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For centuries, Meteorological prediction has been a challenging task every civ-
ilization faced. With the development of recent technologies, it became easier to
obtain accurate weather forecast. The objective of this thesis is to apply Deep Neu-
ral Networks algorithms on meteorological data to precisely predict the solar irra-
diance throughout the day. This is a crucial step in the optimization of renewable
energy production and management. With the dawn of high performance computa-
tional hard-wares and the availability of large datasets, Recurrent Neural Networks
and Convolutional Neural Networks have been built to predict the solar irradiance
ratio one hour into the future. Thanks to a dataset composed by a dozen of variables
recorded during five years, we built models to predict the desired value on five di↵erent
stations on the La Reunion island. Compared to current state of the art algorithms,
our models were able to predict accurate and truthful sequences, decreasing the error
by 25% in the best case, with mae’s and rmse’s metrics reaching values as low as
0.17 and 0.19, respectively. Additionally, we experimented new types of algorithms,
combining the data from multiple stations to build spatio-temporal models or combin-
ing the recurrent and the convolutional layers into one models. They gave promising
results but necessitate a fine tuning of the parameters! During this work, it showed
Deep Learning algorithms could improve the current solutions for meteorological pre-
dictions and that new data-driven solutions, for complex problems, will be discovered
in the future as data become more and more available.
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Chapter 1

Introduction

Meteorology has always been a human preoccupation. Activities, like farming or
hunting, strongly depend on weather conditions, which caused humans to observe me-
teorological phenomena to forecast future events. Many societies considered weather
conditions as an act of gods and looked after priests to predict or influence the weather.
Though the origin of Meteorology forecasting is impossible to accurately define. Mete-
orology itself separates into two distinctive branches, a branch of science and a branch
of knowledge. The first signs of Meteorology predictions, as a branch of knowledge,
appeared with the first human civilizations, dating back millennia. . Greeks (7th cen-
tury B.C.) were the first to consider meteorology forecasting as a branch of sciences.
Thales of Miletus associated weather with movements of stars and planets [3]. Later
on around 340 B.C., Aristote, considered as the first meteorologist (i.e. a weather
forecaster), introduced basic elements such as water, earth, wind and fire to be the
key elements of weather regulations [4].

Due to the Roman dominance over the Greek civilizations, for centuries, Greek mete-
orologists who were the main ”scientists” to focus on this subject, could not carry out
their works. Hence, for 2000 years after Aristote’s findings, meteorologist practices
resumed to be series of factual observations, throughout surveillance of cloud or stars
movements, speculation of thunder and lightning or relations between the fundamental
elements but no one added anything significant to the meteorologist field ! In 1593
only [3], the first thermometer was invented by Galileo. At first, instruments like
rain gauges, anemometers, barometers appeared and then, with the enhancement of
general technology, more sophisticated tools were designed. During the 20th Cen-
tury, thanks to the evolution of machines like radars, satellites, weather stations and
computers, the accuracy and e�ciency of weather forecast was greatly improved and
thereafter, it kept getting better and better.

In contrast to the evolution of Meteorology, the evolution of Machine Learning was
much faster. The dawn of Machine Learning, enabled by the arising capabilities of fast
computing, gave birth to new kind of algorithms and methods to approach problems
from a di↵erent perspective and tackle big data related challenges. Since the 50’s,
supervised learning, including prediction and classification, or unsupervised learning,
like data-mining or information retrieval, allowed researchers and scientists to discover
new types of solutions to problems that could not be solved before. Machine learning
algorithms also improved existing solutions and allowed better optimization of many
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1.1 Motivations

processes. In the financial sector, American Express uses Machine Learning algo-
rithms to detect fraud among transactions in real-time saving millions of dollars. The
car company Volvo uses artificial intelligence to predict the failure of car components,
enabling early car revisions [5]. These 2 examples, among many others, show the great
potential of Machine Learning for the society.

Witnessing the recent improvements in commodity and High Performance Computer
hard-wares, e.g. libraries to exploit those like CUDA1, and breakthroughs in Machine
Learning algorithms bound to these libraries, joining these processing capabilities with
the meteorological data, collected throughout multiple channels, demonstrates an im-
portant potential for this field of sciences driving our everyday life.

1.1 Motivations

Since the 16th Century, philosophers used tools previously mentioned to systemati-
cally record weather variations. All these observations served a common purpose : to
forecast the future weather conditions. In accordance with the development of new
technologies, weather predictions became more and more precise, but at the price of
costly numerical simulations.

In cooperation with the Luxembourg Institute of Science and Technology (LIST), we
wanted to investigate the possibilities using terrestrial data, e.g. data recorded thanks
to automated surface-observing systems installed on Earth, to predict solar irradi-
ance taking advantages of Deep Neural Networks’ capabilities such as their pattern-
matching techniques to analyze vast quantities of supervised data. LIST ’s Environ-
mental Research and Innovation (ERIN) research department, and more specifically,
the Environmental Informatics unit is specialized in data driven research, development
and innovation within the field of environment informatics to provide solutions for a
more sustainable future [6]. Accordingly to this guideline, the main objective of this
thesis is to predict the solar irradiance ratio with an horizon of one hour, given the
last 60 minutes of observations.

The main purpose of predicting solar irradiance accurately is to optimize the manage-
ment of photo-voltaic power plants which is a hot topic in the renewable energy pro-
duction industry. On one hand, satellite imagery o↵ers useful information for weather
prediction. Nonetheless, it requires a comprehensive analysis, either done by humans
or algorithms, of the generated images to obtain complete results. On the other hand,
Numerical Weather Simulations, based on physics models, provide most of the pre-
diction power in the current industry. As an alternative to these time-consuming
procedures, our intentions behind applying deep learning models on meteorological
data, are that we want to implement algorithms capable of e�ciently and quickly
replicating human brain capabilities like recall and recognition, i.e capacity to detect
and remember important events from the past, given the appropriate data. Further-
more, depending on the utilization of the predicted variable, the interval between two
predictions could be relatively small, from a minute or larger to few hours or days.

1https://developer.nvidia.com/cuda-zone
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Historical Overview and State of the Art 1.2

Therefore, models need to be easily adaptable and algorithms such as time-series deep
neural networks bring hopeful perspectives to fit these requirements.

The increasing demand of solar energy around the world is one of the reasons so many
researches have been conducted over the years. By the end of the 21st Century, solar
energy requirements and application are expected to triple [7]. An e�cient and fast
forecasting method that can be applied anywhere in the world is necessary to help
the renewable energy sector to correctly face the challenges of tomorrow. Whether it
is supply management or electricity grid operation controls, the forecast of solar en-
ergy will partially determine the economic prosperity and quality of life of the future
generations. The adaptability of the spatio-temporal models, multiple local weather
stations working together studied throughout this work could be a step towards a more
precise, hence cleaner forecast of the solar energy.

1.2 Historical Overview and State of the Art

Consequently to the rapid growth of renewable energies, the production and consump-
tion of solar power as a source of electricity have surged over the recent years. For this
reason, a large interest has risen among the scientific community in forecasting solar
radiation over short time horizons. Although this topic brought a lot of philosophers
and scientists to put their minds to it, we will review the works of some of them over
the centuries.

Around 1513, Nicolas Copernic (1473 - 1543) suggested the theory that the sun is the
center of the system, around which the solar system’s planets revolve. This observa-
tion was one of the first reflection based on spatial physics laws. With other mod-
ernized laws, defining how the atmosphere behaves and interacts with environmental
elements, the Numerical Weather Prediction (NWP) uses mathematical models based
on physics and chemistry, to predict the oncoming weather conditions based on the
present events using super-computers to run simulations. They were firstly initiated
by Vilhelm Bjerknes [8]. Later on, researches related to solar forecasting problems,
were based on physics laws and modern NWP to tackle this more and more important
challenge (see Perez and al. [9], Molineaux and al. [10], for examples).

Additionally, due to NWP’s complexity and cost, others scientists turned to statistical
approaches ”Model Output Statistics” [11], that are a multi linear regression tech-
nique, or generated ”Markov transition matrices” [12], to predict future sequence of
solar activities. More specially, in [13], Goh and Tan (1977) explored statistical models
to predict solar variations. Through stochastic modelling theory, they were the first
ones to pioneer short-term models compared to models like [14] or [15] which were
only designed to predict long-term forecasting and were lacking assumptions about
the correlated nature of the solar data. With the help of satellite data, Hammer and
al. [16] used a statistical approach to predict clouds’ behaviors (motion, formation,
dissolution) and thus, the irradiance ratio. Auto-regressive models, used to represent
time-varying processes in nature or economics, have also been applied to the prediction
of solar forecast (for instance, in Safi and al. [17] or Zhang and al. [18]). Compared to
physics-based models, these techniques are data driven. They use the data from past
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events and try to make inference from it. These approaches have left the door open
to more modern and advanced data driven methods using the features present in the
data to the full potential, e.g. Deep Learning Algorithms.

More recently, Machine Learning methods rose interests in many science fields, thanks
to a surge of data availability and fast computation capabilities. Gladly, weather pre-
dictions models weren’t left aside. Models, among many others, like Regression Trees
[19], Support Vector Machines (SVM) [20] or Neural Networks ([21], [22], [23]) profit
from the learning capabilities of machine learning models to determine if relations, lin-
ear or non linear, exist between all the variables. These solutions for solar irradiance
prediction have demonstrated better performance than statistical or auto-regressive
models [24], achieving results as good as rmse’s errors2 between 10% to 30%, which
give excellent overview of their capabilities.

Finally, (Deep) Neural Network researches have emerged to tackle the prediction of the
solar irradiance. Thanks to the temporal scaling of data, Recurrent Neural Networks
have proven to be more accurate and more consistent than basic Neural Networks, like
the multi-layer perception, for short and long term prediction. For example, Barbou-
nis and al. [25] have used Deep Neural Networks to predict long-term wind speed and
solar power at an hourly rate. Alzahrani and al. [26] also compared the performance
of di↵erent models, namely, support vector regression, feed-forward neural networks
and deep recurrent neural networks. They all came to the conclusion that deep learn-
ing neural networks can easily handle massive amount of historical data and that the
recurrent feedback over time is a great model’s feature when dealing with weather
prediction tasks.

Another kind of Deep Neural Network is the Convolutional Neural Network. As a
result of their filtering and pattern recognition capabilities, Convolutional Neural Net-
works have demonstrated good levels of e�ciency in the treatment of satellite imagery.
In [27], Y Liu and al. applied Convolutional Neural Networks on climate datasets to
detect meteorological extreme events variations. Still based on 2D images datasets,
Klein and al. [28] presented a generalized version of a convolution layer to analyze
weather conditions at an interval of 10 minutes. Nevertheless, no real experiments have
been conducted on 1D meteorological data sequence with the former type of model
to predict the solar irradiance ratio. However, it showed impressive performances on
other 1D related problems like speech recognition [29] and natural language processing.
These milestones suggest that Convolutional Neural Networks should also be given a
try. They will be used in the studies of data driven solar predictions, comparing them
to Recurrent Neural Networks.

With so many researchers implementing solutions on this topic, the need for a
precise and persistent forecast of the solar irradiance is an important matter for the
future of our society. The renewable energy industry is yet to evolve to a more e�-
cient and profitable market, bringing a lot of attention from the scientific community.
Deep Learning models o↵er many advantages over classical Machine Learning tech-
niques such as the capability to deal with large dataset and to provide the associated
computing power. Mastering higher levels of data representation, they can solve more

2Explanations about this metrics’ characteristics and purposes will follow in a later section.
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complex problems using special kinds of datasets. This is exactly why these types of
models will be the main focus of the present work.

1.3 Thesis Structure and Contributions

Starting with Chapter 2, theoretical aspects focusing on some details and key char-
acteristics of Neural Networks are introduced. This is an e↵ort to set all readers on
the same level of knowledge. Therefore, we will go through the basic components en-
abling a Neural Network to learn from data. Further explanations on the Deep Neural
Networks, the recurrent and the convolutional neural networks, will be brought to
the users to understand how they di↵er from each others and how they are improved
versions of the classical neural network.

In Chapter 3, an in-depth analysis of the data used during this work has been con-
ducted. In the Machine Learning field, it is really important to consider the variables
from di↵erent angles, so that their utilization to build the model, is optimized, well un-
derstood and not mistaken. From data exploration to pre-processing and discussions
about the target variable, this chapter contributes to the discovery of every possible
feature of the dataset such that suitable models’ structures are considered during the
research.

Then, Chapter 4 tackles the main part of the present research task. Supervised Ma-
chine Learning is all about prediction or classification of future events, provided some
past observations and theirs outcomes. To do so, initially based on a sequence of
past 60 minutes observations, our first goal is to predict a specific variable, the solar
irradiance ratio, one hour after the most recent observation recorded. With the help
of sensors situated at di↵erent locations on the La Reunion island, variables like the
temperature, the atmospheric pressure or the humidity ratio were recorded with a time
interval of one minute during five years. Several strategies, mentioned in Chapter 2,
are investigated to exploit long-short term recurrent events or pattern recognition of
temporal events to e�ciently predict the targeted value. The second objective is to
explore the possibilities of spatial combinations between the weather stations to un-
derstand how they interacts between each other and if the results are better then the
single station models.

Finally, Chapter 5 summarizes the main results of the research and introduces potential
improvements to the current models or additional leads to capitalize on the present
work.

5





Chapter 2

Theory

In this chapter, we will mainly introduce the theoretical knowledge one needs to cor-
rectly understand the answers of this thesis’ research question, i.e. how will we use the
Deep Neural Network framework to predict the solar irradiance ratio with an horizon
of one hour, based on the last hour of available data. We first present the concept of
time-series, that is the specific type of data employed through out this project. Then,
theoretical notions about the models, used to process the data, are described. Below,
we suggest generic explanations about Neural Networks models. Then, speaking about
two specific categories of these models, the Recurrent Neural Networks [RNN] and
the Convolutional Neural Networks [CNN], details and technicalities about each type
will be presented to the readers.

2.1 Time Series

Introduction An intuitive definition is : A time-series is a sequence of observa-
tions xt, each one being recorded at a specific time t [30]. A time-series can either be
discrete, the observations are constructed at fixed time intervals, or continuous, the
observations are recorded continuously over a time interval. Another important char-
acteristic of time-series is that the observations can be deterministic or stochastic.
On one hand, a deterministic time-series indicates the sequence of observations is reg-
ulated, by a physic law or a known phenomenon, and that the future predictions could
be determined in advance. On the other hand, the future observations of a stochastic
time-series can only be partly determined based on the knowledge of the past val-
ues. This main assumption clarifies that, in the past, some scientists experienced
physics-based models to study time-based meteorological processes and why others,
tried models based on the previous data. This inner characteristics will probably have
a huge e↵ect during the performance of the prediction task.

Once the observations have been recorded during a su�ciently long period of time,
the main task is to analyze the time-series of each variable. Before talking about the
analysis task, let’s take a look at two simple examples of time-series.

Examples Below, two examples of discrete time series are shown : One describes
the monthly number of sunspots [31], the Wolf number, and the other defines the
monthly sales, in the US, of di↵erent Tesla models [32].

