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Abstract

Being agriculture an essential activity sector for the survival and prosperity of hu-
manity, it is fundamental to use sustainable technologies in this field. With this
in mind, statistical data is analyzed regarding the food price rise and sustainable
development indicators. It is determined that one of the main factors that influ-
ences agriculture’s success is the soil’s characteristics, namely in terms of moisture
and nutrients. In this regard, irrigation processes have become indispensable, and
their technological management brings countless economic advantages. Like other
branches of agriculture, the wine sector needs an adequate concentration of nutrients
and moisture in the soil to provide the most efficient results. Given these facts, the
use of renewable energies is an important aspect of this study, which also synthe-
sizes the main irrigation methods and examines the importance of evaluating the
evapotranspiration of crops. Furthermore, the control of irrigation processes and the
implementation of resource management models are of utmost importance to allow
maximum efficiency and sustainability in this field.

However, there is a lack of a resource management model that maximizes pro-
duction efficiency with the largest number of compatible technologies. Therefore,
a modular intelligent system is developed, which utilizes data obtained from multi-
ple sources, such as weather conditions, renewable energy and electricity markets.
Divided into four key modules, the first module embraces data diversity as an im-
portant factor, so the system can adapt to multiple inputs and user definitions. The
second module is responsible for determining vineyard water losses through evap-
otranspiration, and the third one calculates the water requirements for irrigation
purposes. The last module uses a supervised machine learning algorithm to achieve
optimal energy consumption information. To validate and analyse the model per-
formance, multiple results are provided, considering various realistic scenarios. By
adapting the system to a specific vineyard, vital data is acquired and farms can
make informed decisions, specially regarding energy and water resources. With a
good design and positive results, the system enables a boost in the environmental

sustainability of the wine sector operations and enhances productivity of vineyards.

Keywords: data processing, evapotranspiration, renewable energies, resource opti-

mization, smart irrigation, sustainable agriculture, vineyard management.
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Resumo

Sendo a agricultura um setor de atividade essencial para a sobrevivéncia e prospe-
ridade da humanidade, é fundamental a utilizacdo de tecnologias sustentaveis neste
campo. Neste sentido, sdo analisados dados estatisticos sobre o aumento do preco
dos alimentos e indicadores de desenvolvimento sustentavel. Verifica-se que um dos
fatores que influencia o sucesso da agricultura sdo as carateristicas do solo, nomea-
damente em termos de humidade e nutrientes. Neste sentido, os processos de rega
tornaram-se indispensaveis, e a sua gestao tecnoldgica traz iniimeras vantagens eco-
némicas. Tal como outros ramos da agricultura, o sector vitivinicola precisa de uma
concentracao adequada de nutrientes e humidade no solo para obter resultados mais
eficientes. Perante estes factos, a utilizagdo de energias renovaveis é um aspeto im-
portante deste estudo, que também sintetiza os principais métodos de rega e analisa
a importancia da evapotranspiracdo das plantacoes. Além disso, o controlo dos pro-
cessos de rega e a implementacdo de modelos de gestao de recursos sdo de extrema
importancia para permitir a maxima eficiéncia e sustentabilidade neste campo.

No entanto, ndo existe um modelo de gestao de recursos que maximize a eficiéncia
da producdo com o maior nimero de tecnologias compativeis. Assim, é desenvol-
vido um sistema modular inteligente, que utiliza dados de multiplas fontes, tais como
condi¢bes meteorologicas, energias renovaveis e mercados de eletricidade. Dividido
em quatro moédulos, o primeiro considera a diversidade de dados como um fator
importante, para que o sistema se possa adaptar a multiplas entradas e definigoes.
O segundo moédulo ¢é responsavel por determinar as perdas de 4gua da vinha através
da evapotranspiragdo, e o terceiro calcula as necessidades de dgua para efeitos de
rega. O ultimo médulo utiliza um algoritmo supervisionado para obter informa-
¢Oes 6timas sobre o consumo de energia. Para validar e analisar o desempenho do
modelo, sdo fornecidos varios resultados, considerando varios cendrios realistas. Ao
adaptar o sistema a uma vinha especifica, s@o obtidos dados vitais que permitem
tomar decisGes informadas, especialmente no que respeita aos recursos energéticos e
hidricos. Com um bom design e resultados positivos, o sistema permite um aumento

da sustentabilidade do setor vitivinicola e melhora a produtividade das vinhas.

Palavras-Chave: agricultura sustentavel, energias renovaveis, evapotranspiracao,

gestao de vinhas, otimizac¢ao de recursos, processamento de dados, rega inteligente.
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Chapter 1

Introduction

Developed as part of the Thesis/Dissertation Curricular Unit of Master in Electrical
and Computer Engineering (MEEC) at Instituto Superior de Engenharia do Porto
— Polytechnic Engineering Institute of Porto (ISEP), this document covers all the
research and work carried out in the field of this project. This chapter provides
a brief motivation for the topic under study, explains all the objectives and tasks

carried out, and clarifies the structure of the dissertation.

1.1 Motivation

Agriculture has always been one of the most important sectors of activity for the
survival and prosperity of humanity, becoming one of the main pillars of support
for any country. As a field that is constantly evolving, there are various methods
and techniques from the primordial times, which end up improving and making this
whole activity more efficient [1]. Nowadays, the importance of agricultural resources
is becoming increasingly evident, and a considerable impact on this sector triggers
a whole negative reaction on a global socio-economic level. However, most of the
population mistakenly takes it for granted or does not think about the entire process
required to put a product from agriculture on the market [2, 3].

