 4.7: Hybrid models three-hours ahead prediction.
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TABLE 4.2: Metrics comparison for three-hours ahead prediction.

Algorithms RMSE (m/s) MAE (m/s)
MLP 2.313 0.231
LSTM 2.042 0.186
Encoder-Decoder-LSTM 1.981 0.0981
FFT-MLP 0.869 0.021
FFT-LSTM 0.592 0.0086
FFT-Encoder-Decoder-LSTM 0.487 0.0079

4.1.4 Results Analysis and Conclusion

In our study, we concentrated on wind speed prediction that is crucial for wind
energy generation, assuming that, energy produced by the wind is highly related

to the cube of its velocity.

We chose the Algerian Sahara’s southwest region (Adrar zone) as the study area,
having superior wind speed levels and being the first and unique wind park in the

entire country.

The outcomes shown in figures and tables above, showed the superior performance
of the suggested model, while highlighting the efficacy of the data prep-processing
phase in the wind speed prediction process and the effectiveness of the encoder-

decoder architecture in providing accurate predictions over different time horizons.

4.2 Wind Speed Forecasting Based on Discrete
Wavelet Transform, Moving Average Method
and Gated Recurrent Unit

4.2.1 Introduction

Due to the wind’s unstable nature, predicting its features stands as a challenging

task that necessitates a reliable framework that can learn automatically a sequence
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of characteristics inside the the wind data.

In this implementation [104], we focused on one hour ahead wind speed prediction
employing the GRU model, one of the latest and best evaluated RNN models. This
model was chosen because of its simplicity, efficiency, calculation time reduction,

and remarkable efficiency.

For smoothing data phase, we made use of two combined methods with high
resolution in each of time domains and frequency, being the Discrete Wavelet
Transforms (detailed in section 3.2.2.1.2, p.47 from chapter 3), combined with
with the Moving Average method (From section 3.2.2.1.2, p.42 from chapter 3).

4.2.2 Approach :

The whole process of the proposed framework is detailed in Fig. 4.8 below:
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B e
B
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a3 WN
= = = = = C

Prediction

Denormalizalion

Final prediction

FIGURE 4.8: The structure of the proposed framework.



Contributions 87

4.2.2.1 Dataset and Data Preprocessing

Quinquennial of hourly wind speed data were applied in this study, from Adrar
and Tindouf cities that have the highest wind speeds over Algeria, to prove the

efficiency of the designed architecture over two distinct datasets.

In this study we chose the Daubechies wavelet family, particularly the Daubechies
five wavelet (five coefficient filter). The db5 was used up to three levels of decom-
position to demonstrate the DWT’s power. The procedure for wavelet smoothing

strategy employed in this work can be explained as follows:
- Calculating the variance of noise o starting by the smallest coefficient of wavelet,
being d1:

o = med(|db5])/0.6745 (4.1)

-The noise threshold limit formula is defined as follows :
v =0 *sqrt(2*In(N)) (4.2)

Where,
N : length of the signal

- Soft thresholding is then used to remove noise that is below the estimated thresh-
old limit.

- Finally, the original data is reconstructed applying an inversed wavelet transfor-

mation, resulting the denoised signal.

The degree of noise in the lowest frequency bands remained higher than the desired
after applying DWT denoising, so the MA technique was used in order to achieve
the desired denoised effect. The value at moment (t) is determined by averaging
the unprocessed recordings made at the same and previous moment (t) over a tag

of nine, as follows :

v(t) = mean(obs(t — 8), 0bs(t — 7), 0bs(t — 6), obs(t — 5), obs(t — 4), obs(t — 3),

,obs(t — 2),0bs(t — 1), 0bs(t)).
(4.3)
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Y (t) presents the outcome of data denoising using MA at moment t, and obs is

the record at each moment t.

4.2.2.2 Forecasting model : Gated Recurrent Unit

The proposed forecasting model in this study is composed of a one layer GRU,

with the Adam optimizer, MSE, and ReLU, as the network tuning functions.

4.2.3 Experiments
The wind speed in Adrar and Tindouf cities was predicted using three different

classifications: before going through preprocessing phase (LSTM, CNN, GRU),
after applying DWT technique, after combining DWT and MA method.

4.2.3.1 Adrar Wind Speed Prediction

The outcomes are presented in figures 4.9, 4.10, and table 4.3 below :
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FIGURE 4.9: Forecasting results for Adrar zone.
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FIGURE 4.10: Metrics outcomes for Adrar zone.