6
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Figure 2.1: Monthly Wolf number (# of sunspots) variation from 1749-1983

Figure 2.2: Tesla Model Sales from 2015

7



2.1 Time Series

Looking at these graphs, one can understand the interest for time series. On Figure
2.1, we can clearly identify a recurrence and an increase of the number of spots over the
years. On Figure 2.2, one can quickly analyze the di↵erences between the car model’s
sales and also detect when an event happens (like the surge in the sales of theModel 3 ).
Such graphics allow the users to control and monitor the evolution of designated targets
(like the cars’ sales) or to detect anomalies over time. Truly continuous time-series are
more rarely encountered, however, in the medical field, electroencephalograms (EEG)
are an example of continuous monitoring of the brain activity. Another example, in
seismic surveys, controlling the state of volcanoes or tectonic plates is a way to predict
the forthcoming and possibly destructive events of such activities.

Objectives As stated above, time series are reported so that one can analyze them
and makes inferences. However, it exists four primary objectives in analyzing a time
series :

Description consists of obtaining simple descriptive measures (mean, vari-
ance, correlation) of the variables, identifying the trends,
variations or outliers, etc, . . . All these intermediate tasks,
being executed with simple models, give a general overview
of the data before it is processed.

Explanation is based on the previous descriptions. It can either look for
the consequences and/or reasons why such observations were
made. Or it can be used to interpret the variables’ behaviours
and e↵ects on others, like the reasons behind the behaviour
of a variable inducing, or caused by, another variable’s be-
haviour. This analysis leads to a deeper and better under-
standing of the general mechanism dictated by the variables’
values.

Prediction will try to determine the values of future observations based
on the past data. Many models and methods exist to fore-
cast the forthcoming sequences, depending on the type of
the series (deterministic or stochastic) and on the domain of
application.

Control is closely related to the previous objective, the prediction.
Indeed, controlling procedures (of tools or mechanism) can
greatly be optimized knowing what will occur in the future.
The usage of these tools and machines can also be optimized
(increasing the lifespan and the way to use it, for example).
Natural phenomenons can also be supervised thanks to these
controlling measures. Nevertheless, none of the above actions
is possible if the predictions are erroneous. The need of an
accurate and relevant forecast is crucial.

These four main objectives must logically be executed in sequence. It wouldn’t
make any sense to predict future observations without knowing how the past observa-
tions behaved.
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Analysis Many di↵erent descriptive techniques can be executed during the descrip-
tion step in order to better understand the data. Some of them, used later on during
the third chapter, are explained below.

The first easy and simple step is to compute the statistical metrics, such as the
mean, variance, median and quantiles. This allows the user to understand the general
behaviours and ranges of the data. These metrics can, readily, indicate whether or
not some variable’s ranges present outliers or gaps within the time series. In such
cases, methods like outliers removals (or transformations) or (non-) linear interpola-
tion can be applied on the dataset to fix these ”imperfections”. However, while gaps
in sequences are really troublesome, outliers express some heterogeneity in the dataset
that can benefit some prediction models. Likewise, it is also important to visualize
the data with di↵erent kinds of charts. It has been shown in [33], that datasets with
similar simple descriptive statistics, appear to be really di↵erent once plotted [1], this
could be the case for time series. Obviously, the data of the fourth quartet (X4) do
not represent a time series sequence.

Figure 2.3: Anscombe’s quartet : the 4 dataset share all the same mean for x’s, 9,
and y’s, = 11, as well as they all have the same variance for x’s ,(7.5), and y’s ,4.125,
however, as one can see, they are all intrinsically very di↵erent. [1]

Other metrics such correlation, that consists of an analysis of a linear relation
between two di↵erent variables, or auto-correlation, that is an analysis between obser-
vations within a variable time-line, can outline trends or seasonal recurrence. Indeed,
the purpose of this metric will compute the correlation between a variable’s record
and a delayed copy of itself. Tuning the delay allows the recognition of di↵erent types
of time series: random, short-term, alternating, non-stationary (trends) or seasonal
fluctuations time series. All these tests and methods will be use on the data to gain
information about it.
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2.2 Models Neural Networks

2.2 Models

The next section describes the theoretical models used to deal with the time series
prediction linked to the research question. Many models already exist to tackle this
important problem. This work particularly focuses on one category, theDeep Neural
Network models. This kind of models di↵ers from the other ones (Trees, Support
Vector Machines or Multi-Layer Perceptron) for the following reasons. First, it uses
a structure of multiple layers built with units, allowing the extraction and the trans-
formation of the information from the input data. It can be used in both Supervised

Learning, regression or classification task, and Unsupervised Learning, patterns detec-
tion. Finally, thanks to the multiple levels of layers and the specificities of theirs inner
cell units, the Deep Learning models can detect and represent di↵erent levels of ab-
straction within the data features. This type of models is specially interesting because
it replicates some human capabilities that no other model is able to implement. It is
adequate to deal with specific types of input like images or sequences.

First, general concepts of (Deep) Neural Networks will be introduced such as :
what is a Neural Network? How does it work?, etc,. . . Then, we will continue with
some explanations, focusing more on the two specific models of Deep Neural Networks,
Recurrent Neural Network [RNN] and Convolutional Neural Network [CNN]. What
di↵erentiates them from the general Neural Network form ? What are their specificities
? etc,. . .

2.2.1 Neural Networks

This might be quite of a strange word for the uninitiated reader, more related to
biology then to computer sciences. This term is indeed related to biology as the
Neural Networks models, used in computer sciences, borrow many similarities from
the human brain, like the neurons itself or the connections between them.

Figure 2.4: Artificial Neural Network Structure [2]
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Structure A Neural Network is characterized by 3 types of layers : the input layer,
the hidden layer(s) and the output layer. Each layer has the same overall structure
: it is a stack of neurons, connected with all the neurons from the previous and next
layers but never with the ones from the same layer (no inner connections). As a result
of this general layout, such structures are called neural networks, mimicking our hu-
man brain. Below is a description of all three layers that one can observe on Figure 2.4.

Input : This layer is the ”front door” of the model. The data feeding the
model will be inputted through this layer. The format of input
is always a vector of numbers. Consequently, images or matrices
will require some pre-processing beforehand.

Hidden : This type of layer is truly where the model learns the represen-
tation of the data. Thanks to the layers of neurons, the model
computes and adjusts the value of all the weights interconnect-
ing the neurons together. The weights genuinely represent the
knowledge of the model. As it is the case in real life, it exists
many ways to learn and thus, many ways to build models.

Output : The outcome of the model will be produced at this Output layer.
In case of a regression model, this layer contains only one neuron,
an unique value is produced. In case of a classification, this layer
contains as many values as the target observations include labels.
Each one of the value represents the probability of the input being
part of the respective label’s class.

Brain Analogy As said before, the Neural Network models correspond to the Neu-
ral Network present in our brain. The di↵erent types of layers of the computer models
can be interpreted as the di↵erent parts of the brain : picking up the input informa-
tion thanks to the di↵erent lobes, treating information thanks to the interconnections
between the lobes and then, producing a result.

To make that possible, our brain’s primarily processing unit is called the neuron (see
on Figure 2.5a). Paying attention to its structure, one can see dendrites, a cell body,
an axon and its terminals, also called synaptic terminals [34]. Now, comparing the
biological structure to the artificial one (on Figure 2.5b), one discerns the clear cor-
respondence. The connections from the input signal to the summing function node
are interpreted as the dendrites. Then, the computation steps are done in the cell
body of the neuron (both biological and artificial), where in the artificial neuron, it
is represented by the activation function bloc. Finally, once the result needs to be
transmitted, it is passed along by the axon or another weighted edge in the artificial
brain (where there are no di↵erences between the input and output connections).

Finally, both brains maintain the connectivity between the processing cells thanks to
millions and millions of connections. In [36] and [37], they state the human brain
contains, on average, 100 billions of neurons and each neuron has approximately 7000
synaptic connections. The artificial neural network also mimics this property. Every
neuron of a layer is fully connected to all neurons of the previous layer as well as to
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(a) Biological Neuron [35] (b) Artificial Neuron [2]

Figure 2.5: Comparison of two types of neuron

all neurons of the next layer (as you can notice on Figure 2.4). The purpose of this
structure supposedly provides a better flow of the information among the network.

Activation Function After discussing the structure of the artificial network, let’s
summarize how the artificial cell works. All the input values xj, weighted by their
respective weights wkj, are linearly combined and form a new value vk (2.1), the
linear combiner output. Then, the result of the summing function will pass through
an activation function. This step regulates the amplitude of vk and the outcome
continues either to another hidden layer or to the outcome layer. Notice also that
a bias bk (positive or negative) can be added to vk, a↵ecting the net input of the
activation function (2.2). Some examples of activation functions, ⇢, are presented in
Appendix A. It includes the sigmoid , the hyperbolic tangent or the ReLu functions.

vk =
mX

j=1

wkjxj (2.1) yk = ⇢(vk + bk) (2.2)

Back-propagation Once an input has been given to the model, it produces an
output. Afterwards, the model uses this predicted target value oj = y

(L)
j , where L is

the output layer, to compute the error signal ej = dj � oj, with respect to the true
target value dj. Then, the weights are updated thanks to the generalized delta rule
below:

w
(l)
ji (t+ 1) = w

(l)
ji (t) +�w

(l)
ji (t) (2.3)

w
(l)
ji (t + 1) is the synaptic correction of the weight w

(l)
ji (t). The second term on the

left, e.g. the gradient of the weight, can be computed using the chain rule of calculus,
resulting in the equation below :

w
(l)
ji (t+ 1) = w

(l)
ji (t) + ⌘@

(l)
j y

(l�1)
i (t) (2.4)

In this formula, y(l�1)(t) is the input value of the neuron and ⌘ is the learning rate
parameter of the algorithm. It defines how important are the adjustments of the
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weights with respect to @. Speaking about @(l)
j , it represents the local gradient at the

layer level. Depending on the layer level of the back-propagation, this gradient can
be computed in two possible ways : Equation (2.5) refers to the calculus when the
back-propagation is at its early stage, the output layer L. Equation (2.6) specifies how
the local gradient is computed at a hidden level, 8l 6= L. The indices (t+1), (t), (t�1)
indicate which iterated values of the weights are used to compute the updated weight
and the (l) shows which layer the back-propagation is currently.

@
(l)
j = ej · ⇢0(vj) if l = L (2.5)

@
(l)
j = ⇢

0(v(l)j ) ·
X

k

@
(l+1)
k w

(l+1)
kj 8l 6= L (2.6)

In the formulas above, the back-propagation at the output layer is only a↵ected by the
unique value the neuron had just emitted. However, at an hidden level, the weight of
each neuron is revised by all the weights of the previous layer (in the backward order)
it is connected with. On figure 2.4, the bottom neuron of the first hidden layer will
be impacted by the weights’ values of the second hidden layer neurons it is connected
with, which means (l + 1) layer. ⇢0 is the derivative of the activation function used at
that specific layer, since each layer could have its own activation function.

An alternative formula of the back-propagation algorithm includes an additional term,
the momentum ↵. In Equation (2.7), the momentum term is a constant, control-
ling furthermore how the adjustments behave. It is particularly useful when one
wants to attenuate the oscillations of the gradient descent operated during the back-
propagation. In further chapter, we will introduce several algorithms’ implementations
corresponding to the methods mentioned here.

w
(l)
ji (t+ 1) = w

(l)
ji (t) + ⌘@

(l)
j y

(l�1)
i (t) + ↵[�w

(l)
ji (t� 1)] (2.7)

Finally, while this process of forward and backward propagation is repeated over many
iterations, it allows the model’s weights to learn the data representation and conse-
quently, to potentially make better and more accurate predictions, e.g. the model is

learning ! However, in doing so, one must monitor how the training is performing over
the iterations. With a low number of epochs, the model could under-fit the data,
meaning it did not learn enough from it and will not be able to reproduce accurate
predictions on new samples, which leads to poor performances. On the opposite end,
if the model is trained over too many epochs, it could show some over-fitting e↵ects.
This unpleasant phenomenon occurs when the model learned the data by heart and
it is enable to generalize to new observations, meaning its testing performance will
decrease dramatically compared to the training one. The number of training epochs
is therefore a important parameter to define.
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2.2.2 Recurrent Neural Networks

Recurrent Neural Networks (RNN) are based on the same principal as the ”basic”
Neural Networks. However, they contain a major di↵erence with the former network.
A RNN has a recurrent connection to itself. It is represented by a connection pointing
to itself (like a loop). A set of edges goes from the first hidden layer to itself. Like that,
the next set of input signals will be combined with past information (left on Figure
2.6). A good intuitive way to picture the recursion would be to ”unfold” the model
(right on Figure 2.6). The set of connection from the hidden layer points towards the
first hidden layer of the next iteration’s model. The hidden connection behaviour is
defined in Equation 2.8.

Figure 2.6: Recurrent Neural Network Representations

This particular structure enables a feedback transmission, iteration after iteration,
from the hidden layer to itself. It allows the network to have additional information
regarding the ”behaviour” of preceding weights. This connection from past is what
makes the Recurrent Neural Network develop some extra capabilities of recall and
recognition, mimicking some part of the human brain intelligence. This transformation
of the cells’ connection is not without cost and is provided by the ”evolution” of the
artificial neuron, called a recurrent neuron.

Recurrent Unit Besides the weights, representing knowledge, the neurons actually
need memory to integrate the past observations into their future predictions. The
recurrent unit [38], which recurrence equations are stated below, is the modified version
of the artificial neuron.

ht = g(Wxhxt +Whhht�1 + bh) (2.8)

In Equation (2.8), xt is the input signal at time t, ht�1 represents the information
memorized at time t � 1 and bh is the hidden bias vector of the current layer. The
matrices Wxh and Whh contain the weights of the respective layers. This operation
does not correspond to the summing function operation of the classical neural network,
it is happening before it and makes the particularity of the recurrent unit. Similarly
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to all linear combinations in neural network, the result is pre-processed by a hidden
activation function, g, to limit its amplitude. This summation term is then passed
to a second activation function, see Equation (2.9), where it is combine with another
weighting matrix and a possible bias. The outcome of this operation is equivalent to
the process happening in Equation (2.2).

zt = ⇢(Whzht + bz) (2.9)

Otherwise, this type of neural network works the same way as its parent network
with one notable di↵erence. Due to supplementary feedback loop, caused by the re-
current unit, the back-propagation of the errors will behave in a di↵erent manner. In a
basic neural network, each weight of each neuron is updated thanks to the propagation
of the errors. In a recurrent network, neurons are connected to neurons from a previous
layer, but they are also ”connected” to neurons of the same layer many iterations back
in time, because of the inner feedback of each layer. In that sense, the propagation
of the errors need to be applied all the way back to all neurons helping to predict the
current output. As the propagation hops, back in time, from one neuron to another,
the same set of weights, Whh, is multiplied over and over. In any case, whether the
weights are small or large, the vanishing or the exploding gradient problem arises,
respectively. To remedy to the issue, some improvements have been brought to the
recurrent unit, one of them is the Long-Short term Memory unit.

Long Short Term Memory

Solving the vanishing gradient problem [39], Long-Short Term Memory cell has been,
firstly, developed, by Hochreiter and al., through an analysis on how the error vanishes
as it gets propagated back [40]. This new type of artificial cell provides meaningful
insight about the memory’s challenges that the network faces as it is presented with
newer samples. It is one of the most popular solution to that problem [41], with an-
other type that is a closely related variant, called the Gated Recurrent Unit, that is
not addressed during this theoretical review, because it showed equivalent prior results.