In addition to the human losses and destruction caused by Russia’s invasion of
Ukraine, also known as the “breadbasket of Europe”, several adversities and chal-
lenges have complicated the supply of energy and food. These difficulties have ended

up further accentuating the vulnerabilities of economic sectors already weakened due
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to climate change and the COVID-19 pandemic, and one of the sectors that suffered
the most was agriculture [4, 5]. This impact is visible in the graph in Figure 1.1
provided by the Food and Agriculture Organization (FAO), which shows that the
FAO Food Price Index (FFPI) has seen a significant increase [6].

170
160
150
140
130
120
110

FFPI

Figure 1.1: FFPI statistical graph from 2019 to 2023, adapted from
[6].

Therefore, it is increasingly important to develop systems that make it possible
to intensify what is sustainable agriculture to optimize the efficient usage of available
resources, in terms of the use of arable land, water, and energy resources [7, 8|.

Agriculture turns out to be one of the most intensive activities in terms of land
use, with a large percentage of habitable land being used for the production of crops,
a figure that continues to increase exponentially over the years [9]. Unfortunately, the
agriculture we practice today is destroying the planet. The use of excessive fertilizers,
herbicides, and insecticides, which end up being washed into other environments,
such as river basins, is a worrying aspect as it causes change and pollution in other
ecosystems [10].

Nowadays, the vast majority of the population recognizes that one of the major
factors influencing the success of agricultural activity is the existence of adequate
moisture and nutrient conditions in the soil. For this reason, agriculture ends up
being an activity that requires a great deal of water, and it is expected that, by
2030, this need will increase by 50% due to the constant increase in the world’s
population. As agriculture is one of the main contributors to water scarcity, it is
essential to create appropriate resource management and control systems to make
the whole process more efficient and save a valuable asset [11, 12, 13].

These facts also extend to one of the largest parts of the agricultural sector,
which is the wine industry. Mankind has been fermenting grapes into wine for
centuries, and today, wine is a consumable commodity worldwide. Despite its global
popularity, wine production is a fairly exclusive industry, and not all land offers the
ideal soil and atmospheric conditions for this activity [14]. In Portugal, a large part
of the agricultural plantations are vineyards, making it the 10th country with the

highest wine production and 2nd in consumption per capita worldwide [15]. To



1.2. Objectives 3

maintain this sector as a major contributor to the growth of the national economy,
the efficiency of the entire process leading to wine production is of utmost importance
[16].

Like other agricultural sectors, the wine sector requires an adequate concentra-
tion of nutrients and moisture in the soil [17]. For this reason, the development of
systems that allow greater efficiency in this activity’s practice is crucial, especially

in terms of the irrigation processes that are indispensable for its success [18, 19].

1.2 Objectives

With these considerations in mind, this work aims to study solutions and alterna-
tives that will make the entire irrigation system more effective, particularly in the
automatic management of resources that will optimize production efficiency in the
wine sector.

Given the complexity of the tasks arising, there is a need to dismantle this main

objective, obtaining more specific tasks, namely:
o Analysis of the resources needed for successful agricultural activity;
e Study of the most commonly used irrigation methods and their relevance;
o Analysis of existing concepts that make irrigation processes more efficient;
o Identification of effective sensors, actuators, and controllers for these solutions;

e Development of an intelligent optimization model that enables an efficient

management of available resources;
e Simulation of real world scenarios to validate the model;
o Critical analysis and discussion of the results obtained.

In a first instance, these specific tasks contribute to the definition and design
of the solution, by analysing what are the most important resources for successful
agricultural activity, specially in the wine sector. The study of irrigation processes,
and how to make them more efficient, is also an indispensable part of the study,
since their adaptation to cutting edge technology such as sensors, actuators, and
controllers, brings numerous advantages. Concepts like renewable energies, evap-
otranspiration and resource efficiency, are key points for the development of the
intelligent optimization model proposed, and their study helps defining the problem
and establishing the solution. The critical analysis of the results obtained through
multiple simulations, alongside the carried out study, contributes to the advance-
ment in the area and the identification of new promising paths based on the progress

made in this work.
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1.3 Organization of the Dissertation

Following this introductory chapter, Chapter 2 approaches the literature review of
the dissertation theme by firstly contextualizing it in Section 2.1. The chapter also
explores the importance of renewable energy sources in agriculture in Section 2.2,
and provides information about the irrigation methods most frequently used in Sec-
tion 2.3. More technically in-depth, Section 2.4 briefly introduces the importance
of evapotranspiration in agriculture and Section 2.5 exposes a study regarding some
methods to control the irrigation processes. To conclude the literature review, Sec-
tion 2.6 analyzes existing optimization and resource management models.

Following the literature review, Chapter 3 addresses the methodology imple-
mented in the intelligent optimization model, by explaining the core tenets behind
the algorithms developed, with Section 3.1 explaining the architecture of the sys-
tem. Further detailing of every module of the system is explained, with Section 3.2
and 3.3 exposing how the data processing and specific parameter estimations were
carried out. To conclude this chapter, Sections 3.4 and 3.5 clarify the final irriga-
tion and energy models that provide the desirable outputs. As a validation of the
optimization model, the achieved results are presented and discussed in Chapter 4,
highlighting the main parameters and explaining their importance to the outputs of
the system, in parallel with the methodology.

As a conclusion, Chapter 5 summarizes the entire research of this dissertation
and exposes the conclusions and contributions drawn from this project, as well as

the concepts learned and technical skills implemented.



Chapter 2

Literature Review

In order to start developing a project of this size, it was necessary to study the so-
lutions already implemented in the field of sustainable irrigation. From the analysis
of system proposals to physical implementations, there are a large number of con-
siderations that must first be analyzed in order to create an efficient optimization
model for the management of resources in the wine sector. The following study was
published in a special issue of Multidisciplinary Digital Publishing Institute (MDPI)

electronics journal [20].