4.2.3.2 Tindouf Wind Speed Prediction

The outcomes are presented in figures 4.11, 4.12, and table 4.3 below :

Tindouf Mean Wind speed

175 —
GRU
15.0 — L1sTM
— NN
_— —— DWT-GRU
— DWTLSTM
DWT-CNN
100 —— DWT-MA-GRU
—— DWT-MA.LSTM
715 DWT-MA-CNN
50
25
00
6840 6860 6880 6900 6920
Time Step
FIGURE 4.11: Forecasting results for Tindouf zone.
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FIGURE 4.12: Metrics outcomes for Tindouf zone.



Contributions

90

TABLE 4.3: Metrics outcomes of both cities

Adrar Tindouf

Models MAE (m/s) MAPE (m/s) Models MAE (m/s) MAPE (m/s)
CNN 0.0693 22,0132 CNN 0.0755 21.0652
LSTM 0.0792 16.0408 LSTM 0.0692 14.8603
GRU 0.071 10.9617 GRU 0.0663 11.0167
DWT-CNN 0.0080 2.8060 DWT-CNN 0.0080 2.6100
DWT-LSTM 0.0026 0.6923 DWT-LSTM 0.0026 0.7723
DWT-GRU 0.0022 0.7610 DWT-GRU 0.0024 0.7501
DWT-MA-CNN 0.0071 2.6763 DWT-MA-CNN 0.0071 2.5773
DWT-MA-LSTM  0.0022 0.7192 DWT-MA-LSTM  0.0022 0.7309
DWT-MA-GRU 0.0020 0.6421 DWT-MA-GRU 0.0018 0.5668

4.2.4 Results Discussion

In this study, a short-range wind speed prediction framework was created by merg-
ing the DWT technique, the MA approach, and the GRU network to reach the

designed DWT-MA-GRU architecture.

We employed Adrar and Tindouf zone wind speed data, and used the DWT and
MA to denoise the datasets before designing the GRU network to forecast the

hourly wind speed.

Benchmark models were chosen for comparison. The suggested DWT-MA-GRU

provided the most efficient results with the comparision metrics reaching 0.015
(m/s), 0.0018 (m/s), and 0.5668 (m/s), over the two datasets, proving the efficiency
of the adopted double denoising approach and the high performance of the GRU

model for wind speed prediction.
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4.3 Multi-Step Wind Speed Forecasting Based
on Hybrid Deep Learning Model and Trail-

ing Moving Average Denoising Technique

4.3.1 Introduction

Finding the precise values of the wind speed is necessary to construct an effective
wind power generation architecture, since the wind speed parameter determines

how much power the wind farms produce.

In this study [105], we designed a new combined approach that merges the Trailing
Moving Average (explained in section 3.2.2.1.2 | p.42 in chapter 3) with the ED-
Convolution Neural Network (detailed in section 3.2.4.1 , p.65 in chapter 3) and
the LSTM model for multi-step ahead wind speed prediction.

This framework makes use of the CNN model’s high capacity for reading through
input series, and its ability to learn the most significant characteristics from the
feature maps, as well as the LSTM network, which learns features automatically

from a sequence within time series.

4.3.2 Approach

The full architecture of the developed framework is expressed in Figure 4.13.
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FIGURE 4.13: The structure of TMA-ED-CNN-LSTM framework.

4.3.3 Dataset Data preprocessing

For these experiments, mean wind speed data was gathered from Adrar city from
the period between 01/01/2014 and 01 /01/2019. 60% of the wind speed data

were set to train the model and the rest 40% for test.
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The map from the Algerian Wind Atlas was used as the basis for the site selection[106],
indicating great potential for the study.

In this study, we used the TMA approach to smooth the noisy wind speed signal.

Figure 4.14 and 4.15 illustrate the wind recordings with and without passing
through the pre-processing phase.
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FIGURE 4.15: smoothed Data .

4.3.3.1 Forecasting model : Stacked-ED-CNN-LSTM

In our designed architecture demonstrated in Figure 4.16 :
- The encoder : composed of a Double-layers-CNN network.
- The decoder : consists of Single-Layer-LSTM model.
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FIGURE 4.16: Encoder-Decoder CNN- LSTM prediction model.

4.3.4 Experimentation

All the forecasting models outcomes from 1-step to 3-steps ahead are shown in

Tables 4.4, 4.5, and Figures 4.17, 4.18, 4.19, 4.20, 4.21 and 4.22 below.

TABLE 4.4: The RMSE comparison outcomes.