On Figure 2.7 is represented the inner structure of a LSTM cell, several entry gates and
exit gates are shown, they all have a di↵erent purpose for the functioning of the cell.
On Figure 2.8, the equations applied in the schema are demonstrated. The following
explanation links the content of the two figures together. The key idea of this cell is
the cell State, represented with the letter c in Equation (2.13) or by the horizontal line
running in the top part of the cell, in Figure 2.7. Thanks to this state, the information
is safely transmitted from entry to exit. Along the way, information flowing through
this state can be updated and regulated with three di↵erent gates: the forget, the
input and the output gates, each one having a specific purpose [42].
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Forget Gate : It is the first of the three gate processing the incoming
data, xt the new input and ht�1 the information from the
previous state. For each pair of values within the (xt, ht�1)
vectors, this gate decides whether or not to keep this linear
combination, see Equation (2.10), further in the cell or to
forget it, therefore the name. The outcome of this opera-
tion is a new vector with some information kept and others
forgotten, ft.

Input Gate : This second gate acts like the one adding new informa-
tion to the current state. It is composed of two di↵erent
steps. First, with Equation (2.11), it decides which values
will be updated. Then, it computes, with a activation func-
tion g= tanh, a vector of new candidate values (Equation
(2.12)). These three intermediate results are, subsequently,
used to update the current control vector, ct in Equation
(2.13), using convolution operation between the di↵erent
terms. The control vector is, primarily, revised by the out-
come of the forget gate (first term of the equation). Next in
order, comes the update of the new value that are added to
the flow (second term).

Output Gate : Finally, the third gate decides which values of the cell state
will be sent to the next cell. As before, a linear combination
is passed through a sigmoid activation function, creating a
vector of 0 and 1, ot, controlling which values of the state
ht will be outputted for the current cell result, see Equation
(2.14). The weights transferred to the next cell’s state are,
lastly, a multiplication of the current output, ot, and a hy-
perbolic tangent transformation of the cell control’s values,
see Equation (2.15). This new state vector ht represent the
past knowledge ”advising” the future cells states.

Figure 2.7: LSTM Representation
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ft = �(Wxfxt +Whfht�1 + bf ) (2.10)

it = �(Wxixt +Whiht�1 + bi) (2.11)

gt = tanh(Wxcxt +Whcht�1 + bc) (2.12)

ct = ft � ct�1 + it � gt (2.13)

ot = �(Wxoxt +Whoht�1 + bo) (2.14)

ht = ot � tanh(ct) (2.15)

Figure 2.8: Recurrent Equations following the order in which they are used within the
LSTM cell

Brain Analogy As it is the case for Neural Networks, once a Recurrent Neural Net-
work has processed the information forward, a second propagation happens backward.
One could use the famous expression, “We learn from our mistakes”, to summarize
this process. Once again, Recurrent Neural Networks do this ”learning” process in a
similar way as, we, humans use our memory to remember past events and learn from
them.

Figure 2.9: Forward
propagation of the
input values over
several time steps.
Each color of a node
refers to the infor-
mation passed along
the di↵erent states
over time. Small bits
are kept, others are
forgotten, as said
before.

Above, the detailed process of a RNN processing four di↵erent time steps. On figure
2.9, one can visualize how the network recalls the past information. Particularly, we
can observe that not all the information from previous events is passed along. Indeed,
the network, as our brain, retains only the most influential events from the past. As
the input signals are fed to the model, each time it keeps a bit of information from
every previous state. If more steps had been drawn, one could have spotted that, at
one time, the model would have needed to decide which information would have been
forgotten or not (for example, the red cell would be replaced by a new information,
represented by a orange one). Indeed, after a while, new information are available and
they are, probably, more relevant for the more recent states, this is why the forget
process is necessary. Furthermore, as the human brain’s capabilities are limited, the
network is not able to recall every detail of every observation. Moreover, once again,
the artificial network, as the brain, only retain significant events and their outcomes
so that, when the time comes, it can detect their occurrences and produce the appro-
priate response, like linking long distance events between each others. However, as one
can see on Figure 2.9, this storage ability seems to be strongly depends on the number
of available neurons within each layer of the network. Experiments about this intrinsic
characteristic will be conducted later on during the model building phase in Chapter 4.

Then, on figure 2.10, the back-propagation occurs, not only, on the current model’s
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Figure 2.10: Back-
propagation of the er-
ror within the entire
network of neurons.
The red color panel
indicates which neu-
rons are a↵ected by
the retro-propagation.

state but on all the previous ones (with respect to the most recent state’s output).
LSTM cells were specially designed to deal with this phenomenon.

Finally, I would like to conclude about RNN’s with one last brain’s analogy. As hu-
mans, this type of model is able to both perform Recognition and Recall.

Let’s illustrate what are these two fundamental properties of our brain. Recog-

nition is the ability to associate a current situation with a previously encountered
one. Recall is the capacity to remember a fact that is not currently happening (like
remembering the name of a person you met last week). A recurrent neural network,
thanks to the previously stated characteristics, recurrent layer and LSTM neurons,
has the competence to do such ”intelligent” behaviours and thus to act like a human
brain would do [43]. Combining human-like capabilities with a computation power, no
humans can possibly possess, recurrent neural network could be really useful for the
task at work, that is, learning meteorological past event over a long period of time to
be able to forecast future events.

2.2.3 Convolutional Neural Networks

Convolutional Neural Networks (CNN) are another type of Deep Neural Networks,
most often used in Visual Recognition and Image Processing. They di↵er from the
basic neural networks by their more complex structure. This modified structure en-
ables the network to perform an automatic feature selection on data in the form of
multiple arrays [44]. Below is an example of a 2D structure (for image processing,
for instance). Applied to 1D sequence, like time-series, convolutional neural networks
keep the same layout of the network. The only di↵erence is that the convolution and
the pooling steps are done, on each variable individually, using vectors rather than
matrices to operate the convolution and the pooling processes.

Structure As you can see on the figure 2.11 above, a convolutional network con-
tains multiple successions of convolution and pooling operations. Below is a detailed
description of these two types of operations and their associated layers.
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Figure 2.11: Convolutional Neural Network Structure

Convolution : A convolution is a weighted function w, of length 2k+1, applied
to an input signal x, resulting in a new signal s. The weighting
function can be seen a fixed size window ”sliding” over the input
signal x.

s(t) = (x ⇤ w)(t) =
2kX

i=0

x(t� k + i) · w(i) (2.16)

In Machine Learning terminology, one would referrer to the argu-
ments as followed : x is the input (a 2D image or a 1D sequence),
w is a kernel and s is called a feature map [44].

This first stage acts like a filter on the data. It detects patterns
within local consecutive sequence (1D) or within the local neigh-
bourhood of a pixel (in 2D), for example. Applying di↵erent
filters allow the model to produce many feature maps and thus,
to represent the data in many di↵erent ways. Each feature map
outlines an intrinsic characteristic, e.g. a feature, of the data.
Now, a better way to visualize this action, imagine the ensemble
of feature maps as a light string, each bulb representing a map.
When a model gets a new sample, it travels down the light string.
Along each bulb, acting as a feature map, the sample sparks a
light when the map detects common features between the input
and itself. The brighter the light, the higher the resemblance.
This brighter light implies that a larger weight is passed to the
next layer.

Pooling : This next step is performed on each feature map from the previ-
ous layer. The pooling operation consists of replacing the output
at a certain location by the summary statistic of the nearby out-
puts [44]. Consequently, we try to make the dataset more robust
to small transformations of the input. In doing so, convolutional
model care more about the presence of a pattern rather than its
location in space (for 2D image) or in time (for 1D sequence).
Di↵erent types of pooling exist, like the Max (most popular),
Min or Average poolings.
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After the pooling operation, the dimensions of the input is de-
creased by a factor corresponding to the size of the pooling win-
dow. For instance, with a 1D time-series, after the convolutional
layer, the input’s dimension are 60 ⇥ 100, 60 time observations
with 100 feature maps. The pooling window size is 5, the dimen-
sions after the pooling layer are equal to 12⇥ 100.

These two types of layer can be stack up in an infinite number of possibilities with
other type of layers, as fully connected ones. Prior to that, the last layer of pooling
needs to be flatten, see 2.11, to be connected to a dense layer, as dense layer can’t
deal with 2D inputs.

At this point, the e�ciency of convolutional networks on 2D inputs (e.g. computer
vision) doesn’t need to be proven anymore. However, the characteristics, described
above, could provide interesting insights once such models are applied on time-series.
The objective is to evaluate the e�ciency of CNN’s capabilities of feature and pattern
detection, compared to RNN’s strengths, which reside on the memory capacities.

2.2.4 Convolutional Recurrent Neural Networks

Finally, a more experimental type of model would be to combine the two models pre-
viously mentioned into an unique one. Joining a convolutional and a recurrent models
into one is done by successively stacking up the key layers of each model. In that
sense, a convolutional recurrent neural network would be a structure of convolution
and pooling layers, followed by some recurrent layers (LSTM’s). The aim of such
fusion would be to associate the advantages of both models. Indeed, on paper, the
competence of memory paired with an e�cient pattern detection would be able to
detect patterns on a broader range of times. In practice, we will investigate if it is
indeed the case and if such models can methodically discover additional features.
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Chapter 3

Data Analysis

During this chapter, we will accomplish the data exploration process. Data exploration
is an essential step during every Machine Learning Project. Throughout this analysis,
we will get to know more about what constitute the dataset! What are its key char-
acteristics? Are the variables related in anyway between each others? With the help
of standart statistical tests or graphical visualizations, the examination of the data
will help us understand how the models should be e�ciently built. Including more
than two millions observations per station, the available dataset counts more than 10
Millions observations that could help achieve an accurate and consistent prediction of
the solar irradiance ratio.

3.1 Data Exploration

Stations The observations come from
five di↵erent stations located on the La

Reunion island, in the Indian Ocean.
On the map, on the right, one can see
where each station is situated on the
island, along side a table with the lat/lon
coordinates. Additional information are
present on the map, like the altitude
(above the sea level) below each station’s
marker or else, the red line dividing the
island into two parts : the western part is
the leeward side and the eastern part is
the windward side. The three western
most stations (Possession, Saint-Leu and
Saint-Pierre) are thus protected by the
high mountains from the strong trade
wind blowing from East to West [45].
This important fact might have an impact
on the future learning process of the
models. Along all chapters, a color code
is used so that the readers can easily, and
visually, identify the stations within the
results’ analysis.

Figure 3.1: La Reunion Island

Stations Latitude Longitude
Moufia 20.91731 55.476445

Saint Andre -20.962797 55.622433
Possession -20.93 55.33
Saint Leu -21.200642 55.302332
Saint Pierre -21.313922 55.451069

Table 3.1: A table outlining the 5 stations
geographical characteristics.
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Furthermore, La Reunion is located near the tropic of the Capricorn and its
weather is characterized as ”tropical”, meaning that the temperatures are relatively
high (yearly average of 18 Celsius degrees). It might be also important to bear in
mind that in the South Hemisphere, the seasons are inverted compared to the North
Hemisphere, with summer beginning in December.

These meteorological particularities will probably have an e↵ect on the model learn-
ing and prediction tasks, this is why it is decisive to pinpoint these di↵erent aspects.

Variables Each station records a set of variables every minute during day and night.
The recorded variables (all the same for each station) are the following ones:

Patm : the atmospheric pressure (in hPa).

RH : the relative humidity ratio in the air (in %)

Text : the outside temperature (in Celsius)

WD : the wind direction (in degree)

WS : the speed of the wind (in m/s)

FG : the global solar flux (in W ·m�2)

FD : the di↵use solar flux (in W ·m�2)

While the five first variables’ meaning are quite clear, the two last variables require
some explanations. The solar beams can be categorized into 3 parts: the direct, the dif-
fuse and the reflected radiations. The direct radiations are travelling in a straight line
from the sun to the earth (or the sensors). The di↵use radiation is the sunlight scat-
tered by molecules (small particles) in the atmosphere (such as clouds). The reflected
radiations are radiations that have been reflected o↵ by non-atmospheric environment
(such as ground, lakes, trees). On Figure 3.2, the three di↵erent type of radiations
are represented. Thus, FG corresponds to the global solar radiation received by the
sensor and FD is the sum of the di↵use and reflected radiations.

For the research question’s purpose, the
variable of interest is the direct solar irra-
diance ratio, kb, computed as the ratio be-
tween the direct radiation and the global
radiation metrics.

kb =
Direct Radiato

Global Radiato
=

FG � FD

FG
(3.1)

The range of values for the direct solar ra-
tio spans from 0, representing a sky cov-
ered totally by clouds, to 1, a perfect
sunny day.

Figure 3.2: Sunlight Characteristics
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As said before, these seven primarily variables were recorded each minute during
five years, from the 1st January 2013 at 00:00 to the 31st December 2017 at 23:59. For
each station, it represents 2,629,440 values by variable, or approximately 18 millions
values per station!

Descriptive Statistics

These statistics include the mean, the standard deviation, the minimum and maximum
values. This summary of coe�cients, per station and per variable, allows the user to
understand the tendency and the over all values of the data. By this mean, one
can uncover some discrepancies on some variables, like gap in the sequence or values
being completely out of range. It is important to note that all the analysis have been
conducted on the dataset used for the training, it means the full year 2017 was left
out of any analysis. The last year of the dataset is used as the model testing data.
If inferences on the structure of the model would be made based on data analysis,
including the testing year, would create some biases for the generalization of the model.
The end goal is to create a powerful model for any observations, not only for the ones
we currently possess.

Moufia
Posses-
sion

Saint
Andre

Saint
Pierre

Saint Leu

Patm mean 977.48 1014.39 993.24 1007.54 989.05
std 3.83 4.31 4.18 4.35 4.11
min 956.2 992.4 970.18 975.07 954.25
max 987.7 1025.9 1004.67 1020.12 1000.1

RH mean 64.8 59.27 69.57 61.82 64.3
std 9.77 8.98 9.01 9.02 8.62
min 21.65 24.27 27.1 17.67 27.03
max 94.9 94.0 96.3 93.8 94.7

Text mean 23.54 26.46 23.7 25.51 24.2
std 2.31 2.42 2.44 2.7 2.38
min 15.0 17.6 14.2 15.0 15.68
max 31.8 34.48 33.15 34.48 31.58

WD mean 122.07 173.97 136.86 158.16 193.08
std 85.6 121.87 71.63 77.9 87.83
min 0.0 0.0 0.0 0.0 0.0
max 360.0 360.0 360.0 360.0 360.0

WS mean 3.82 2.12 3.79 3.84 3.59
std 2.22 1.09 1.88 1.95 2.21
min 0.0 0.0 0.0 0.0 0.0
max 18.25 18.03 21.7 18.07 27.3

kb mean 0.42 0.45 0.39 0.54 0.46
std 0.36 0.34 0.34 0.35 0.34
min 0.0 0.0 0.0 0.0 0.0
max 1.0 1.0 0.94 0.94 0.94

Table 3.2: Descriptive Statistics for the five stations.
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For each station, the statistics have been conducted on the observations when the
sun was up in the sky, reducing the number of observations to 1.3 millions per variable.
Indeed, the prediction of the solar irradiance has no interests at night, when the sun is
down. Only few of the night time observations will be used, when the first solar ratio
of the day will be predicted. The following assumption is made : the early morning,
late night, samples are similar to the diurnal samples and they do not significantly
change the statistics on Table 3.2.
From the above table, the subsequent observations can be inferred :

• The average atmospheric pressures for Possession and Saint Pierre are
greater than the others. It is due to the relative closeness of the sea
level. An altitude closer to the sea level implies a higher atmospheric
pressure.