2.1 Contextualization

In order to start the research in this field, a brief contextualization of the problem
must be carried out. According to a statistic search in FAO Aquastat [21] and Euro-
stat [22] databases, it is evident that the indicators related to water and energy usage
in agriculture are increasing, which explains the importance of developing efficient
solutions to better manage these resources. Considering the area of implementation
of this study, it was decided to place a special focus on Portugal, comparing it with
the average values of the European Union.

In Figures 2.1a and 2.1b, one can see an increase in the total percentage of
cultivated land and water withdrawal for agricultural purposes relative to the total

water collected.
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Figure 2.1: Indicators related to land and water usage from 2016 to

2020: (a) percentage of total country area cultivated; (b) agricultural

water withdrawal as a percentage of total water withdrawal (data
sources: FAO Aquastat [21] and Eurostat [22]).

One other indicator that is also relevant to this study is the Sustainable De-
velopment Goal (SDG) 6.4.1, which tracks the cost per volume of water in cubic
meters, by a given economic activity over time. This indicator allows us to assess
how economic growth depends on water resources, considering all economic activ-
ities, focusing on agriculture, industry, and the service sector. According to the
graphic in Figure 2.2, it is clear that the indicator related to the agriculture sector
is increasing over the years. The below-average value in Portugal is not surprising,
given that there are countries like Denmark where this index is around 267 EUR /m?

or even Luxembourg where it scales exponentially to 1112 EUR/m?.

160
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140 131.83 13423 4595

100
60

40 o541 27.23 28.75 28.89 29.33
20
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1N)
o

EUR/m®
o
o

MW European Union Average M Portugal

Figure 2.2: SDG 6.4.1 indicator from 2016 to 2020 (data sources:
FAO Aquastat [21] and Eurostat [22]).

In terms of energy, the total consumption for agriculture purposes was analyzed,
and the percentage of this energy was compared to the total energy used. As seen in

Figures 2.3a and 2.3b, both of these indicators also increased during the past years.
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Contextualization
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Figure 2.3: Indicators related to energy usage from 2016 to 2022: (a)

total energy consumption for agriculture purposes; (b) percentage of

energy used in agriculture relatively to the total energy used (data
sources: FAO Aquastat [21] and Eurostat [22]).

A search in Scopus [23] using the query “renewable energy AND irrigation” until
the end of 2023 revealed a total of 1464 documents. This is a very low number
of publications considering the importance of renewable energy for efficient and
sustainable irrigation management. This gap has been identified by the scientific
community, and one can see it is being addressed by the significant increase in related
publications since around 2010, as shown in Figure 2.4. Most of these publications
— nearly 60 % — refer to journal publications, as highlighted in Figure 2.5, which
supports the relevance of the topic. The interest and contribution to the advances in
this subject are shared among multiple research and development areas, as shown by
Figure 2.6, which include energy, engineering, environmental sciences, among many
other complementary fields. The results displayed intentionally cover a broader

context considering the exploratory literature review nature of this work.

200
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Figure 2.4: Graphical evolution of document publications per year.
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Figure 2.5: Types of work published about the subject.
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Figure 2.6: Interest and contribution of this subject to the various
areas.

Despite all the current systems and solutions which, depending on the availability
and need of resources, are successful in increasing the efficiency of irrigation pro-
cesses, there are still some limitations stemming from the energy and communication
dependencies of the equipment used (sensors and actuators).

In certain cases, these limitations can be easily overcome; however, when it
comes to land dedicated to wine production characterized by its large scale and
adverse characteristics, particularly in terms of terrain accentuation, it is difficult
to guarantee that these dependencies can be easily dealt with. In addition, there is
also a growing need to make appropriate use of available water and energy resources,
which, more than ever, cannot be considered infinite or guaranteed.

One of the main difficulties with irrigation smart systems sometimes lies in the
existence of wiring to the sensors or actuators, which can be difficult to implement
or damaged by agricultural machinery. A way of overcoming this problem is by
implementing wireless-based systems that can be easily applied in any location,
with no need to install cables to communicate the data acquired by the equipment

[24]. This makes it possible to respond to the main limitation related to the size
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and adversity of the terrain, as it is possible to carry out remote communication
between the sensors and the system controller. Of course, as the objective is to
eliminate the routing of cables across the terrain, the power supply for these sensors
and communication modules also has to be provided in another way, namely through

batteries (rechargeable or not) and/or photovoltaic cells [25].

2.2 Importance of Renewable Energies in Agriculture

With the continuous technological evolution in most economic sectors, agriculture
has not escaped the constant innovation that allows the practice of the activity
more autonomously and efficiently. However, compared to conventional agricultural
activity, modern agriculture ends up requiring a greater energy demand, which very
often resorts to fossil fuels [26].

Given the continuous rise in greenhouse gas emissions and consequent climate
change, the promotion of renewable energies is increasingly important in all sectors
of activity, despite all the challenges that may be imposed [27]. As stated by the
European Green Deal, one of the main objectives of its program is to ensure zero
net emissions of greenhouse gases by 2050, transforming the European Union into a
resource-efficient economy [28].

Achieving sustainable agriculture is not an easy task, but with technological
advances, renewable energy sources are becoming increasingly accessible. The de-
creasing costs of photovoltaic modules, wind technologies, and batteries for storing
electricity are increasingly contributing to the implementation of green and sustain-
able agriculture [29].

The energy used throughout the agricultural production chain can be divided
into two main areas: primary energy or energy used directly, namely in lighting,
cooling, or heating systems and irrigation processes; and energy used indirectly,
such as in the production of fertilizers or agricultural chemicals [26]. As irrigation
is one of the most important stages in the success of agricultural activity, it is more
than essential to ensure that the energy used by irrigation systems is acquired and
used as economically and sustainably as possible.