Algorithms RMSE (m/s)
1-step 2-step 3-step
LSTM 1.713 1.903 2.151
CNN 2.310 2.415 2.913
CNN-LSTM 1.614 1.815 1.873
LSTM-ED 1.541 1.620 1.587
CNN-LSTM-ED 1.270 1.189 1.214
TMA-CNN-LSTM-ED 0.384 0.327 0.231
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TABLE 4.5: The MAE comparison outcomes.

Algorithms MAE (m/s)
1-step 2-step 3-step
LSTM 0.066 0.087 0.112
CNN 0.369 0.514 0.702
CNN-LSTM 0.051 0.024 0.076
LSTM-ED 0.032 0.057 0.068

CNN-LSTM-ED 0.027 0.032 0.028
TMA-CNN-LSTM-ED 0.009 0.014 0.007

4.3.4.1 One-step-ahead prediction results
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FIGURE 4.17: One-step forecasting outcomes.
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FI1GURE 4.18: One-step MAPE forecasting outcomes.

4.3.4.2 Two-steps-ahead forecasting outcomes
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F1GURE 4.20: Two-steps MAPE forecasting outcomes.

4.3.4.3 Three-steps-ahead forecasting outcomes
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FIGURE 4.21: Three-steps forecasting outcomes.
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FIGURE 4.22: Threes-step MAPE forecasting outcomes.

4.3.5 Discussion and Conclusion

For the purpose of obtaining the maximum wind speeds in the southwest of Algeria,

a hybrid short-range wind speed prediction combination was used in this study.

To prove the superiority of the designed framework, a couple of deep learning

models were chosen as benchmark models.

The TMA smoothing technique demonstrated a significant improvement in the

prediction accuracy.

The CNN-LSTM-ED combination can extract and predict more features from wind

speed data, confirming the performance of the encoder-decoder structure.

The experimental outcomes demonstrated that the suggested framework improved

the prediction results remarkably compared to the alternative models.
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4.4 Hybrid intelligent framework for one-day ahead

wind speed forecasting

4.4.1 Introduction

The advancement of alternative energies technologies depends greatly on the na-

tions that create, produce, and export them.

In this implementation we worked on developing a standard framework that of-
fers the possibility of surpassing the hyper-parameter selection constraint, that is
demanding in computation and time, in order to obtain a standard framework
capable of forecasting different datasets without the need of adaptation to the
different data characteristics [107].

Depending on the Adaptive GWO (explained in section 3.2.3.3, p.60 in chapter
3), Singular Spectrum Analysis (SSA) (detailed in section 3.2.2.1.2 p.56 in chapter
3), with the suggested ED-CNN-GRU, a new hybrid architecture is designed for

one day ahead wind speed prediction.

The AGWO-SSA is designed in order to separate the original wind speed series
into its patterns and detailed features, to facilitate the oscillate noise removal
from the original collected wind speed, the smoothed data is then introduced to

the optimized ED-CNN-GRU model developed for 24-hours ahead reliable wind

speed forecasting.

Where the AGWO is employed in order to achieve the best parameters selection
for the length of the SSA window with the number of layers of the ED-CNNGRU

model.

4.4.2 Approach

4.4.3 Dataset and data preprocessing

Approximately ten to twelve-meters high beyond the surface of the ground, mean
wind speed data for eight years were gathered from three separate stations, situated

in the southwestern zone of Algeria, from September 2012 to December 2020.
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The mean wind speed was recorded hourly, where two-thirds of the information was

set aside to train the model and the rest for validating and testing the outcomes.

The sites were picked based on the Atlas wind map of the Algerian region, where
the favorable wind speeds conditions are available, to test the proposed framework

on three various dataset with multiple features.

Table 4.6 and Figure 4.23 provide descriptions of the datasets in detail.

S1-DAUA Mean Vind Spesd S2-DATH Mean Wind Speed S3DALT Mean Wind Speed

e e
e

p——
P

FIGURE 4.23: Stations’s Datasets.

TABLE 4.6: Stations’s details

Stations Station Location NNbr of obs Mean val Max val

S1-DAUA 280 m 67325 5.4(m/s) 22(m/s)
S2-DATM 397 m 24013 5.8(m/s) 36(m/s)
S3-DAUT 312 m 64666 4.5(m/s) 21(m/s)

Figure 4.24 bellow, illustrates the full AGWO-SSA-ED-CNNGRU model process.
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FIGURE 4.24: The architecture of the proposed hybrid strategy.