• Saint Andre’s average relative humidity seems a bit higher than the four
others. Looking at their respective densities (Figure 3.3), the distribu-
tion for Saint Andre is, indeed, shifted by 10% to the right, with a fatter
right tail, while the four other station’s distribution are equivalent, more
or less.

• Concerning the average temperature, Possession and Saint Pierre seems
to have higher temperature (by two degrees). Overall, each station has
an average temperature, above 18 oC, minima and maxima within the
same range, which confirms the tropical climate zone.

• About the wind direction and speed, the statistics are not really re-
vealing. This is why, on Figure 3.4, we can visualize better how the
wind directions are distributed throughout the five years. Recall that
Moufia (blue) and Saint Andre (green) are windward stations, they
are directly exposed to winds, normally blowing from the East (the Al-
izee), about 90 degrees from North direction. Though the distributions
are not quite identifiable, on one hand, we observe that wind is usually
blowing more from the east and the south [90 to 180 degree], for the
windward stations. On the other hand, the leeward stations experience
mostly a north to south directed wind, blowing from [315 to 45 degrees],
that is somehow, more spread out on the cardinal axis.

Figure 3.3: Bar chart of the
humidity ratio for each sta-
tion, represented by its ded-
icated color. The x � axis

represents the percentage of
humidity in the air while the
y � axis is the number of
observation with the respec-
tive value.
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Figure 3.4: Keeping the
same color legend for the
stations, this bar chart de-
scribes the number of occur-
rences, within each station,
of the direction of the wind.

Correlation

As mentioned in Section 2.1, i.e. Time Series Analysis, the correlation metric is a way
to determine the degree of likelihood of linear relation between two variables. Across
the five di↵erent stations, the original day and night variables, so to keep a continuous
sequence, have been tested on the existence of a linear relation among each others. On
Figure 3.5, a value close to zero indicates no linear relation (neutral). A value near the
extremes (-1, 1) indicates a strong linear relation, whether it is inverse proportional
or directly proportional.

Without looking at the trivial diagonal values of each correlation matrix, the first two
tables of the next page depict the correlation of the windward stations , Moufia (on
Figure 3.6a) and Saint Andre (on Figure 3.6b). It show that the correlation range
from -0.35 to 0.25, which is quite low for a linear relationship. However, the only pair
of variables demonstrating a greater linear coe�cient, for the windward station, is the
Atmospheric pressure - Exterior Temperature couple. From a physics-based point a
view, this last observation makes sense, the higher the temperature, the greater the
pressure. In closed environment, this is caused by the greater energy, thus greater
moving speed, each air molecule possesses due to the heat. Nonetheless, in an open
space, the physics rule doesn’t apply. The data indicates that the relation is inversely
proportional. In such environment, others factors such as the location and the asso-
ciated micro-climates, e.g. rain season, can disturb the natural behaviour of these
two variables. This demonstrates that our intuition cannot always be trusted and that
deeper analysis reveal interesting features.

Analyzing the relations between the leeward stations’ variables, one detects almost the
same observations; the input variables are lowly correlated between each others and
with the target variable, the solar ratio. This near-zero correlation statistics between
the input variable and target indicate it doesn’t exist a linear relation between them.
Gladly, neural networks are capable of modelling linear relations and also non-linear
relations. If non-linear relations exist within the present dataset, the studied models
have the capacities to detect them and create models to tackle the relation-finding
task, as seen in section 2.2.
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Figure 3.5: Scale for Correlation

Patm_Avg RH_Avg Text_Avg WD_MeanUnitVector WS_Mean KB

KB  

WS_Mean  

WD_MeanUnitVector  

Text_Avg  

RH_Avg  

Patm_Avg  

Correlation Table Moufia

1.0 ­0.3539 ­0.6493 ­0.111 0.1462 0.1495

­0.3539 1.0 0.0792 0.1016 ­0.2257 ­0.3358

­0.6493 0.0792 1.0 ­0.188 0.1295 0.0316

­0.111 0.1016 ­0.188 1.0 ­0.3983 ­0.0088

0.1462 ­0.2257 0.1295 ­0.3983 1.0 0.1632

0.1495 ­0.3358 0.0316 ­0.0088 0.1632 1.0

(a) Moufia

Patm_Avg RH_Avg Text_Avg WD_MeanUnitVector WS_Mean KB

KB  

WS_Mean  

WD_MeanUnitVector  

Text_Avg  

RH_Avg  

Patm_Avg  

Correlation Table Saint Andre

1.0 ­0.2435 ­0.6375 ­0.0091 0.2548 0.0818

­0.2435 1.0 ­0.0633 0.2162 ­0.2008 ­0.2787

­0.6375 ­0.0633 1.0 ­0.2917 ­0.0393 ­0.0004

­0.0091 0.2162 ­0.2917 1.0 0.0558 0.018

0.2548 ­0.2008 ­0.0393 0.0558 1.0 0.0554

0.0818 ­0.2787 ­0.0004 0.018 0.0554 1.0

(b) Saint André

Patm_Avg RH_Avg Text_Avg WD_MeanUnitVector WS_Mean KB

KB  

WS_Mean  

WD_MeanUnitVector  

Text_Avg  

RH_Avg  

Patm_Avg  

Correlation Table Possession

1.0 ­0.4161 ­0.6073 0.1423 ­0.1534 0.0952

­0.4161 1.0 0.0015 ­0.295 ­0.1297 ­0.21

­0.6073 0.0015 1.0 0.0966 0.3113 ­0.0018

0.1423 ­0.295 0.0966 1.0 0.0199 0.0304

­0.1534 ­0.1297 0.3113 0.0199 1.0 0.0456

0.0952 ­0.21 ­0.0018 0.0304 0.0456 1.0

(c) Possession

Patm_Avg RH_Avg Text_Avg WD_MeanUnitVector WS_Mean KB

KB  

WS_Mean  

WD_MeanUnitVector  

Text_Avg  

RH_Avg  

Patm_Avg  

Correlation Table Saint Leu

1.0 ­0.3631 ­0.6812 ­0.1347 0.0244 0.1189

­0.3631 1.0 0.1916 ­0.0488 ­0.1084 ­0.2645

­0.6812 0.1916 1.0 0.4094 ­0.1658 ­0.0017

­0.1347 ­0.0488 0.4094 1.0 ­0.0028 ­0.0003

0.0244 ­0.1084 ­0.1658 ­0.0028 1.0 0.0538

0.1189 ­0.2645 ­0.0017 ­0.0003 0.0538 1.0

(d) Saint Leu

Patm_Avg RH_Avg Text_Avg WD_MeanUnitVector WS_Mean KB

KB  

WS_Mean  

WD_MeanUnitVector  

Text_Avg  

RH_Avg  

Patm_Avg  

Correlation Table Saint Pierre

1.0 ­0.2682 ­0.6414 ­0.1295 0.0781 0.1133

­0.2682 1.0 ­0.0058 ­0.0955 ­0.1959 ­0.3239

­0.6414 ­0.0058 1.0 0.5 0.0108 0.1221

­0.1295 ­0.0955 0.5 1.0 0.0367 0.0619

0.0781 ­0.1959 0.0108 0.0367 1.0 0.169

0.1133 ­0.3239 0.1221 0.0619 0.169 1.0

(e) Saint Pierre

Figure 3.6: Correlation Tables
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Correlation Inter Station

Considering the five stations and all possible correlation pairs of the same variable
from two di↵erent stations, correlation distribution across the stations could be estab-
lished for each variable. Like for every distribution, the mean and standart deviation
are good indicators on the form of the distribution and how strong could the linear
relationship be. The results from 3 types of combinations are displayed on Table 3.3.
All stations contains the pairs of all the possible combinations. Leeward category
contains only the pairs of the combination when both stations are from the leeward
category (e.g. Possession, Saint-Leu and Saint-Pierre). The last row, Windward
contains only the distribution characteristics from the 2 windward stations combina-
tions. This will be useful when we will build the spatio models in the fourth chapter.

Category Patm Rh Text

All stations 0.991 ± 0.004 0.562 ± 0.089 0.878 ± 0.027

Leeward 0.991 ± 0.004 0.555 ± 0.073 0.878 ± 0.026

Windward 0.990 ± 0.004 0.572 ± 0.113 0.878 ± 0.030

Wind Dir. Wind Speed Kb

All stations 0.017 ± 0.191 0.228 ± 0.166 0.423 ± 0.088

Leeward 0.0290 ± 0.200 0.198 ± 0.148 0.421 ± 0.076

Windward -0.001 ± 0.187 0.274 ± 0.191 0.426 ± 0.110

Table 3.3: Correlation between sites

Naturally in light of the relative small size of the La Reunion island, the atmospheric
pressure and the temperature are highly correlated between stations. The rest of the
table shows a lot of heterogeneity among the stations. While combining the data and
using it through out classical models seems like a waste of time, in a later chapter, we
will investigate the possibilities to build a spatial model to exploit all data based on
their location in space. This could be particularly interesting noting that the variable
distributions related to the wind direction and speed di↵er once the distributions are
isolated by the wind category.

Auto-correlation

More over, one last aspect of the correlation study is the auto-correlation within vari-
ables. Figure 3.7 shows the auto-correlation among the six di↵erent variables for
Saint-Pierre station. As for the inter-station correlation, one can see that the atmo-
spheric pressure and temperature follow a natural behavior, e.g. cyclostationarity.
This process is defined as being periodic in time. Indeed, looking at the blue line on
the graph, we recognize a recurrent pattern with, approximately, a one year period,
but it doesn’t mean that value are exactly the same as the year before. It only indi-
cates they have a linear relation along the years.

Nevertheless, all variables don’t follow a cyclostationary process. Besides the atmo-
spheric pressure and the temperature, none seem to have a significant recurrence re-
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Figure 3.7: Auto-correlation

lationship. Indeed, the wind speed and direction and the solar irradiance ratio don’t
naturally follow a yearly pattern, or smaller time correlation at all, as they probably
depend on other local factors!

Conclusion Being simple but e↵ective, these descriptive statistics give us more back-
ground knowledge in order to understand the data we are using. With a bit more com-
putation, we can also discover how the data is distributed and if any trend lies in the
sequence of observations. Keeping in mind what was stated during the time-series
introduction, it is indeed beneficial to plot the data, whether it is in a line chart or a
bar chart, to figure out how the data behave during these 5 years, as on Figures 3.3
or 3.4.

Thanks to these multiple analysis, one question arises : the observations don’t show
clearly defined pattern or features over this five years period, will the Recurrent Neural
Network be as e�cient as it is assumed, when applied to other data fields ? On the
same topic, couldn’t the Convolutional Neural Networks be as competitive as the
RNN, seeing how some features, like (auto) correlation, are strongly defined among
the variables ? From this aspect, expectations on the performance of both types of
networks are equivalent !

3.2 Pre-processing

All the preliminary analysis have been done on raw dataset, which mean the data
was processed as is. However, to build a data that will, hopefully, allow the models
to perform e�ciently, the dataset needs some pre-processing tasks. Pre-processing is
another crucial step of a Machine Learning project, it defines the quality of the data
and the usefulness of the information. It is crucial as, without it, the ability of a
model to learn can be greatly a↵ected. Operations like values’ cleaning (detecting
absurd values), normalization or standardization (scaling the values within a specific
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rage) or dimensionality reduction (lowering the number of variables), to eventually
visualize the data, will be applied on the raw data to form a new dataset.

Monthly Hourly Normalization When dealing with meteorological data, we have
to take into account (strong) yearly and daily cycles in the data [46]. To do so, the
”monthly-hourly normalization” is considered and applied as followed on the dataset:

x
norm
t =

xt �mean(xm,h)

standard deviation(xm,h)
(3.2)

where xm,h is a set of data defined by xm,h = {xt| month(t) = m^ hour(t) = h}.
Applying this transformation, it resulted in a weak stationarity dataset where the
mean and standard deviation are, approximately, constant for 8t. Consequently to
this ”rule of thumb”, the RNN and CNN models could have some di�culties to detect
important pattern or, to remember events through out the years. This is why, in
further sections, it will be important to monitor how the models perform on data
that has been monthly-hourly normalized or not. A comparison between the models
trained on the two datasets, a raw one and a Monthly-Hourly normalized one, will be
conducted and checked for any notable di↵erences.

MinMax Normalization Posterior to the first normalization, which doesn’t scale
down the variables’ values within a range, the Min-Max normalization aims at chang-
ing the numeric values of the dataset to a common scale, between 0 and 1. This pre-
processing step is really important as unnormalized dataset, with di↵erent variable’s
ranges, might have longer training phase, where the gradients of the back-propagation
are really slow to converge (or even no convergence at all)[47]. More over, unnormalized
dataset could contain variables, which ranges are disproportionate compared to one
another. The resulting e↵ect would be to create unbalanced models as the variables
with larger and greater ranges could shadow the importance of variables with smaller
and lower ranges, but still conveying very important informations ! Nevertheless, one
need to be careful when applying this normalization. If a variable’s distribution can
not be roughly defined as a Normal distribution, this transformation will do more
harm than good to the behaviour of the resulting values!

Dimensionality Reduction A third pre-processing step that is the reduction of
variables dimensions could be investigated. This action, of reducing the number of
variables, has 2 main goals : firstly, to reduce the load of input data for the model,
specially when dealing with the models of interest and secondly, reducing the number of
variables up to 2 or 3 dimensions might be a good solution to visualize and/or analyze it
on graphs. Di↵erent methods exist to achieve this goal, such as Principal Component
Analysis, Factor Analysis or t-distributed Stochastic Neighbor Embedding. These
methods operate in such way that they try to keep (and/or transform) the most
meaningful variables into new variables, in regarding of criterion such as the variance
within samples or the proximity of samples. This is why considering this approach
might shed a light on possible improvement! However, after some preliminary tests,
the results weren’t as conclusive as expected. Additionally to this fact and the small
number of variables, the dataset was left untouched to continue the research.

29



3.3 Additional Variables

3.3 Additional Variables

Although the dataset already possessed very interesting variables for this five years
period, it exists many other relevant variables available and maybe, some of them
would be relevant to the research question purpose. The main di�culty would be to
find data with a 1-minute sampling ... during five years! Thus, the challenge was to
find generic meteorological data such as sunrise and sunset, or season indicator.

Season Indicator : Simply, based on the day of year, a label between 0 (for
summer) and 3 (for autumn) was assigned to each observa-
tion. Due to the location of the La Reunion island in the
South Hemisphere, the seasons are switched compared to
the North Hemisphere ! This variable will, hopefully, act
as an additional feature to help the models di↵erentiate the
observations based on the seasons.