Within the universe of renewable energies in the agricultural sector, it is impor-
tant to highlight a few examples, such as solar, wind, hydroelectric, and biomass.
Since wind and solar are the most common renewable energies used in this sector,
they will be addressed with more focus in the article, although all of them have great
potential for ensuring sustainable agriculture.

In addition to all the advantages renewable energies offer, particularly in terms
of environmental benefits, sustainability, availability, and security, they are also
characterized by their portability and ease of implementation. These turn out to be

one of the most important factors about renewable energy sources because not every
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place has direct access to an electricity grid and sometimes securing a connection
can result in a huge expense, which can make it unfeasible or even impossible [30].

The hillsides have always been the place of choice for growing quality vines, as
can be seen in the Douro vineyards in Portugal [31]. Places characterized by rockier,
less fertile soil end up producing smaller vines than regions with more fertile soil.
This is not necessarily a disadvantage, as smaller vines result in smaller grapes,
which offer a higher ratio of concentration and intensity in their extract, producing
more unique and exceptional wines. In addition, vineyards grown on slopes have
fewer problems with frost and offer natural water drainage, which prevents the land
from flooding and consequently destroying the crops [32].

However, the great disadvantage of these lands is their topographical steepness,
which immediately makes it difficult to work with agricultural machinery and ac-
cess the electricity grid due to their remote and adverse nature. With this in mind,
implementing an electrical self-production system based on renewable energies is ex-
tremely important as it guarantees access to clean, renewable energy, which reduces
production costs, taking an important step towards ensuring sustainable agriculture
(33, 34].

In addition to all the sensors, actuators, or weather stations that can be placed on
agricultural land to measure the many variables that influence irrigation processes,
one of the pieces of equipment that can have the greatest energy demand is electric
water pumps. Used to direct water from a reservoir to a specific destination, this
equipment may be necessary to guarantee the presence of water on agricultural land.

A system made up of electric water pumps powered by photovoltaic panels can
become a promising way of watering crops, creating systems often known as Solar
Powered Irrigation Systems (SPIS) [35, 36]. As an example, the use of solar-powered
electric pumps to extract water from lakes, rivers, or canals is considered a very useful
option in Bangladesh, where 35% of them are used purely for irrigation purposes
[37, 38].

In SPIS, the energy is generated by a set of photovoltaic panels that are used to
power the electric pumps responsible for extracting, lifting, or distributing the water
across the terrain [39]. Figure 2.7 shows a schematic of how this type of system is

usually implemented.



2.2. Importance of Renewable Energies in Agriculture 11

PHOTOVOLTAIC PANELS

WATER TANK
IRRIGATION
—
DC INPUT WWATER PIPE PROCESSES
SOLAR
INVERTER |[acoutput

:

.
N
N
%

WATER

PN BE [ CST N esST S esT e

Figure 2.7: Representative diagram of an example SPIS application,
adapted from [36].
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In addition to the supply of energy obtained from solar power, another type of
energy that has also had a major impact is wind power. With the constant increase
in investment in this renewable alternative, the goal set by Net Zero is that, by 2050,
around 18% of the energy used globally will be supplied by wind. With constant
growth every year, wind energy saw a record increase of 273 TWh produced in 2021
compared to the previous year, making it the largest increase among all existing
renewable energies [40, 41].

This same principle can also be applied to powering pumps in the agricultural
sectors. Instead of conventional photovoltaic panels, a wind turbine can be used to

supply energy when the wind is on site, as shown in Figure 2.8.
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Figure 2.8: Example of using a wind turbine to power electric pumps,
adapted from [26].
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This type of solution could be viable, for example, in windy steep terraced slopes
and dry schist soils, such as the Douro valleys, which are characterized by a range of
micro climates and often used for wine production. The so-called northerly winds,
which come from the north, can be intense in these regions. However, during the
growing season (typically from April to October), the winds are more moderate and
are particularly beneficial for the growth of the vines. The existing air currents
not only cool and refresh the crops but also prevent disease by ensuring good air
circulation. Of course, the extra advantage of these climates is precisely the imple-
mentation of wind energy sources that can make the most of the winds in the region
[42, 43, 44].

Once the energy supply is guaranteed, the system (both photovoltaic and wind)
can be easily integrated with a controller or autonomous model, which manages
the irrigation process according to the requirements of the crops or the availability
of resources. In addition, the structure that supplies energy can be connected to
a battery that guarantees the supply of energy to other equipment on the planta-
tion, namely sensors and actuators associated with the irrigation systems. However,
despite the increasingly promising battery developments, they remain considerably

expensive and have limited life cycles [45].
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An efficient way of avoiding this problem is by storing electrical energy in the
form of hydroelectric potential energy, where water is pumped during sunny hours
into a tank or reservoir located higher up. Through this reservoir and using the prin-
ciple of hydroelectric energy production, it is possible to implement a hydroelectric
generator made up of turbines that can supply energy in sunless hours. In addition
to supplying energy, this water can also be used to irrigate crops, thus playing a

major role in the autonomy and efficiency of irrigation processes [46].