The hybrid framework architecture can be described as follows :

(1) To get over the reliance on the data variation problem and capture the fea-
tures and patterns in the original datasets, the simplified structure of the SSA
preprocessing method combined with the AWO is used.

In Figure 4.25 bellow, the AGWO-SSA denoising process is illustrated :
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F1GURE 4.25: The AGWO-SSA denoising architecture.

(2) The improved ED-CNN-GRU framework is created specifically to manage the

fluctuating nature of the original wind datasets .

The encoder: is a Double-Layers-Stacked-CNN model, that was employed on the

original wind input datasets to extract the most prominent features.

In order to read through the input series and display the outcomes as features

map, the first CNN layer was created.

The max pooling layer is then designed for the features map simplifying process,
after using a second CNN layer to perform an identical treatment on the features

map resulted from the previous one, to highlight the significant characteristics.

These extracted flattened feature maps can then be used as inputs for the decoder

model, after being simplified.
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The decoder: is a GRU network with competitive performance and fast calculation
time that can automatically learn characteristics from a sequence inside the time

series.

Figure 4.26 explains the proposed model :
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E ™
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F1GURE 4.26: The hybrid DL forecasting model.

(3) For the hybrid model optimization, meta heuristics were recalled, in particular
the Adaptive GWO approach was applied for this study, offering an intelligent
parameter tuning for the length of the SSA window and the number of layers for

the ED-CNN-GRU prediction model.

Bellow the full pseudo-code of the Adaptive optimizer :
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Algorithm 1: Adaptive GWO for SSA and Encoder-Decoder CNNGRU Lay-
ers optimization

InitWolvesPack();

// each wolf is a combination of a random selected values for both parameters (Window Length
of SSA and the ED-CNNGRU number of Layers)

MakePrediction();

// Full wind speed values forecasting

for every wolf in the pack do
calculateFitnessForWolf(); // calculation of the fitness for each wolf of the initial pack :
The fitness is a combination of 3 values : RMSE,MAE and MAPE we got after making a
full prediction of the wind speed
end
SelectAlpha,Beta,DeltaWolves();
// The Alpha,Beta,Delta wolves will have the best RMSE,MAE and MAPE values respectively

while stop criteria is not reached do
InitializeControlParameterA();
// Initialization of eter A that controls the exploration in the search for the best
combination of parameters
for every wolf except alpha beta delta do
// First Parameter : SSA Window Length
X1pl = alphawolfP1 - A*(alphawolfP1 — wolfP1) ;
X2pl = betawolfP1 - A*(betawolfP1 — wolfP1) ;
X3pl = deltawolfP1 - A*(gammawolfP1 — wolfP1);
// Second eter : CNN Number of layers
X1p2 = alphawolfP2 - A*(alphawolfP2 — wolfP2) ;
X2p2 = betawolfP2 - A*(betawolfP2 — wolfP2);
X3p2 = deltawolfP2 - A*(gammawolfP2 — wolfP2);
// Third eter : GRU Number of layers
X1p3 = alphawolfP3 - A*(alphawolfP3 — wolfP3) ;
X2p3 = betawolfP3 - A*(betawolfP3 — wolfP3);
X3p3 = deltawolfP3 - A*(gammawolfP3 — wolfP3);
WolfP1 = (X1pl + X2pl + X3pl) // 3;
WolfP2 = (X1p2 + X2p2 + X3p2) // 3;
WolfP3 = (X1p3 + X2p3 + X3p3) // 3;
// Update each wolf of the pack depending on the position (values of parameters) of
Alpha, Beta and Delta wolves except the 3 last mentioned ones

if wolf parameters get pass boundaries then

WolflnitizlizationWithRandomParameteres();

// Initialize current wolf with random values inside the boundaries of each eter

to keep the search flow in the right direction.

else

end
end
MakePrediction();
for every wolf in the pack do
| calculateFitnessForWolf();
end
SelectAlpha,Beta,Delta Wolves();
// re-define the pack of Alpha, Beta and Delta wolves positions depending on the new
fitness values calculated in the previous step

end

BestWindowLengthAndLayersNB();

// We select the best combination of ED-CNNGRU layers and SSA Window Length while putting in
consideration the 3 last saved Alpha, Beta and Delta wolves
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4.4.4 Experimentation
4.4.4.1 Hyper-parameters tuning

To identify the optimal correlation between the designed ED-CNN-GRU’s lay-
ers number and the optimized SSA Window-Length, we used the GW optimizer,
known for it’s stability and reliability among the other commonly used meta-

heuristic algorithms, then modified it for our architectural needs.
The framework was trained over 50 iterations.