Night Indicator : Based on python package Pysolar, allowing the extraction
of the sun position in the sky based on a localization, sunrises
and sunsets for the stations were established. In order to
simplify this step, and assuming the island was small enough
to generalize this information, one pair of (sunrise, sunset)
was defined for all five stations per day. The reference point
to do such operation is a average of the five positions, located
on the center of the island. Another assumption was that
the sun rose (or set) when it was more (or less) than 15
degrees up in the sky. This assumption enables the users to
not take into account the special topography of the island.
Thus, in some stations, even thought the sun rose (or set),
the station might not receive light (or still receive light).
However, the margin of 15 degrees was defined so that it is
rarely the case. Doing so, each observation of every station,
has been binary labeled as being part of the night or part of
the day. This simple labeling have allowed a pre-classification
of the observations into two categories and so, the deletion of
the night-time observations as they are not relevant for solar
irradiance prediction.

Daytime : This additional variable is based on the time of the day. For
each observation, the time, associated to it, was converted
into a indicator ranging from zero to one. The aim of this
variable is once again supposed to help the models to better
map the observation into the time dimension.

With only three additional variables, the dataset was increased by almost 50%.
However, the expectations of finding more relevant variables were stopped by techni-
cal challenges. For example, another variable like the aggregated Rainfall (since the
beginning of the day), could have been useful to assess the situation of the day. But
the measurements weren’t consistent enough to fit with the current available dataset,
because the sensors, recording the informations, weren’t accurate enough or they were
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o✏ine for long period of time within the five years window. Concerning the non-
meteorological variables, time related variable like the day of the year or the month of
the year could be added to the dataset, but the objective was that the models would
learn this feature on their own.

3.4 Dataset construction

Due to the models’ implementation’s specificities, the raw data cannot be directly
inputted to the model as is. The dataset needs some transformations in order to be
usable. In line with the theory, the Keras package [48] is one of the most suitable to
put Section 2.2 into practice. However, the theoretical models di↵er from the practical
ones in the way they accept the data. In the theoretical RNN, the observations, xt, are
fed to model one by one. Then, each sample is processed and the ”memory” weights,
associated to this event, are adjusted and looped to the model’s state of the next input,
see figure 2.6. For the practical model, each input sample needs to be a block of �p

time-steps, e.g. observations. �p defines the number of past observations one want
to consider for the prediction of the target, its default value is 60, corresponding to
an hour of samples. �t defines the interval between 2 predictions, it default value, for
now is �t = 1 minute. It is important to note that �p does not represent the only
knowledge to the model, the recurrent capabilities of the models intervene also.

Yet, as previously said, it is not practical for the present work purposes to predict
the solar irradiance at night! Nonetheless, nocturnal observations will be included in
some input regarding the early morning predictions. Indeed, once the sun has just
risen, the model bases its prediction yt on observations ranging from [xt��p, xt�h].
Consequently for a period of �p+ h predictions, the input data include a mix night-
time and day-time samples. After this ”bu↵er” period, the input x only contains
diurnal observations. This transformation particularity has 2 important e↵ects on the
dataset, related to the value of the sum �p + h. Firstly, the dataset size could be
reduced if this sum becomes greater than the number of samples during the first night
of the dataset, the first input could not have a constant size, introducing some imple-
mentation problems. Secondly, for some days in the dataset, exceeding this sum will
introduce some daytime values from the previous day while for some other days, it will
not. This tricky situation could mess with the values of the values at the given input
samples. This phenomenon has to do with the variable night length through out the
year and also need to be carefully planned. For now, the default value of these two
parameters are equivalent to 60 minutes each. The target value is evaluated on one
hour of data and is predicted one hour after the most recent observation in the input
dataset. It should not cause any problems. If these parameters were to increase, they
would need to be carefully monitored.

Looking more specifically at the content of each newly created sample, X contains
n variables including the target of the past values (since they are known). This gives
a great amount information about how was the weather in the last hour. Considering
that each sample in the formed dataset has p observations, the pth observation has the
time index t, last available row for this sample. Thus, this sample target is yt+h if we
want to predict the target’s value at an horizon h. A visualization representation, on
Figure 3.8, is given below to help the readers quickly understand the transformation.
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Figure 3.8: Dataset Transformation

3.5 Discussions

Knowing what are the inputs, let’s take a deeper look at the value of interest, kb,
the solar irradiance ratio variable. As mentioned earlier, the solar irradiance is a key
component in the renewable energy production industry. Determining its future values
could improve the planning and operation of the power grid producing electricity from
sunlight. In the following subsections, several aspects of the target value are studied
and analyzed, such as its distribution over time, the imbalance between the classes or
the importance of the ”one hour” horizon prediction and their possible variants.

3.5.1 Target Distribution

A first interesting way to visualize the distribution of the solar ratio consists of a cal-
endar map. For each day, the average ratio is computed thanks to all the daylight
samples within that day. It results in a calendar with 1826 days, each one of them
describing the general solar trend of the day. Looking at 3.9, a red case indicates a
cloudy day, while a green case expresses a clear sunny day. The x-axis represents the
months while the left y-axis depicts the five consecutive years and the right y-axis
indicates the weekdays.

Red cases are more often spotted for the two windward stations, that are Moufia
and Saint-Andre. The ”sunnier” station of all is clearly the leeward station Saint-
Pierre, potentially more protected by the natural cloud barrier that constitute the
volcanic mountains. But training a model on one of the three previously mentioned
stations would have a bad impact for generalization, like the cross-site performance
assessment, that is the prediction of the target on some station while the model was
trained on a di↵erent station. This is why, stations like Possession or Saint-Leu seem
more fitted for this task.
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For the two leeward stations, Possession and Saint-Leu, the rainy season occur-
ring during the first three months of the year, is clearly separated from the dry season.
For the others stations, the windward are relatively more cloudy, which could imply
more rain, and Saint-Pierre is less a↵ected by the rain. Another indicator that the
Eastern coast is more subject to cloudy weather than the Western coast, on average,
the Eastern coast of the island receive ten time more rain than the Western coast over
the course of a entire year[49].

However, keep in mind that this visualization shows the average ratio day by day.
Thus, another important aspect to consider would be the reactivity of the model to
quick weather variations, that is not shown here. Such characteristics will be assessed
during the presentation of the final results.

Related to what was said during the introduction of the section 3.1, in that specific
case, the testing year, 2017, was also plotted so to have a global overview of the target
distribution.

Figure 3.9: Scale of Kb ratio

(a) Moufia (b) Saint André
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(c) Possession (d) Saint Leu

(e) Saint Pierre

Figure 3.10: Target Distribution by Station

3.5.2 Class Imbalance

During the pre-processing section, all the night values’ target were replaced by sam-
ples from a specific distribution in order to alleviate the sensors’ imprecision during
night time. Indeed, some values were not consistent, possibly due to light pollution or
malfunctions of the sensors. However, this correction also prohibits the daytime target
to be a↵ected by the night time values. Imagine if we would not have removed the
nocturnal values, as the ratio varies senselessly across all the interval [0, 1] during this
period, the model would have been biased. Because of this bias, the predicted values
could lie unwillingly towards one extreme or the other. Such e↵ects would have had
huge consequences on the overall performance of the model as observations true distri-
bution would be completely wrong and it would lead to a important imbalance of class.

Gladly, removing the night time values and the target of the testing dataset, the
distribution of the target values seems to be, more or less, evenly balanced for the
2 opposite outcomes, for each station. Even though, for some station, the tendency
toward one end seems more pronounced, it does not appear to be significant. After a
deeper inspection of the graph, one can notice the peak surging on the left end side.
It occurs for the two windward stations, Moufia and Saint André. It isn’t surprising
as the Figures 3.10a and 3.10b show more red squares on this particular chart. The
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explanation has surely something to do with the micro-climates present on the island.

Figure 3.11: Imbalance of the target

3.5.3 Past and future knowledge

Now comes the question of the horizon period. What should be the horizon time
prediction ? Well, the perfect delay between the available data and the desired data
depends on the task one wants to optimize. Whether it is a few seconds prediction for
stability, a few minutes to a few hours prediction for resources and load management or
a next day prediction for scheduling, many possibilities exist. Concerning the research
question, we are dealing with a 60 minutes prediction horizon, to optimize the load
and storage management of the solar electricity produced. An interesting comparison
between the performance of di↵erent horizon predictions could be investigate during
this study.

The research question investigate the behaviour of prediction models based on the
last hour of available data. An interesting insight would be to vary the amount of pre-
vious observations taken into consideration. Would a larger knowledge imply a better
prediction result ? Would a smaller horizon imply a better reactivity or a larger one
a better stability ? Such experiences would have been relevant to do. However, due
to the important model’s training time and the number of model to test for the main
research question, these experiences could not be conducted successfully.
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Chapter 4

One-hour Prediction Task

This fourth chapter will actually tackle the research question, now that the data is
well understood. ”How e�ciently can a Deep Neural Network make a prediction one

hour into the future?”. To do so, the first section will briefly introduce how the models
are implemented and how did the available data was split and evaluated to respect
the Machine learning guidelines of the training and testing phases. Then, the second
section details the results of the models explained in the theoretical chapter.

4.1 Methods

As there are many di↵erent programming language to implement the theoretical model
into practical ones or many di↵erent methods available to assess these practical mod-
els, Python [50] programming language was the chosen language as it is a well-known
language in the Machine Learning field. In particular, the Keras [48] interface is a
practical front-end package using Tensorflow as a back-end to implement and run deep
neural networks models in Python.

Regarding the learning procedure, the dataset was divided in a 3-part process where
the data is divided into a training, a validation and a test set. Further details on the
dataset division will be presented in Section 4.1.2.

4.1.1 Models

Each model, whether it is a RNN or a CNN is composed of layers. Each layer can be
tuned upon di↵erent parameters like the number of ”neurons” (the type of the neuron
di↵ers within each type of model), the activation function, the connection between
the layers, etc, ... Additionally to this important tuning capacity, an infinite number
of layer’s structure can be derived in the literature and thus create a huge number
of models to test! The best way to find the best performing model would thus be to
try every possible combination of these parameters. However, as the time is limited,
the number of maximum layer was reduced to four, which seems significant enough
to create Deep Neural Networks, with thousands and thousands of weights. On the
contrary, some parameters were arbitrarily fixed, after some prior comparison tests, to
limit the models validation process. For instance, the Adam optimizer directly showed
greater odds of good performance against the RMSProp optimizer. Indeed, the first
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one is an adaptive combination of the second one and adds the Momentum technique,
which accelerates the search toward the direction of the minima, with an additional
term, as seen in the chapter two.

4.1.2 Training and test phases

For each station, the data has been collected from the 01/01/2013 to the 31/12/2017
, with a 1-minute sampling. It represents 1,232,768 samples by variable, excluding
the night time values. As stated in chapter two, a model learns when fed with data.
However, many di↵erent learning methods exist, and for this specific time series, the
selected technique used is illustrated by the figure 4.1. The five years interval is di-
vided into three years for the training set (used to train the model), one year for the
validation set (to choose the best model) and one year for the testing set (to assess
the performance on new observations), having for proportions [60%, 20%, 20%] out of
the total dataset. However, the separation was not done sequentially, i.e. from 2013
to 2015 for the train, 2016 and 2017 for the validation and test sets, respectively. In-
stead, to get rid of some kind of correlation between consecutive observations during
the training process, the training and validation parts were shu✏ed.

The ”train-val” set spans from 2013 to 2016 and the test set includes all obser-
vations from 2017. Yet, the ”train-val” set has been shu✏ed. As you can see in the
zoomed time-line on figure 4.1, all the observations have been mixed by day. Do-
ing so, the continuity of the dataset is partially ”broken”, the training-validation set,
now, contains bits of samples from four years, which gives more informations about
the dataset and enables a better performance assessment of the models during the
validation.

January 
2013

December 
2017

TestValTrain

3 years 1 year

January 
 2017

1 year

22
/4/

13

30
/1/

15

1/1
/14

11
/8/

16

25
/7/

13

Figure 4.1: Dataset Separation

An additional shu✏e has been conducted on the training set only. It blends all
the samples between them. Now, the successive training examples are not from the
same day, not even from the same hour. A sample from 9:14 can follow a sample from
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15:47. The purpose of this ”second-level” shu✏ing is that consecutive samples are not
correlated anymore. This operation is necessary as the optimizers used during this
work assume the samples are independently and identically distributed, which was not
the case before this step. Without this action, the models could have been once again
biased and led to lower results than expected [51].

4.1.3 Performance metrics

For the cost functions and performance assessment of the models, two well-known
metrics, in the Machine Learning field, were employed : the Mean Absolute Error, aka
MAE, and the Root Mean Squared Error, aka RMSE. The mean absolute error is
computed according to the Equation (4.1). It is the average, over all tested values, of
the absolute di↵erence between the true and the predicted targets.

MAE =
1

n

nX

i=1

|yi � ŷi| (4.1)

The root mean squared error score is computed with the Equation (4.2). It is the
squared root of the average squared di↵erence between the true and the predicted
values.

RMSE =

vuut 1

n

nX

i=1

(yi � ŷi)2 (4.2)

Advantages and Drawbacks So what di↵erentiate the two metrics ? First, both
metrics are non-negative, their range span from 0 to 1. However, in the present case,
the predicted target ranges from 0 to 1. Then, the metrics will operate on the same
interval. Indeed, at best, no errors occur (very unlikely) and it results in a 0% of
errors. Or, at worst, they are all really wrong and the largest error, that can happen,
is equal to 1. Squared or not, and then averaged by the number of samples, the max-
imum error will equal 1. Thanks to this, these two metrics represent the percentage
of samples with a incorrect prediction. As the metrics are non-negatively oriented
scores, the models’ performances are considered better when their respective metrics
are closer to 0.

The main di↵erence between the two metrics is that theRMSE squares each error.
Hence, large errors have a greater e↵ect on the performance and the metric is useful
when large errors are undesirable for the final prediction sequence [52]. However, using
the MAE will definitively be more robust to outliers.

4.1.4 Parallel and Cross site

Thanks to the spatial dimension of the dataset, several models’ insights can be con-
ducted on the datasets. Two di↵erent ways were experimented on during the perfor-
mance evaluation of the models. After training the model with the data from station
A, it was evaluated on the data from the same station A, called parallel-site testing.
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The second evaluation was called cross-site testing. It consisted on training the model
on station A’s data and then, to measure its performance on the data from the four
others models.

The first method assesses the performance of the model on its ”own” data, which
seems logical. The second method investigates a potential link between the stations’
data. While a model has not been trained on the same station it has been tested, it
might be interesting to understand how the model behaves, whether it is good or not.

4.2 Results

The main dataset applied to the models is the dataset containing the original and
the additional variables, summing up the count to ten input variables (including the
historical solar ratio, as it is known), which is ”Monthly-Hourly” normalized and then
”Min-Max” normalized. Throughout the di↵erent trials, the models were also tested
on the dataset containing only the original variables and/or not normalized (in any
way). If results are better for these datasets, they will be displayed.