2.3 Main Irrigation Methods

As previously mentioned, the main purpose of irrigation processes is to supply the
amount of water needed by the soil for the proper development of cultivated crops.
Despite all the variables associated with each irrigation method, they all require
adequate knowledge of soil characteristics and crop water requirements. One of the
main factors to consider when estimating a crop’s water needs is evapotranspiration,
a concept that results in the integration of the water transpired by the plant itself and
the water evaporated [47]. Although the soil itself does not have a direct influence
on evapotranspiration, it does influence the calculation of the volume of water to be
applied, as well as the actual conduction of water through the soil, which is why it
is essential to determine the best irrigation method for the plantation in question.
Within the universe of existing irrigation methods, they can be divided into three
categories: surface irrigation, sprinkler irrigation, and localized irrigation [48, 49].
Surface irrigation, where the effect of gravity is the main protagonist, is char-
acterized by the way water runs off the surface of the soil and infiltrates along its
path. Used in a large part of the world’s irrigated areas because of its simplicity,
surface irrigation is distinguished by being a low-tech method that does not need
any kind of pumping method, except to place the water on the surface of the land.
In this process, water can be applied to the surface of a plot of land in the form
of controlled flooding or waterlogging (visible, for example, in rice fields), or it can
be applied through the defluence of water through existing channels or strips which

guarantee the supply of water to the crops (Figure 2.9).

Figure 2.9: Application of surface irrigation via channels [49].
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On the other hand, a more complex system is sprinkler irrigation, where the
water is projected onto the crops in the form of rain. Unlike surface irrigation,
this method already requires water to be conveyed by pressure along a network
of pipes, which requires the implementation of a pumping system with consequent
energy consumption. Essentially, sprinkler irrigation systems can be characterized
as stationary, where the sprinklers remain in a fixed position, or mobile, where
the sprinklers are mounted on moving platforms, as illustrated in Figure 2.10, also

known as pivot irrigation.

Figure 2.10: Example of an irrigation pivot in a plantation [50].

Despite the advantages that the previously mentioned methods can bring to the
most varied types of crops, particularly in terms of practicality or ease of installa-
tion and execution, the irrigation method most used in the wine sector is localized
irrigation, also known as micro-watering or drip irrigation.

In this irrigation technique, water is directly applied only to the areas of the
soil where plant roots develop and is dispersed slowly and evenly. For this reason,
localized irrigation immediately presents a higher efficiency due to the amount of
water used to satisfy all crops on a given plantation. This is particularly efficient
due to the reduction in water losses as a result of evaporation, which often occurs
in previous methods and ends up causing excessive irrigation.

Within the universe of localized irrigation, some specific processes stand out
that correspond to distinct hydraulic processes. The micro-sprinkler method, where
water is sprayed onto the surface of the soil, ends up being similar to sprinkler
irrigation with the difference that small moist areas are created only in the root
zone. In drip irrigation, which is one of the most economical options, water is
delivered directly to the root area using drippers. Similarly to the previous process,
there is subsurface irrigation, where water is applied under the surface of the soil
through the implementation of, for example, a buried perforated piping system that

discharges water directly to the roots. In Figure 2.11, an example of localized
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irrigation is represented, highlighting the difference between surface and subsurface

drip irrigation.

SURFACE DRIP IRRIGATION
N £

SUBSURFACE DRIP IRRIGATION

Figure 2.11: Surface and subsurface drip irrigation, adapted from
[51].

In general, localized irrigation can contribute to the efficient use of water re-
sources. These types of systems, if planned correctly, reduce the percentage of water
waste due to runoff and infiltration into the soil and eliminate almost all losses due
to evaporation. In addition to the benefit in production costs, drip irrigation also
presents a strong advantage in reducing the growth and appearance of fungi that
can cause diseases in the crop and consequent loss of quality in the final product
[52].

However, the initial cost of implementing a system of this type ends up being
higher compared to other, simpler systems. The value of these systems will always
vary depending on the characteristics of the terrain, the composition of the soil, the
type of crops, and the source of water used to feed the system. Another disadvantage
is that, as they are exposed systems, they can be difficult to combine in plantations
where the use of agricultural machinery is frequent, as there may be damage caused
to the piping network or to the emitters, a situation that can be overcome with the
use of subsurface methods [52].

Despite its disadvantages and expensive implementation, drip irrigation contin-
ues to be one of the most used and most economical systems in the long term in the
wine sector. Characterized by being the least prone to problems related to soil vari-
ability and having the lowest level of difficulties due to the topography of the land,
localized irrigation systems are the only ones that can guarantee greater control
uniformity in water distribution. For these reasons and when combined with data
sensing techniques or optimization models using renewable energies, it is possible to

guarantee the highest level of efficiency in wine production [53, 54].
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2.4 Evapotranspiration Concept

Having determined the best irrigation method for the wine sector, another factor
already mentioned and which is extremely important is evapotranspiration (ET), a
concept that determines the water needs of a plantation. Generally speaking, vines
can grow healthily and efficiently in soils with varying moisture conditions. However,
excessive water can result in a wide range of negative impacts on grape production,
such as a reduction in the set of flowers and their fruit, abnormal development of
the vine trunk, and even dehydration of the grapes [55, 56].

Other studies also revealed that variations in climate and atmospheric conditions
largely influence the growth and development of the vine and the consequent yield
and quality of the wine produced. In addition to its direct impact, a hotter and
drier climate can negatively influence the growth of vines, particularly in terms of
increasing soil salinity and, consequently, general soil degradation [57, 58].

Although vines show strong resistance to challenging environmental conditions,
estimating trends in soil irrigation needs and requirements, including vine evapo-
transpiration components under varying soil texture conditions, can be an excellent
data source to guarantee sustainable production with guaranteed yield and quality
[59].

Evapotranspiration, as the name suggests, is a parameter that defines the amount
of water removed from the soil through plant transpiration and direct evaporation.
The amount of ET from a plant is not a fixed value and varies depending on ge-
ographic location and over time. Some main factors determine its value, namely
temperature, relative humidity, wind, solar radiation, and the type of plantation
itself [60].