In order to prevent the randomly initializing impact, the pack of wolves is changed

after each iteration.

Based on the GWO principles, the best results are then taken into consideration

following the wind speed prediction.

The three most employed metrics : MAPE, MAE, and RMSE are used for the
performance validation of our suggested framework, proving the superior results

it achieved among the benchmark models.

The following plots of Figure 4.27 and table 4.7 display a sample from the fifty
successive iterations that the proposed framework launched to achieve the optimal
combination, while also displaying the updates in the triple wolves packs at the

end of each iteration.

The following parameters were the best combination of the wolves packs choosed
by the adapted optimizer:

The length of SSA Window : 9 .

The number of CNN Layers : 2. The number of GRU Layers : 1.
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FIGURE 4.27: A sample of the proposed model last iterations.
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TABLE 4.7: Best combination tuning

Update RMSE RMSE RMSE
Alpha Beta Delta

Iteration alpha,beta,delta MAE MAE MAE
Wolf Wolf Wolf

Wolves ? MAPE MAPE MAPE

SSA:6 -0.187 SSA : 20 -0.201 SSA :16 - 0.468

39th Yes CNN:1 -0.0332CNN :2 -0.035 CNN:2
GRU:2 -4.043 GRU:1 -4.210 GRU:2 -4.391
SSA:6 -0.187 SSA :20-0.201 SSA:4 -0423
2
2

fa—y

- 0.065

40th Yes CNN:1 -0.0332CNN :2 -0.035 CNN:2 -0.057
GRU:2 -4.043 GRU: 1 -4.210 GRU: - 4.390
SSA:8 -0.164 SSA:6 -0.187 SSA :20 -0.201
41th Yes CNN:1 -0.0301 CNN:1-0.0332 CNN:2 -0.035
GRU:2 -3845 GRU:2 -4.043 GRU:1 -4.210
SSA 8 -0.164 SSA:6 -0.181 SSA:6 -0.187
42th Yes CNN:1 -0.0301 CNN:2-0.0312 CNN :1 - 0.0332
GRU:2 -3845 GRU:1 -3.903 GRU:2 -4.043
SSA:9 -0.081 SSA:8 -0.164 SSA:12 -0.181
43th Yes CNN:2 -0.007 CNN:1-0.0301 CNN:1 -0.0312
GRU:1 -2481 GRU:2 -3.845 GRU:2 -3.903
SSA:9 -0.081 SSA :12-0.161 SSA:8 -0.164
44th Yes CNN:2 0.007 CNN:2-0.0261 CNN:1
GRU:1 -2481 GRU:2 -3.143 GRU:2 -3.845
SSA :9 -0.081 SSA:8 -0.138 SSA :12 -0.161
45th Yes CNN : 2 -0.007 CNN:2 -0.019 CNN : 2-0.0261
GRU :1-2481 GRU:1 -2814 GRU : 2 - 3.143
SSA :9 -0.081 SSA:8 -0.138 SSA :12 -0.161
50th No CNN : 2 -0.007 CNN :2 -0.019 CNN : 2-0.0261
GRU :1 -2481 GRU:1 -2814 GRU : 2 - 3.143

- 0.0301

4.4.4.2 The developed Strategy Evaluation

The following plots (4.28, 4.29 and 4.30) contain the outcomes of one day ahead

prediction in 3 stations with various characteristics using the proposed framework.
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FIGURE 4.30: The third station’s forecast.

4.4.4.3 Single Models Forecasting Outcomes
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TABLE 4.8: Metrics Comparison Results
Stations
51 DAUA 52 DATM 53 DAUT
Models RMSE MAE MAFE RMSE MAE MAFPE RMSE MAE MAFPE
CNN 2.8736 0 4867 155741 3.7016 07174 17.6415 2.93517 0.3742 158257
GRU 1.8132 0.1912 13.5471 2.3842 0.2184 14.4261 1.8646 0.2872 13.7514
CNN-GRU 0.8147T 0.0731 11.0714 0.9145 0.0814 11.9415 0.8724 0.0725 11.3164
ED-CNNGRU 0.5716 0.0521 9.7431 0.7224 0.0721 10.6451 0.5127 0.0501 9.2571

4.4.4.4 Hybrid models Experiments Results
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FIGURE 4.36: The third station’s forecasting outcomes.