4.2.1 Recurrent Neural Networks

Due to the structure’s complexity of the Recurrent Neural Networks and to the load
of data to process during the training, more than 10 gigabytes of data, the learn-
ing process had to be ”shorten”, otherwise it would have taken way to much time
. . . Indeed, it exists an infinite number of possible structure settings for Recurrent
Neural Networks through the di↵erent values of the following parameters : number
of normal and recurrent layers (from 1 to 750), number of neurons for each layer ,
the activation function of each layer, etc, . . . However, to reduce the training time of
each model and to test more combinations, the value of the batch size parameter
was, arbitrarily, fixed to a computationally convenient value of 64. This parameter
defines the number of samples the network processes before updating its weights with
the back-propagated errors. Here, it roughly means the network’s weights are updated
every hour. Nonetheless, it is not a final value for the batch size, as a smaller1 value
could lead to better results 2, but induces a greater training time! This e↵ect will be
investigated once a final structure has been defined for the Neural Networks.

Parallel-site The parallel models were trained on the equivalent of three years, sam-
pled randomly from January 2013 to December 2016 and validated on one year worth
of data. Each model was trained and validated on the data from the same station. Out
of the five stations, parallel tests were conducted only on three : Saint Andre, Posses-
sion, Saint Leu. This selection has two objectives : firstly, it is to gain parametrization
time and secondly, from a geographical point of view, these three stations were selected
to ensure a robust and complete analysis of the spatial dimension.

On table 4.1, we can see a complete summary of the performances. The parallel
results are highlighted with the respective colored background. Overall, Possession

1not too small either as it could lead to high variance gradient estimation during training.
2https://stats.stackexchange.com/questions/153531/what-is-batch-size-in-neural-network
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gets the best results out of the three stations. Looking back at Figure 3.10, the former
station presents the most homogeneous target distribution. In fact, the distribution be-
tween the cloudy (red) and sunny (green) day seems balanced, which does not oblige
the model to tend towards an extreme. However, whether it is for Saint-Leu, that
is slightly sunnier than cloudy, or for Saint-Andre, that is cloudier than sunny, the
trained models were a bit biased and had troubles to replicate theirs learning on the
validation set. The shu✏ing part of the data is not the concern, as the results were
averaged on two di↵erent trials (per model), using two di↵erent input datasets. The
only explanation is that some stations have better learning data than others for such
task.

On table 4.1, the last column defines the best performing model for each station
and for each rank. The station order is the same as the previous columns of the table.
On appendix B, each number present in the column is associated with the correspond-
ing network’s structure.

About the models’ structure, the models giving the best mae contain two layers
of recurrent neurons, from 150 to 600 neurons. From the other metric point of view,
the rmse, the models contain also two recurrent layers with, radically, less neurons,
from 5 to 50. However, looking at the other metrics of each structure, the results are
all really close. It will nonetheless be interesting to compare the results across the
stations to understand which structure performs the best.

Cross Site Given the three previously trained models, they were tested on the four
other stations. It is a way of analyzing a model’s behaviour on a testing set that di↵ers
from the training set. In doing so, the generalization capabilities of each model will
be determined. Once again, each station shows a top 3 ranking of models, in which
the best result is highlighted in bold.

Please note that the mae and rmse results, within a cell and across stations, don’t
come from the same model. For each specific case, the best model’s result is displayed.
For each station and for each metric, the top 3 ranking is independent. The reason
behind this presentation of results is to globally observe which models are more e�-
cient.

Surprisingly, for each model, the best mae result is obtained when testing the
model on another station’s dataset, as it is the case for testing Possession’s model on
Moufia’s testing data and Saint-Leu’s model on Saint-Pierre’s data. However, it is not
abnormal either : Saint-Leu and Saint-Pierre, besides the fact of their geographical
proximity, both are leeward stations. Despite Possession and Moufia are from two
di↵erent categories, respectively, leeward and windward, they are really close to each
other, which could imply similar input data and somehow better results, possibly due
to some over-fitting on Possession’s data. Finally, due to Saint-Andre’s particularities
(easternmost station, exposed to the wind), the respective model performs the best
on its own data cause the data di↵ers strongly from any other stations and the model
cannot find similar pattern in the tested dataset.
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Posses-
sion

Saint
Leu

Saint
Andre

Moufia
Saint
Pierre

Models

mae 0.1722 0.1921 0.1981 0.1692 0.1737 8 30 29 31 45
1

rmse 0.213 0.2374 0.2451 0.2077 0.212 44 30 44 44 29

mae 0.1726 0.1929 0.1986 0.1693 0.1743 1 16 43 39 7
2

rmse 0.2138 0.2388 0.2456 0.2078 0.2121 7 7 11 29 45

mae 0.1727 0.1931 0.1993 0.1694 0.1744 7 7 30 7 29
3

rmse 0.2142 0.2391 0.2458 0.2085 0.2123 43 16 29 7 7

mae 0.1822 0.1813 0.2123 0.1851 0.1766 0 6 0 18 14
1

rmse 0.2268 0.2242 0.2598 0.2249 0.2161 0 40 30 0 41

mae 0.1822 0.1826 0.2127 0.1856 0.1772 34 12 14 0 41
2

rmse 0.2276 0.2255 0.2604 0.2264 0.2166 7 43 14 32 14

mae 0.1822 0.1827 0.2129 0.1873 0.1774 14 40 30 23 23
3

rmse 0.228 0.2255 0.2609 0.2271 0.2168 14 6 6 18 13

mae 0.1905 0.2147 0.1895 0.196 0.2022 0 6 0 18 14
1

rmse 0.2318 0.2615 0.2327 0.2345 0.243 0 40 30 0 41

mae 0.1935 0.2155 0.1897 0.1974 0.2037 34 12 14 0 41
2

rmse 0.235 0.2619 0.234 0.2358 0.2445 7 43 14 32 14

mae 0.1945 0.2165 0.1898 0.1983 0.2038 14 40 30 23 23
3

rmse 0.2364 0.262 0.2342 0.2379 0.2459 14 6 6 18 13

Table 4.1: Top 3 RNN Models

Conclusion The objective of the research question is to find a model that performs
well on its owns stations, but also on several stations, in di↵erent locations, not so
far from the base station. Given enough resources, the parallel results allow us to
determine a specific model, best suited for each station. However, a more e�cient way
would be to find a generalized model achieving as good results across all stations as
the results obtained in the parallel performances, hence the cross site results. Looking
at the best average of both metrics (mae table 4.2 and rmse table 4.2) over the five
stations, the six following models were isolated (the colored row correspond to the
color station the model was trained on) :

Based on the tables above, the best model in terms of MAE is the model 7 and in
terms of RMSE, it is model 44. They have, respectively, one layer with 27 neurons
and 2 layers with 7 and 15 neurons. Like in a championship, these intrinsic charac-
teristics made the cut for the next level, which consists of training the model with a
smaller batch size and see if they perform better.

The previously mentioned datasets were also experimented during this process.
None of the other transformed dataset were able to beat the performance of the
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Model Possession St Leu St Andre Moufia St Pierre Avg.

7 0.1727 0.1931 0.1998 0.1694 0.1743 0.1819

0 0.1827 0.1813 0.2123 0.1856 0.1774 0.1879

37 0.1902 0.2147 0.1935 0.196 0.2037 0.1996

Table 4.2: Best MAE for RNN models

Model Possession St Leu St Andre Moufia St Pierre Avg.

44 0.213 0.2401 0.2451 0.2077 0.2143 0.224

0 0.2289 0.2242 0.2617 0.2249 0.2179 0.2315

38 0.2356 0.262 0.235 0.2345 0.2468 0.2427

Table 4.3: Best RMSE for RNN models

”monthly-hourly” Min-Max normalized dataset with ten variables. The errors were
worse by 0.01 to 0.05, which in our case, represents a di↵erence.

The final structure of the model will thus have between one and two layers with
neurons ranging from 5 to 30. It shows that a smaller number of neurons per layer is
better than a larger one. We can consider that each input sample is characterized by
only a few features. If we allow the network to remember too many of theses features
(like increasing the number of neurons higher than 50 neurons), the model will not
use all of them and could even be confused by this profusion of information in this
situation. This is why this range of small number of neurons will be considered for
further experiments. This will also be the starting point of the parameters’ sets for
the spatio improved models later on in this chapter.

4.2.2 Convolutional Neural Networks

As for the Recurrent Neural Networks, the Convolutional Neural Networks have a lot
of possible parameters for each layer and each network can be composed by an infinite
number of layers. To be consistent with the previous learning section, the batch size
value is also fixed to a quantity of 64. Thereby, the training time of each model
has been reduced drastically, leaving comparison time for several type of networks’
structures.

Parallel Site Referring to the recurrent models, the CNN models seem to behave
quite like them. The performance scale for the parallel results is the same as the
recurrent ranking. More surprisingly, despite the lack of memory capabilities of the
CNN structures, the results in Table 4.4 are really close to the RNN results in Table
4.1. It indicates that, even in time-series sequences, Convolutional Neural Networks
models are capable of e�cient patterns detection, like in 2D image or 1D sequence
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classification. Moreover, this is possible cause the inner structure of the data sequence
is appropriate. Indeed, meteorological data features important events and conditions
that can be (easily) detected by the convolutional layers of the network. Once again,
the last column of the Table 4.4 contains the numbers identifying the best performing
models for each station. The reader can find a complete description of each model in
the appendix B.

Cross Site Inspecting the cross-station results, they are consistent with the analysis
done in the recurrent networks section. The results are ranked by geographical close-
ness and wind orientation category. For instance, the model trained on Saint-Leu’s
data performs better on Saint-Pierre than on Possession and finally on the windward
stations, Moufia and Saint-Andre, which is categorically logical. For the St-Andre’s
model, unlike the recurrent model, it performs better on its own data rather than on
the other ones. Over-fitting can also be one of the consequences for which the cross-
site results are better than the parallel results.

Posses-
sion

Saint
Leu

Saintt
Andre

Moufia
Saint
Pierre

Models

mae 0.1722 0.1929 0.2001 0.1698 0.1702 22 39 17 67 16
1

rmse 0.212 0.2358 0.2433 0.2081 0.2067 67 39 67 17 21

mae 0.1731 0.1939 0.2006 0.1703 0.1706 67 26 67 17 21
2

rmse 0.2124 0.2366 0.2454 0.2085 0.2075 17 51 17 51 16

mae 0.1733 0.1947 0.2008 0.1706 0.174 17 50 22 56 7
3

rmse 0.213 0.237 0.2457 0.2088 0.212 22 48 29 67 7

mae 0.1824 0.1811 0.2142 0.1873 0.1775 21 27 35 21 7
1

rmse 0.226 0.222 0.2588 0.2258 0.2157 27 42 3 7 42

mae 0.1827 0.1823 0.2159 0.1882 0.1778 27 7 3 7 3
2

rmse 0.2276 0.2221 0.2589 0.2265 0.216 21 27 42 21 3

mae 0.1845 0.1828 0.2161 0.1904 0.1798 12 21 34 29 21
3

rmse 0.2278 0.2222 0.259 0.2276 0.2166 42 7 35 3 7

mae 0.1961 0.2201 0.1914 0.1926 0.2015 21 27 35 21 7
1

rmse 0.2376 0.2658 0.2333 0.2322 0.2416 27 42 3 7 42

mae 0.1963 0.2206 0.1914 0.1941 0.2042 27 7 3 7 3
2

rmse 0.2389 0.266 0.2338 0.2334 0.2428 21 27 42 21 3

mae 0.1966 0.2222 0.1918 0.196 0.2047 12 21 34 29 21
3

rmse 0.2389 0.2675 0.234 0.2337 0.2464 42 7 35 3 7

Table 4.4: Top 3 CNN Models
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Model Possession St Leu St Andre Moufia St Pierre Avg.

67 0.1731 0.198 0.2006 0.1698 0.1746 0.1832

7 0.1823 0.1854 0.2174 0.1882 0.1775 0.1902

6 0.1966 0.2201 0.1948 0.1941 0.2015 0.2014

Table 4.5: Best MAE Models CNN

Conclusion Once again, the best average models were selected out of the mass for
the purpose of best structure identification. For each trained station, the results are
described in the tables 4.2 and 4.3. The average performances for the best CNN models
are practically identical to the best RNN ones, which show the impressive capabili-
ties of pattern detection of CNN compared to the memory abilities of the RNN. Lets
now isolate the best models’ structures for the present experiments so to shorten the
final prediction trials, they will be done with a smaller batch size. Again, the current
dataset was the best performing one among the formerly cited ones.

Model Possession St Leu St Andre Moufia St Pierre Avg.

63 0.212 0.2406 0.2433 0.2088 0.2126 0.2235

3 0.2231 0.2283 0.2588 0.2276 0.216 0.2308

6 0.2405 0.2675 0.2384 0.2337 0.2416 0.2443

Table 4.6: Best RMSE Models CNN

Over all, only four di↵erent models detach for the others : models 67, 7, 3 and
6. They all share a similar layer’s layout : two consecutive sequences of the layers
”Convolution - Convolution - MaxPooling” ended by a flatten layer and a fully con-
nected layer. The first filter parameter ranges from 5 to 30 while the second one spans
from 5 to 15. The kernel and pooling sizes are low odd number varying from 3 to 7.
The best structures go against one of the general rule of thumb in the CNN building
process that is : the deeper the layer, the larger the number of filters. But concur
with the rule of thumb stating the use of low odd kernel size parameters. Comparing
the best averaged models with the top 3 ranked ones form Table 4.4, models 67, 7 and
3, logically, appear many times while model 6 is less present. Nonetheless, the final
convolutional neural networks’ structures have been identified for the last part of the
modelling process.

A thorough comparison between the best RNN and CNN results is done in the
section 4.3.3, once the models have been processed with a smaller batch size.
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4.3 Improved methods

As we have observed during the results of both types of models, recurrent and con-
volutional neural networks, some of them perform better on di↵erent station’s data
than the ones they learned from. In a similar way, some convolutional NN performed
better than some recurrent NN, while they were learned also from the same data. To
profit from these observations, two new type of models will be investigated during
this section : a spatio-temporal neural network model, trained on multiple stations
in parallel, and a convolutional recurrent neural network using the two types of deep
learning layers.

4.3.1 Spatio-Temporal Combinations

It previously occurred for Recurrent and Convolutional models that they performed
better on data from other stations. Based on this observation, using Keras, it is pos-
sible to combined (some) models trained on di↵erent stations into a single new model,
see Figure 4.2. With the spatio model, one can decide to predict the target variable
of specific stations or all of them (like a sequence). More over, after the fusion of the
single models, one can also choose to add new layers, whether it is LSTM or Dense
ones. However, these two architectural choices will complexify the overall structure of
the model and increase the number of weights to learn, hence, the training time, that
is already consequent.

 

Possession Moufia Saint Andre Saint Leu Saint Pierre

Merge 
Process

Output : One of the 
station’s target

Figure 4.2: Spatio-temporal Model’s Structure

To speed up the architecture-training phase, the number of parameters’ sets was
reduced. The final grid of parameters to validate contains only the best performing
sets from each type of models previously tested. Eventually, five and six di↵erent sets
were defined for the RNN and CNN models, they are respectively presented in Table
4.7 and in Table 4.8. As up to four di↵erent model’s structures can be experimented
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(RNN, RNN-lstm, CNN, CNN-fully 3), two stations only were kept to do the di↵erent
trials: Possession and Saint-Leu.

RNN

For this experimental part, four di↵erent types of structures were tested (listed in
the first row of Table 4.7). They consist of a di↵erent combination of layers and/or
station data taken into consideration. Within each structure, five di↵erent sets of
hyper-parameters have been analyzed (see in the second row of the table below). To
keep a consistent analysis with the previous results, each model has a learning phase
of 10 epochs with a batch-size equals to 64, still for computational and time constrains.