To study plant evapotranspiration, it is important to take into account two
essential terms: ET| (reference or potential evapotranspiration) and ET, (plantation
or crop evapotranspiration). ETj is a parameter that indicates the ET of a normal
lawn under ideal conditions, and ET, indicates the evapotranspiration of the type
of crop. These values are usually represented in the unit mm/day; however, they
can be represented in other temporal forms (for example, mm/m, mm/min).

As described in FAO Irrigation and Drainage Paper 56 (FAO-56) [61], the set of
methodologies presented below is among the most used to determine the evapotran-
spiration of a plantation. This approach is frequently applied given its simplicity
and robustness, as it requires less input data and provides acceptable ET estimates
when compared to other strongly parameterized models or models that take into
account measurements via satellite or sensors placed on the ground.

To determine the value of ETy, we can adopt an indirect way that uses the

FAO Penman—Moneith method. This method is characterized by having a formula
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(Equation 2.1) that allows calculating the value of ETj using some meteorological
data.

_ 0.408A(R, — G) + ¢%u2(es —eq)
0~ A+ (1 + 0.34uy)

(2.1)

where,
ET,y — reference evapotranspiration [mm day 1],
R, — net radiation at the crop surface [MJm~=2day ],
G — soil heat flux density [MJm~2day 1],
T — mean daily air temperature at 2 m height [°C],
uy — wind speed at 2 m height [ms™!],
es — saturation vapor pressure [kPal,
eq — actual vapor pressure [kPal,
es — eq — saturation vapor pressure deficit [kPa],
A — slope of saturation vapor pressure curve [kPa °C~!],

) — psychrometric constant [kPa °C~1].

The equation, despite presenting complex parameters and data, uses simple me-
teorological records of solar radiation, air temperature, humidity, and wind speed
which, as previously mentioned, will directly affect the value of ETj.

Based on the value of ETj at the plantation location, some approaches allow
calculating the value of ET, through a parameter K. (crop coefficient). The value
of the K. coefficient is not always the same for the same crop and varies depend-
ing on the stage of development the plant is in. To obtain more accurate results,
FAO-56 determines two approximations to determine FET., which are the simple
approximation and the Dual Crop Coefficient (DCC) approximation [62, 63].

For the single coefficient used in the simple approximation, the effect of plant
transpiration and soil evaporation are combined into a single coefficient K., obtain-

ing Equation 2.2 for determining FT..

ET. = K. x ET (2.2)

On the other hand, the DCC approach separates the single coefficient K. into a
coefficient related to transpiration (K,;) and one related to soil evaporation (K.), as
can be seen in Equation 2.3. This approach requires additional parameters related
to climate, soil, and crop to estimate transpiration and, of course, implies higher
computational costs. However, this approach is recommended by FAO-56 when
improved estimates of the value of K, are needed to, for example, schedule accurate

daily watering.

ET.= (Ku + K,) x ETy (2.3)
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For the purposes of normal planning and management of irrigation processes,
the average plantation coefficients obtained by the simple approximation are relevant
and more convenient than the K. calculated by the DCC approximation. However, it
is always necessary to analyze the plantation in question and the available resources

to determine the best approach.

2.5 Control of Irrigation Processes

Taking into account all the previously mentioned concepts, to achieve the status of
sustainable agriculture, irrigation processes must be managed in the most intelligent
way possible, both in terms of decision-making and in terms of resource use [64]. In
this sense, there is a wide range of solutions already implemented that allow intel-
ligent management of irrigation processes and that vary their efficiency depending

on their complexity and practicality.

2.5.1 Hourly Scheduled Watering

Starting with a more traditional solution that is widely used, the programmed irri-
gation system appears. These simple systems are relatively developed and continue
to make a big contribution in this field, since many irrigation projects still use this
technique due to its low price and simplicity. The basic principle most frequently
implemented in these systems is the concept of hourly irrigation [65].

Through intelligent programmers that offer a simple interface, the user can define
the days and times at which they want to start irrigating a certain area of the
land, indicating parameters such as the irrigation time or the percentage of water
to be delivered, relative to the available flow rate. With the interconnection of
electrovalves that allow the opening or closing of a flow of a given fluid through an
electrical drive, the intelligent controller can carry out previously defined irrigation

processes by the user, automatically.

2.5.2 Solutions Based on Measuring Soil Moisture

One of the solutions implemented for decision-making in irrigation processes are
systems that work by obtaining values related to soil moisture in real time. These
values can be acquired through the installation of a network of soil moisture sensors
at several strategic points on the land, and through intelligent management by an
implemented controller, it is possible to define very rigorous irrigation with great
savings and less waste [66, 67].

A method used to obtain the value of soil moisture is its gravimetric measure-
ment; however, this process ends up being time-consuming and complex, as it would

require the constant removal of several samples from different locations. That being
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said, soil moisture sensors are often used to obtain these measurements indirectly,
using other soil properties, which can be divided into volumetric sensors, tensiome-
ters, and sensors that measure the electrical resistance of the soil between two probes
(68, 69].

Volumetric sensors directly measure the volumetric water capacity in the soil
Volumetric Water Content (VWC). This type of sensor is capable of obtaining these
readings through the use of neutron probes, heat dissipation sensors, or through
the dielectric constant of the soil, which is the most common option. The soil di-
electric constant is a property dependent on the soil’s moisture content and can be
obtained through Time Domain Reflectometry (TDR), Time Domain Transmissiom-
etry (TDT), or electrical capacitance or Frequency Domain Reflectometry (FDR).
These volumetric sensors end up being a considerably expensive option (costing
more than EUR 100 per unit and around EUR 500 to EUR 1100 for a necessary
electronic interpreter); however, they have high precision and allow instantaneous
readings, being used mainly in research centers or on plantations with high monetary
value, where time and data precision justify the investment [70].