TABLE 4.9: Metrics Comparison for Hybrid Models

Stations

51 DAUA 52 DATM S3 DAUT
Models RMSE MAE MAPE RMSE MAE MAFPE RMSE MAE MAPE
SSA-CNN 0.8381 0.1367 11.5741 1.0257 0.3174 13.6415 0.9351 0.1742 12.8257
SSA-GRU 0.5132 00712 10.5471 0.7842 0.0984 11.4261 0.6G376 0.0872 10.7514
SSA-CNN-GRU 0.2037 00614 T.O0714 0.3871 00871 9.1957 0.2836 0.0589 B.3641
SSA-ED-CNNGRU 0.1603 0.0314 G.2431 0.2224 0.0612 T.5641 0.1827 0.0401 G.7531
The proposed model 0.0461 0.0081 4.2431 0.0824 0.0321 5.6491 0.0607 0.0093 4.6571

The proposed architecture provided a standard hyper-parameters tuning among

the multiple tested data from each station, shown in Table 4.10.
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TABLE 4.10: SSA-window-length-Selection

Window-Length

Stations S1 S2 S3
Benchmark-Models 18 29 16
Proposed-Framework 9 9 9

4.4.5 Discussion and Conclusion

In this framework, a sophisticated wind speed prediction strategy was designed,
in order to record the strongest and most reliable wind speeds in Algeria for the
best wind parks hosting strategies. For purposes of comparison, two benchmark

model classes were chosen.

The application of the GRU, that follows the CNN network, significantly improved

the prediction performance and reduced the errors estimation.

In comparison to the CNN-GRU model, the introduction of the ED architecture
resulted in a more efficient forecasting and enhanced extraction of features of
wind speed among the various collected dataset from the 3 stations choosed. This

confirms the effectiveness of the Encoder-Decoder architecture.

The comparison of the three stations revealed that the SI-DAUA station has the
most stable annual wind speed distribution, making its variability of wind speed
more predictable, having the greatest potential for a new wind park establishment

close to this station.

The SSA method used for data denoising demonstrated competitive smoothing

results and a significant enhancement in the model performance.

The importance of picking the optimal combination of parameters for the forecast-
ing process was demonstrated by the improved results while using the AGWO in
selecting the most efficient parameters combination. This improved the forecasting

adaptability and reliability.

The experimental findings demonstrated that the suggested framework surpassed
the benchmarks models, with corresponding MAE, MAPE, and RMSE of 0.0081(m/s),
4.2431(%), and 0.0461(m/s), respectively.



Chapter 5

General conclusion and

perspectives

ﬂThe strongest arguments prove ”Certainly, there are very few
nothing so long as the wholly original ideas in the
conclusions are not verified by world; there are usually people
experience. Experimental science coming to the same conclusions
is the queen of sciences and the or carrying out experiments,
goal of all speculation.” whether publicly or privately.”
\ -Roger Bacon / - Shannon Lee
* *
\ ¢
. /
L] - ™ .
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5.1 Conclusion

The main focus of this doctoral dissertation is the creation of an intelligent hybrid
framework using different deep learning models combined with sophisticated pre-

processing techniques, and apply it in the context of weather forecasting.

This study makes several contributions by combining the fields of DL and weather
prediction. While applying the proposed combinations to multiple wind sites, we
validated the utility of DL methods for predicting wind speed from various time

series data.

We understood the impact of the preprocessing step and the utility of using hy-
brid combinations, that enabled us to develop more efficient techniques with the
best fitting parameters, and reach a clear comprehension of the dynamics in the

architecture depth of the wind forecasting process.

The outcomes of the different proposed frameworks showed the superior perfor-
mance of the suggested architecture designs, reaching 0.0081(m/s), 4.2431(%), and
0.0461(m/s), with corresponding MAE, MAPE, and RMSE, respectively.

The analysis of the various stations confirmed that station SI-DAUA in the Adrar
city zone has more stable distribution and higher levels of wind speed throughout
the year, which makes the variability of the wind speed more predictable at its

level, and shows a great potential for hosting a wind farm near this location.

5.2 Perspectives

(1) Improving the proposed architectures by making new experiments, with various

techniques of models hybridization in order to select the more appropriate.

(2) Testing the implemented architectures over different types of data, to validate

their flexibility to the changes in its characteristics.

(3) Improving the amount of input series to forecast wind speed with multiple me-

teorological components, such as pressure, altitude, humidity and wind direction.

(4) Adjusting the designed strategy to long-range forecasts will be significantly

helpful in forecasting climate changes.
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