Model 1 Model 2 Model 3 Model 4

Structure All Stations All Stations +
Fully Connected
layer

Only 3
stations

3 stations + Fully
Connected layer

Hyper-
parameters

Set ID LSTM 1 LSTM 2

0 5 15

1 10 30

2 15 45

3 20 60

4 25 75

The parameter Set ID indicates the number of set which will be

reproduced on the visualization figure below.

The parameter LSTM 1 defines the number of neurons the first

recurrent layer of the model has. LSTM 2 defines the number

of neuron for the second layer.

Table 4.7: Sets of RNN parameters

On Figure 4.3, a new type of visualization (somehow following the principle of ”small
multiples”) is displayed. Its aim is to represent a table containing bar-charts with
multiple key along the di↵erent axis. It exists three types of keys : the station (Saint-
Leu, Saint-Pierre, Possession) on the y-axis, the models’ structure on the x-axis and
di↵erent sets of hyper-parameters represented by the bars in the charts. This visual-
ization is experimented to provide a general overlook and a quick analysis of the results.

For the results on Figure 4.3, the models were trained on Possession’s data and val-
idated on the three leeward stations. In spite of Moufia’s results that are not present

3RNN-lstm implies a lstm layer after the merge of the models into the ”spatio” model. In the
same way, CNN-fully implies a fully connected layer between the merge and the output. In the other
case, the output value occurs right after the merge.
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Figure 4.3: Small Multiples MAE Results Representation for the Spatio-Recurrent
Models on Possession. The x-axis of each sub-figure characterizes the set ID present
in Table 4.7.

here, the models perform better when validated in the continuity of their training.
Compared to the cross results of the ”simple” RNN’s tested in Section 4.2.1, the
performances of Possession’s models on Saint-Leu and Saint-Pierre are worse. The
average MAE is around 0.25 for Saint-Leu while it is around 0.28 for Saint-Pierre.
On table 4.1, the best MAE results were around 0.192 and 0.1737 respectively for
both stations! It clearly indicates that the spatio models do not work e�ciently from
a cross performance perspective. What are the reasons of such deviation between
the 2 types of models ? One reason could be that the learning process of the target
variable has a completely di↵erent e↵ect on the weights of the ”spatio” models, due
to the additional samples, the models do not cope really well when they are asked to
evaluate the target variables coming from other stations.

Looking more specifically at the results from Possession’s validation set, we can
observe that the di↵erences between the models are all really close, like it is the case
for the previous results also. The models with the additional fully connected layer
after the ”merging” section, achieve barely worse results than the RNN model type 1
and 3. It indicates that this additional layer is not the best structure choice to obtain
better performance. However, the models without this new layer show good perfor-
mances, are over-performing the results of the ”simple” RNN from Table 4.1. Set of
parameters numbered 2 of the ”spatio” structure model 1 gets a MAE value of 0.1710
while the best RNN achieved a value of 0.1722. It is not significant but it is still a
slight improvement, for more or less the same learning time! This slight improvement
could come, first of all, from the addition of the data from other stations. Indeed, it
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can help the model to get more informations and potentially locate in space the station
relatively to the others. Although more informations doesn’t mean it is more useful
for the model, it can confuse it if the data are inconsistent or opposite, this is why
the data analysis is crucial to detect such inconsistencies. Additionally, as we have
uncovered during the data analysis section, the inter-correlation among the variables
from di↵erent stations are quite high, which means that the information of one vari-
able station is behaving in a similar way than the same variable from another station.
It can have 2 e↵ects : one would be that the model is not performing worse because
the data are similar. The other one is that the model is not performing significantly
better for the same reason that the data are comparable, reaching a paradox situation.

Sadly, these ”spatio” models only seem to obtain good predictions when validated
on the same station as the one they were trained on, which is not a advantage for
generalization. Indeed, the other bar-charts, on Figure 4.3, all indicate larger errors
than their respective results from the Recurrent Neural Network Section 4.2.1.

CNN

As for the previous section, the same model’s structure have been investigated with
six di↵erent sets of parameters on two di↵erent stations (see Table 4.8 for the exact
definition of the di↵erent sets of parameter). Indeed, the CNN models train twice
faster than the RNN ones, which allow more flexibility for the experimentation part
during the allocated time.

Model 1 Model 2 Model 3 Model 4

Structure All Stations All Stations +
Fully Connected
layer

Only 3
stations

3 stations + Fully
Connected layer

Hyper-
parameters

Set ID Filter 1 Filter 2 Kernel Pool size

0 15 5 3 3

1 15 5 5 5

2 21 7 3 3

3 21 7 5 5

4 45 15 3 3

5 45 15 5 5

The parameter Set ID has the same purpose as for the previous

table. The parameters Filter 1 and Filter 2 respectively account

for the number of filters in the first and second consecutive layer of

the network. Kernel and Pool size have the same meaning as

in section 4.2.2.

Table 4.8: Sets of CNN parameters
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The same visualization principle has been adopted for simplicity. In this particular
case, thank to the relative e�ciency of CNN’s learning, the optimization process has
been done on two station’s target sequences : Possession, see Figure 4.5 and Saint-

Leu, see Figure 4.4. For Saint-Leu’s models, clearly the models obtained the best
results on the former station, with an average best achieved by the model’s structure
4, trained on all the leeward stations with a fully connected layer after the merging
part of the model. When validated on the 2 other stations, the models performed
worse than the non-spatio models, like it is the case for the rnn spatio models. It
seems that the combination of multiple data sources and the optimization process
on another station’s target than the one tested is also too confusing for the models.
Compared over all three stations, the best model structure is the fourth one but the
best set of parameters is harder to isolate as all the results, within a model layout, are
extremely close to each others. The set 2 is the parallel-best on model 4 but not on
the cross performance. However, as any of the cross performances are better than the
ones of the non-spatio models, the set of parameters [21, 7, 3, 3] is the best one. It con-
firms the assumption that not a lot of neurons are needed for the learning process. The
models does not need a lot of filters to detect the high level representations of the data.

For Possession’s models, on Figure 4.5, the best results also occur on the parallel
results thanks to the model trained on all stations with a fully connected layer, the
same structure as for Saint-Leu’s model. However, looking closely at the di↵erent
structures, the deviations between the results are once again very di�cult to spot !
The results of model’s structure 4 are almost identical to the ones of model’s structure
2, confirming that the additional fully connected layer has a positive impact on the
convolutional network, contrarily to the negative impact that it had on the spatio re-
current network. The MAE result for this spatio CNN model is 0.1705 while the best
”simple” CNN model achieved a result of 0.1722 on the same metric. Once more, the
spatio model seems more e�cient than the normal model, thought not by a significant
margin. Seeing that the deviations are so limited between all the di↵erent sets of
parameter, the set of parameters ID 2 is a good compromise between the number of
neurons and the training complexity of the models. Although the structure seems to
be the best one, one last doubt remains on the number of stations to include in the
spatio model. As Possession is a the limit of the leeward and windward frontier, it
seems the model prefers input data from all the others stations. Here the wind cate-
gory seems less important than the exact location of the Possession that is perfectly
positioned, on the coast line, between the four others stations.

For a leeward station, the logical mindset would be to only consider the combination
of all the leeward stations. In this specific case of the structure 2 performing better
than the other ones, we could ask ourselves what would happen if an important mete-
orological event would occur and would impact the eastern coast but not the western
coast ? Would the model cope with such data ? The logical assumption would be
to only consider the station from a same wind category or space area to prevent any
undesired behaviour.

Overall, the cross results seem to be better when the models were trained on Saint-Leu

than on Possession. It indicates clearly that there is a relationship between the perfor-
mance of the models and the geographical position of the trained station. In that case,
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Figure 4.4: Small Multiples MAE Results Representation for the Spatio-
Convolutional Models on Saint-Leu. The x-axis of each sub-figure characterizes the
set ID present in Table 4.8.

Figure 4.5: Small Multiples MAE Results Representation for the Spatio-
Convolutional Models on Possession. The x-axis of each sub-figure characterizes the
set ID present in Table 4.8.
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Saint-Leu is in between the 2 other tested stations while Possession is on the extreme
side compared to Saint-Pierre. The solar irradiance consequently di↵ers when the sta-
tion are that far from each other and it can be one of the root cause of such deviations.

4.3.2 CRNN

The Convolutional Recurrent Neural Networks model should capitalize on the advan-
tages of the two previous types of Deep Learning layers, the convolutional and the
recurrent ones. On one hand, the convolutional layer will perform an advanced fea-
ture extraction of the data, which will serve as the input of the next layer. On the
other hand, the next layer will be a recurrent layer that will now operated a recursion
step on a more ”refined” type of data. Below is a table, briefly, summarizing the best
results, once again, obtained on a parallel validation process of three stations.

Possession Saint-Leu Saint-Andre

MAE 0.1738 0.1839 0.1915

RMSE 0.2136 0.2286 0.2355

Table 4.9: Best results for CRNN models

Obviously, the results are promising but not as good as the previous performances
obtained with the recurrent neural networks, remaining the best ones. The hopeful
assumption of joining the two types of layers could be erroneous or the networks have
simple not been fine tuned enough! These CRNN structures, achieving the former
results, all have two consecutive pairs of ”convolutional-pooling” layers with relatively
few neurons ( 21 for the first layer and 9 for the second one) with a kernel and pooling
size of 3. The number of neurons for the two recurrent layers are equivalent to the
values of the best performing spatio one and are equal to 10 and 30 neurons for the
first and second layers, respectively.

4.3.3 Discussions

During the training and validation processes, a batch size fixed at 64 was used through-
out all the models. Since the best models have been selected out for testing, each model
will be finally trained, with a batch size equals to 8, on the dataset composed of the
training and validation sets and then, its prediction capabilities will be tested on the
year 2017, left aside until now.

On Table 4.10, the best recurrent and convolutional networks are compared against
the best results obtained by Bruneau and al. [23], which constitute the baseline for
the present work. All models predict the solar irradiance ratio one hour after the most
recent available observation and they all base their predictions on one hour worth of
observations.
As expected, the deep learning neural networks outperform the two baseline, depict-
ing other machine learning algorithms. XGB model is a gradient boosted decision
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Possession Saint-Leu Saint-Andre

MAE RMSE MAE RMSE MAE RMSE

Arima MLP 0.214 0.283 0.243 0.315 0.255 0.332

Arima XGB 0.195 0.245 0.203 0.255 0.208 0.257

CNN 0.1728 0.1932 0.1876 0.2112 0.1939 0.2202

RNN 0.1705 0.1914 0.1826 0.2049 0.1896 0.2163

Table 4.10: Final Results & Comparison

tree algorithm while MLP model designate the basic version of neural network, the
multi-layer perceptron. With these final prediction, we see that the recurrent neural
networks obtained better results than the convolutional neural networks, though there
isn’t a huge di↵erence. On one hand, the RNN structure was a network with two
recurrent layers consisting of 7 and 15 neurons each. On the other hand, the CNN
structure is a stack of two components. Each component is a sequence of two convo-
lution layers, 21 and 7 filters each and a kernel equals to 3, followed by a maximum
pooling layer of 5 units.

In order to analyze their performances from a di↵erent perspective, let’s take a look at
the predicted sequences once plotted on the time axis. On Figure ??, some part of the
predicted sequences, zoomed on some particular days, are shown. On each sub-figure,
the blue line represented the true solar irradiance ratio, the orange line depicts the
sequence predicted by the best recurrent neural network and the green line defines
the sequence forecast by the best convolutional neural network.

At the beginning of the test set, on Figure 4.6a describing 7th of January, the CNN
predictions are a bit greater than the true ones while the RNN predictions are a bit
smaller. On the first half of the day, the predictions fit relatively well to the truthful
sequence. On the second half, the solar ratio oscillates a bit to tend towards near zero
values by the end of the day. Both models understand the general tendency and pre-
dict low values of ratio, despite some spikes of the ratio during the evening. On Figure
4.6b, the models also show that they are sensible to rapid variations on days fluctu-
ating between periods of high and low solar ratios, despite some lack of responsiveness.

After a few months deep into the test set, we can see that the pair of models both cope
e�ciently with the di↵erent weather conditions. On April 12th, Figure 4.6c, the model
forecast a good level of radiations at the beginning of the day with a slow decrease
throughout the day. The model seem insensible to the strong variations, positive or
negative surges, and keep the predictions on a general trend, it is like if they knew
what is coming! It is a really good sign for the overall purpose of the research ques-
tion that is to optimize the control of the grid and the management of the electricity
production. On Figure 4.6d, corresponding to a cloudy 15th of April, the RNN han-
dles better the behavior of the ratio while the CNN sometimes sparks at undesired

52



Discussions Improved methods 4.3

moments. In this specific case, we can observe one downside coming from the discon-
tinuity of the input samples, i.e. remember the night-time values have been removed
from the dataset. At the beginning of the day, the solar ratio fluctuates from 0 to 0.5
during 1 hour and an half. Because the model has not a lot of information on the night
conditions just before the prediction, it has troubles to correctly adjust its prediction
on the actual value. A solution to this issue would be to consider a larger �p, let’s
say 120 or 240, than the actual one equal to 60 past observations! However, it comes
at an higher computational cost because of the increasing number of weights to train. . .

Finally, more than nine months after receiving the last sample of training, e.g the
training data stopped in December 2016, both models seem to perfectly predict the
solar ratio on Figure 4.6e. In December, on Figure 4.6f, despite some inconsistencies,
the models are far from being o↵ target and they both draw a global pattern the solar
ratio is heading towards.

To resume, thanks to its tendency to predict a higher ratio on sunny days, the convo-
lutional neural network is achieving better results on these specific days. However, the
recurrent neural network is coping more e↵ectively on days with overcast, when the
solar ratio fluctuates at a quicker rate. For some days even, it seems like the average of
the two prediction would give a better prediction than taken individually, both values
having a regulatory e↵ect on one another.
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(a) 7th January 2017

(b) 15th January 2017

(c) 12th April 2017
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(d) 15th April 2017

(e) 25th September 2017

(f) 6th December 2017
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Chapter 5

Conclusion

During this research work, we introduced the rising field of Machine Learning with a
particular focus on Deep Neural Networks applied to a meteorological challenge. As
the predictions of meteorological events are, nowadays more then ever, at the core of
every society around the world, we applied Deep Learning algorithms on historical
weather data to predict a specific meteorological variable, the solar irradiance, one
hour into the future.

The objectives of the thesis were twofold. Firstly, we built deep neural networks such
as the recurrent and convolutional neural networks to predict the solar irradiance ratio
with an horizon of one hour. This operation is based on the last hour of available data
and is due to optimize the utilization and production of renewable energy generated by
photo-voltaic grid. These techniques were expected to improve, both numerically and
computationally, the current solutions such as Numerical Weather Simulations, satel-
lite imagery analysis and traditional Machine Learning algorithms like the Decision
Trees or the Multi Layer Perceptron neural networks. Secondly, holding datasets from
5 di↵erent locations on La Reunion island, we wanted to find clever ways to improve
the deep learning models combining the temporal and the spatial dimensions of the
data.