On the other hand, tensiometers are devices capable of measuring soil moisture
through the tension with which water molecules are retained by soil particles. When
the soil has a high amount of water, the root of a plant does not need to exert much
force to absorb it, in the same way that the tensiometer does not need to, so the
tension is low. In the opposite case, where there is a low amount of water in the soil,
the tension increases. Tensiometers are a cheaper option compared to the previous
one, with costs of around EUR 65, and do not require any data interpreter as the
values obtained are direct.

Finally, some sensors measure soil moisture through electrical resistance, which
is an even cheaper option compared to the previous ones. With costs of no more
than EUR 20 (when already incorporated with comparator modules), these sensors
have a relatively simple operating mode. Having a shape similar to a fork, this
sensor has two conductive probes that act as a variable resistance depending on the
water content of the soil. The value of this resistance appears inversely proportional
to the value of soil moisture, which means, that the higher the water content in
the soil, the better the electricity conduction, meaning the resistance read between
the two ends is lower, and vice versa. Through this variable resistance, it is then
possible to determine the soil moisture in relative terms (whether it is wetter or
drier). As mentioned, it is common to purchase these sensors with comparator
modules, which allow obtaining a digital output (by calibrating a potentiometer) or
an analog output, both in the form of an electrical voltage.

Through a network of soil moisture sensors properly placed throughout the land,
the user can define the ideal minimum and maximum values (threshold) of soil mois-

ture for each zone, making it possible to automate the irrigation process efficiently.
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As soon as the controller, through reading the values of a given sensor, detects that
the moisture value is below the stipulated minimum, the irrigation of that same
area is automatically started. As soon as the maximum value is reached, irrigation
is automatically terminated, avoiding excessive watering and maintaining soil mois-
ture values within the stipulated thresholds. With this type of system, as long as
it is properly calibrated for the terrain in question (taking into account the type of
soil, plantations, or sun exposure), high efficiency is guaranteed, opening up more

possibilities for energy and water sustainability [71].

2.5.3 Solutions Based on Estimation of Evapotranspiration

As previously mentioned, crop evapotranspiration is directly related to the soil’s wa-
ter needs; therefore, on a day when the plantation’s ET value is higher, it is necessary
to carry out longer irrigation to compensate for these losses due to evaporation and
transpiration [72].

An ET controller automatically adjusts irrigation times according to the land’s
water needs, based on meteorological evapotranspiration information [73]. Unlike
programmed irrigation controllers, in which the user has to constantly update ir-
rigation schedules to avoid excessive or insufficient irrigation, these ET controllers
automatically carry out this management [74]. These intelligent controllers can be
divided into three distinct categories based on the way they obtain data related to
evapotranspiration for each type of plantation: historical, signal-based, or terrain
sensors [75].

ET controllers that use historical data generally have pre-programmed meteoro-
logical information. They are a relatively cheap option and, in most cases, reset the
watering time to a monthly frequency, achieving considerable savings in water and
energy.

Signal-based controllers obtain information regarding reference evapotranspira-
tion by receiving data from a public meteorological station. These controllers gen-
erally have a service fee for data availability, but some public services provide this
information free of charge, such as the Instituto Portugués do Mar e da Atmosfera —
Portuguese Institute of the Sea and Atmosphere (IPMA) database. The advantage
of these systems is that they do not require on-site sensing equipment. However,
although they already allow for high savings, they may not have very high precision,
as the data acquired can cover a large territory (an entire municipality, for example).

A solution that allows even greater savings is the use of these ET controllers
connected to sensors strategically located along the land. The installation of mini
meteorological stations is common, and they allow the controller to obtain data ac-
quired on-site to make continuous calculations of evapotranspiration, automatically
adjusting the amount of water required. It is the most accurate and effective option

in this type of system, as it provides all the necessary information without large
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margins of error, but it becomes more expensive due to the need for more expensive

equipment [76].

2.6 Optimization and Resource Management Models

In the vast scientific and technological community, several solutions use most of
the concepts covered in the previous chapters and that allow the optimization of
productive efficiency in the agricultural sector.

In [77], the authors propose an intelligent energy management model that pro-
vides an increase in efficiency and autonomy through the use of renewable energy,
namely photovoltaic and hydroelectric. The developed model and case studies are
intended for agricultural fields close to rivers, where hydroelectric energy is used
to power the water pumping system for a reservoir. Furthermore, for efficient en-
ergy management, decision trees are used to analyze and compare several variables,
namely the cost—benefit of using the hydro generator or using energy from the elec-
tricity grid [78].

In the intelligent system developed in [79], an autonomous model uses the con-
cept of mobile sprinkler irrigation (center pivot) that takes into account the water
needs of plantations. Using data obtained from the ground, such as temperature,
wind, soil humidity, and precipitation forecasts, the system can estimate the ac-
tual evapotranspiration of the plantation [80]. With this value, the model plans
the irrigation processes taking into account the energy produced on site (through
photovoltaic panels) and the cost of energy from the electricity grid.

In the dissertation [81], the authors used a network of humidity sensors based on
the electrical resistance of the soil which allows constant monitoring of soil moisture.
This relatively simple model defines a threshold that automatically manages the
irrigation process [82]. Furthermore, an interesting innovation in this project was
the implementation of a fire detection system, which allows an alarm to be issued
in the event of a fire.

In [83], the authors carried out an intelligent approach using a database that
contains the daily water needs of several plantations. With this database and taking
into account data such as soil humidity and the time of day, the system can decide the
amount of water needed for a given type of plantation. The results of the experiments
carried out were satisfactory, and the authors valued the low cost of implementation,
particularly in terms of the sensor network and access to the database.