The models and results obtained with the validation procedure met our expecta-
tions. We were able to reduce the MAE errors by 3 to 4% while greatly improving
the RMSE results up to 10% for some stations, reducing the gap between the pre-
dicted and truthful values of solar ratio. Without any particular transformations of
the data, the Recurrent Neural Network was able to concretely replicate the human
brain capabilities of Recall and Recognition , demonstrated by the adaptability to
react to the changing meteorological conditions. Thanks to massive amounts of his-
torical data, the model is able to detect and remember the important features from
past events and to reflect the behavior of future events to correctly forecast the solar
irradiance with the required intensity. The predictions are done at one minute inter-
val as soon as new sample are easily recorded using ground based instruments. The
Convolutional Neural Network uses the same data in a di↵erent way. There are no
feedback connections within the neurons but they are made more e�cient using ad-
vanced pattern detection techniques enabling features within the time series sequence
to be more easily identified and recognized in future observations. The final structures
of the two di↵erent types of models outperformed the baseline results using the same
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data, proving the potential such methods possess in the meteorological field.

Furthermore, some improvements like the spatio-temporal combination of the data
showed some promising advantages to join the time-series data with the spatial di-
mension of several weather locations to enhance the prediction of the solar ratio.
However, this combination of spatial locations needs to be carefully operated.
On the specific case of La Reunion island, the data were consistent between the sta-
tions and could be ”blended” together, but the combination could surely be improved,
tuning a bit more how theses models are built! In other parts of the world and at
larger scale, this operation would require deeper analysis on a case by case basis for
the collection of available data, leading in some situations to an incompatibility if the
chosen stations are too singular!

Eventually, the same observation can be made for the general structure of the Deep
Neural Networks. The final structures of the models in this situation can not be di-
rectly translated to other location in the world and used as is. In the present work,
we showed that the concept of Deep Neural Networks could also be applied in the
meteorological field as it is e�ciently applied in the natural language processing field
or in the image processing world. However, adjustments would need to be carefully
considered for each specific dataset.

Throughout this work, we demonstrated that deep learning neural network could be
highly e�cient and accurate, within a reasonable amount of training time considering
the volume of data and given the appropriate computation equipment, for the predic-
tion of such volatile target variable that is the solar irradiance ratio. These methods
are consequently convenient solutions to meet the requirements of the technical prob-
lems societies, around the world, are facing in matter to achieve more profitable and
cleaner usage of the renewable energies.

Perspective and Future Works

The present work is the result of many ideas and concepts learned over the past two
years. However, some experiments, despite their high potentials, were drafted but
they haven’t been fully developed and studied. Here are some future work leads.

In particular, facing this quantity of data, Online Training could be a proper solu-
tion for a dynamic model. Indeed, as meteorological events are not fixed in time, it
would be a good idea to continuously train the models with newly recorded data as
the model advances in time. This could lead to more precise predictions thanks to
events recently learned. A scale between a week and a month of new data seems to be
a good start to consider the repeated training.

Additionally, the meteorological scientific field is vast. The models of the research were
trained with up to ten variables. However, given the proper resources, complemen-
tary variables could be sampled and added to the dataset. For example, the current
visibility, the dew point or precipitation accumulation could have a significant impact
on the prediction of the irradiance ratio as they could be good indicators on the quality
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of the day to come. The Deep Neural Networks can also be augmented by static infor-
mation relative to the geographical and topological characteristics of the research area.

Finally, the horizon of prediction could be another important parameter of the system.
In our specific case, we dealt with an horizon of one hour. However, greater horizons
could be studied. Naturally, with di↵erent horizons, one could wonder if the perfor-
mances would increase or decrease. Alongside this technical aspect, the practical one
implies a di↵erent usage of the prediction. With a prediction of half a day or up to 24
hours, we could use the prediction in a totally di↵erent way, planning the production
of energy at a larger scale for example.

Personal Achievements

This work is by far the biggest one I had to perform during my studies and it taught
me a lot of useful outcomes. Throughout this thesis, I had the possibility to apply
many things I learned during my degree. It proved me that a careful planning, an
imaginative and critical thinking and a scientific rigor are key components to carry
out such work.

We are still living in a world where the algorithms and the data scientist engineer
need to work in unison to achieve good results. The algorithms would definitively not
perform as well as they could if they were given raw data. The prior human analysis
is essential for the completeness of the project. On the same note, the human could
not process as many data as the algorithms do. This is why the combination of the
two ”brains” is such a perfect fit and that two heads are better than one.

On top of that, this work truly shows a decisive quality every data scientist should
have, the adaptability to the data domain. As an engineer, I did not follow physics
studies to become a meteorologist. Anyway, I was able to extensively analyze the data,
which is an important part of the work and in line with the analysis results, I built
models to correctly predict the solar irradiance variable. It shows that an intrinsic
knowledge of the research field is not a necessary condition to deal with such prob-
lems. However, another part of the engineer work is also to get acquainted with the
research area. The methodology and models used throughout this work could easily
be translated to di↵erent activity fields. In financial engineering, predictions of eco-
nomical and stock market variables are often based on historical data. In the medical
domain, the vital data of a patient could be analyzed in real time by Deep Learning
algorithms to prevent strokes or any other life-threatening complications. These are
only two examples of many more where Recurrent and Convolutional Neural Networks
could be successfully applied.

At last, I strongly believe in the capabilities of Deep Learning algorithms associated
with large and rich datasets to accomplish future prowess. A sure thing is that many
solutions involving Machine Learning techniques will continue to pop up in all the sci-
entific engineering fields, leading the world towards a cleaner and safer environment.
There are a lot of chances, the meteorological technologies will take part in it.
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Appendix A

Activation Functions

An activation function is used to map the output of the summing function between
values such as 0 and 1 or -1 and 1. As mentioned in Chapter 2, many di↵erent functions
exist to achieve such results, some are presented below. All three functions below are
monotonic. They all have a continuous derivative function.

A.1 Sigmoid Function

The equation of the sigmoid is the follow-
ing one :

sigmoid(x) =
1

1 · e�x
(A.1)

As one can see, the output will be mapped
between 0 and 1, which make this function
useful for ratios or probability prediction.

A.2 Hyperbolic Tangent Function

The tanh function is somehow an im-
proved version of the sigmoid function as
it maps the input on a range between �1
and 1.

tanh(x) =
e
2x � 1

e2x + 1
(A.2)

The improvement comes from the fact that
the negative inputs will be mapped to neg-
ative output, which was not the case for
the sigmoid function.
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A.3 Rectified Linear Unit Function

The ReLu function is another widely used
activation function and its behaviour is
ruled by the subsequent equation.

ReLu(x) = max0, x (A.3)

Unlike the 2 previous functions, the func-
tion is not ”S-shaped”. It maps any nega-
tive values to 0 and keep the positive val-
ues as is. It is more of the time used in
CNN.
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Models Structure

On the tables below, one can find the structure of the models mentioned in Table 4.1
and 4.4. The di↵erent letters correspond to the following layer types:

• Lx : Long Short Term Memory layer where x corresponds to the number of
neurons.

• Ox : Dropout layer randomly setting a fraction rate of x% of input units to 0 at
each update during training time, which helps prevent over-fitting.

• Dx : Fully Connected layer where x defines the number of neurons in the layer.

• Cx,y : Convolutional layer where x is the number of filters and y is the kernel
size of each filter.

• Px : Maximum Pooling layer where x is the pooling size.

• Fx : Flatten layer without any hyper-parameters.
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B.1 Recurrent Neural Networks

Model
ID

Model Structure
Model
ID

Model Structure

0 L300 O20 L600 O20 D1 23 L150 O20 L300 O20 D1

1 L55 O20 L27 O20 D1 24 L225 O20 L450 O20 D10 D1

2 L95 O20 L47 O20 D10 D1 25 L600 O20 L300 O20 D10 D1

3 L75 O20 L150 O20 D1 26 L55 O20 L27 O20 D10 D1

4 L750 O20 L375 O20 D10 D1 27 L750 O20 L375 O20 D1

5 L75 O20 L150 O20 D10 D1 28 L27 O20 L55 O20 D10 D1

6 L75 O20 D1 29 L55 O20 D1

7 L27 O20 D1 30 L47 O20 D1

8 L300 O20 L150 O20 D1 31 L95 O20 D1

9 L375 O20 L750 O20 D1 32 L15 O20 D1

10 L600 O20 L300 O20 D1 33 L150 O20 L300 O20 D10 D1

11 L7 O20 L15 O20 D10 D1 34 L450 O20 L225 O20 D10 D1

12 L225 O20 L450 O20 D1 35 L375 O20 L750 O20 D10 D1

13 L300 O20 D1 36 L375 O20 D1

14 L225 O20 D1 37 L47 O20 L95 O20 D1

15 L15 O20 L7 O20 D10 D1 38 L7 O20 D1

16 L47 O20 L95 O20 D10 D1 39 L750 O20 D1

17 L150 O20 L75 O20 D10 D1 40 L95 O20 L47 O20 D1

18 L450 O20 L225 O20 D1 41 L450 O20 D1

19 L300 O20 L150 O20 D10 D1 42 L150 O20 D1

20 L600 O20 D1 43 L15 O20 L7 O20 D1

21 L150 O20 L75 O20 D1 44 L7 O20 L15 O20 D1

22 L300 O20 L600 O20 D10 D1 45 L27 O20 L55 O20 D1

Table B.1: Structure of the RNN models
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B.2 Convolutional Neural Networks

Model
ID

Model Structure

0 C 91 7 C 45 7 P 5 C 91 7 C 45 7 P 5 F D 1

1 C 183 7 C 93 7 P 3 C 183 7 C 93 7 P 3 F D 1

2 C 15 5 C 9 5 P 3 C 15 5 C 9 5 P 3 F D 1

3 C 45 3 C 15 3 P 5 F D 1

4 C 3 3 C 5 3 P 3 C 3 3 C 5 3 P 3 F D 1

5 C 93 5 P 3 C 93 5 P 3 F D 1

6 C 3 5 C 5 5 P 3 C 3 5 C 5 5 P 3 F D 1

7 C 15 5 C 9 5 P 3 F D 1

8 C 5 3 C 3 3 P 3 F D 1

9 C 93 5 C 45 5 P 3 C 93 5 C 45 5 P 3 F D 1

10 C 7 3 C 3 3 P 5 F D 1

11 C 31 5 C 15 5 P 3 C 31 5 C 15 5 P 3 F D 1

12 C 31 5 P 3 C 31 5 P 3 F D 1

13 C 61 7 P 3 C 61 7 P 3 F D 1

14 C 31 7 P 3 C 31 7 P 3 F D 1

15 C 15 3 P 3 C 15 3 P 3 F D 1

16 C 21 3 C 9 3 P 5 C 21 3 C 9 3 P 5 F D 1

17 C 15 5 P 3 C 15 5 P 3 F D 1

18 C 15 5 C 31 5 P 3 C 15 5 C 31 5 P 3 F D 1

19 C 61 7 C 31 7 P 3 C 61 7 C 31 7 P 3 F D 1

20 C 279 7 P 5 C 279 7 P 5 F D 1

21 C 15 3 C 5 3 P 5 C 15 3 C 5 3 P 5 F D 1

22 C 15 3 C 7 3 P 5 C 15 3 C 7 3 P 5 F D 1

23 C 31 7 C 93 7 P 5 C 31 7 C 93 7 P 5 F D 1

24 C 5 3 C 15 3 P 5 C 5 3 C 15 3 P 5 F D 1

25 C 93 7 C 31 7 P 5 C 93 7 C 31 7 P 5 F D 1

26 C 3 5 C 7 5 P 5 C 3 5 C 7 5 P 5 F D 1

27 C 7 3 C 15 3 P 5 C 7 3 C 15 3 P 5 F D 1

28 C 5 3 C 3 3 P 3 C 5 3 C 3 3 P 3 F D 1

29 C 15 3 C 5 3 P 5 F D 1

Table B.2: Structure of the CNN models : Part 1
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Model
ID

Model Structure

30 C 3 3 P 5 C 3 3 P 5 F D 1

31 C 45 3 C 21 3 P 5 F D 1

32 C 7 3 C 3 3 P 5 C 7 3 C 3 3 P 5 F D 1

33 C 7 3 P 5 C 7 3 P 5 F D 1

34 C 21 5 C 9 5 P 5 F D 1

35 C 3 3 P 3 C 3 3 P 3 F D 1

36 C 5 5 C 3 5 P 3 C 5 5 C 3 5 P 3 F D 1

37 C 3 3 C 7 3 P 5 C 3 3 C 7 3 P 5 F D 1

38 C 7 5 C 3 5 P 5 C 7 5 C 3 5 P 5 F D 1

39 C 15 3 C 9 3 P 3 C 15 3 C 9 3 P 3 F D 1

40 C 7 5 P 5 C 7 5 P 5 F D 1

41 C 3 5 P 3 C 3 5 P 3 F D 1

42 C 31 5 C 15 5 P 3 F D 1

43 C 3 5 P 5 C 3 5 P 5 F D 1

44 C 21 5 C 9 5 P 5 C 21 5 C 9 5 P 5 F D 1

45 C 61 7 C 31 7 P 3 F D 1

46 C 183 7 C 93 7 P 3 F D 1

47 C 279 7 C 93 7 P 5 C 279 7 C 93 7 P 5 F D 1

48 C 15 3 C 7 3 P 5 F D 1

49 C 45 7 C 91 7 P 5 C 45 7 C 91 7 P 5 F D 1

50 C 45 3 C 15 3 P 5 C 45 3 C 15 3 P 5 F D 1

51 C 21 3 C 9 3 P 5 F D 1

52 C 45 7 P 5 C 45 7 P 5 F D 1

53 C 31 7 C 61 7 P 3 C 31 7 C 61 7 P 3 F D 1

54 C 45 3 P 5 C 45 3 P 5 F D 1

55 C 15 3 P 5 C 15 3 P 5 F D 1

56 C 31 7 P 5 C 31 7 P 5 F D 1

57 C 45 3 C 21 3 P 5 C 45 3 C 21 3 P 5 F D 1

58 C 91 7 P 5 C 91 7 P 5 F D 1

59 C 93 7 P 5 C 93 7 P 5 F D 1

60 C 273 7 C 135 7 P 5 C 273 7 C 135 7 P 5 F D 1

Table B.3: Structure of the CNN models : Part 2
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Model
ID

Model Structure

60 C 273 7 C 135 7 P 5 C 273 7 C 135 7 P 5 F D 1

61 C 21 3 P 5 C 21 3 P 5 F D 1

62 C 21 5 P 5 C 21 5 P 5 F D 1

63 C 91 7 C 45 7 P 5 F D 1

64 C 5 3 P 3 C 5 3 P 3 F D 1

65 C 93 5 C 45 5 P 3 F D 1

66 C 5 3 P 5 C 5 3 P 5 F D 1

67 C 15 3 C 9 3 P 3 F D 1

68 C 93 7 C 31 7 P 5 F D 1

69 C 273 7 P 5 C 273 7 P 5 F D 1

70 C 7 5 C 3 5 P 5 F D 1

71 C 5 5 C 3 5 P 3 F D 1

72 C 5 5 P 3 C 5 5 P 3 F D 1

73 C 183 7 P 3 C 183 7 P 3 F D 1

Table B.4: Structure of the CNN models : Part 3
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