Focusing more on the wine sector, the authors of publication [84] have devel-
oped a photovoltaic network to meet the energy demands of a winery’s wastewater
treatment plant and the pumping station of a vineyard’s irrigation system. An in-

teresting aspect of this article is the use of batteries as short-term storage, and with
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the surplus energy, hydrogen is produced by electrolysis of water, which is used by
a modified battery vehicle.

Some authors of the previous article have also published the scientific paper [85],
where they characterize the energy demand of a vineyard and create a prototype of
a photovoltaic network with a set of panels floating in an irrigation pond to avoid
using land.

Additionally, the authors of the article [86] developed and tested an automatic
management system, which involves the coordination of wireless sensors placed at
strategic points on the land. All information obtained by the sensors is sent and
interpreted by a controller that contains an intelligent decision-making model (Figure
2.12). The proposed system focuses mainly on the management and optimization of
water resources and a reduction in human labor so that wine production costs can

be minimized.
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Figure 2.12: Authors’ proposed wireless system architecture, adapted
from [86].



Chapter 3

Methodology and Development
of the Proposed Solution

With all the technologies that have been addressed in the previous chapters and with
the knowledge obtained from them, the current idea is that all these techniques are
dispersed across several isolated systems. In this sense, there is a lack of a resource
management model that maximizes productive efficiency in the wine sector based on
the largest number of compatible technologies and ideas mentioned previously. The
purpose of this chapter is to explain a developed intelligent resource management
system that implements multiple concepts simultaneously, with the option of a mod-
ular execution. The main final objective of the system is to output vital information
that vineyard managers can incorporate on their farms, in order to guarantee the

maximum sustainability and resource efficiency.

3.1 Resource Management System Architecture

The proposed system works with data obtained from multiple sources, namely
weather stations that provide data such as temperature, humidity, wind speed, radi-
ation, precipitation, as well as data from real electricity markets. Another important
dataset is the renewable energy production, that can be obtained and processed via
meters on site, or with multiple calculations with the provided information about

the weather.

23
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Of course, the quality of the data directly impacts the model performance, and
the sources of data can vary according to the monetary resources provided by the
vineyard. As an example, the model is certain to work more precisely with an
on-site weather station, rather than a public weather Application Programming
Interface (API) source. The energy meters can also provide more precise information
about the production of renewable energy, rather than estimations obtained through
weather data.

However, the model was constructed in a modular way, where the user can adapt
the system to his data, as long as the information provided is in the same format.
This offers the system the capacity to adapt to multiple vineyards, with multiple
variables and equipment, and the more precise the data is, the more efficiently it

performs. The high-level architecture of this system can be analyzed in Figure 3.1.
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Figure 3.1: Methodology high-level architecture.

As seen in the high-level architecture, the system relies on four modules: data
processing, evapotranspiration estimation, energy model, and irrigation model. Ev-
idently, each module is dedicated to a particular set of operations or tasks, and
together they generate multiple outputs such as information files in the format
Comma-Separated Values (CSV) or graphical images in the format Portable Network
Graphics (PNG). All this information is considered for past and future conditions,

and it has the purpose of establishing the energy and water requirements for current
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and following day. With this in mind, all the data is crossed regarding seven days
prior and two days forecast, including current day.

The data processing module, represented in the schematic with letter A, is the
main responsible for the system’s data adaptability, because the sources of data
can vary according to the availability of on-site resources. On-site weather station,
public weather API, or even another undefined source such as a weather history
logs, can all be data providers for the system, which analyses and interprets the
information. The renewable energy data used by the system, can either be obtained
by on-site energy meters or from the weather data previously acquired. As of grid
energy sell price, this information can be derived by a market index source or in
the form of a user defined value, since some energy contracts can have a fixed value
throughout a certain period of time.

The remaining modules use the data prepared by the first one, and provide
the desirable outputs. The evapotranspiration (ET) estimation module, symbolized
with letter B, is responsible for estimating the water losses of the vineyard through a
series of calculations. The data prepared by this module, alongside with precipitation
derived from weather data, form a vineyard ET data containing the water losses and
gains of the vineyard, without any sort of irrigation.

The irrigation model indicated with letter C, is responsible for interpreting and
analysing the previous data and, with a series of mathematical procedures, it esti-
mates the vineyard water requirements, ensuring high water sustainability.

Represented by letter D in the diagram, the energy model is responsible for
implementing a supervised learning algorithm that uses information provided by the
data processing module, namely the renewable energy production and grid energy
sell price. With this algorithm, the system is able to output the optimal energy
consumption timings, in order to guarantee energy cost savings.

In order to validate the solution, this model was built in Jupyter Lab [87], an
advanced, web-based Interactive Development Environment (IDE) for working with
Jupyter notebooks, code, and data. This IDE allows users to manage their entire
data science workflow within one interface and provides a powerful and flexible envi-
ronment for data science, scientific computing, and machine learning, enabling more
effective analysis. This interface has the important advantage of allowing the devel-
opment of multiple cells and view multiple outputs that can be user friendly such as
graphical information. The platform also has cross-language support, offering a wide
variety of programming languages through kernels [87]. Despite this cross-language
support, the whole model was built using Python [88] language because of its strong
readability, simplicity and versatility, as well as the availability of extensive libraries

and frameworks, and powerful community support.
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3.2 Data Processing Module

Starting of with the data processing module, its main objectives are processing data
related to meteorologic conditions, estimate on-site photovoltaic and wind power
production, and determine the grid energy sell price. This module is responsible for
interpreting and processing the relevant data provided.

In this module, the system processes the meteorological conditions data, and
builds a data frame that contains hourly information about multiple weather el-
ements. Then, with the processed data frame about weather characteristics, the
model creates another data frame containing renewable energy production values,
that can either be photovoltaic, wind power, or both. As a final step, and for pos-
terior implementation, the system generates another data frame that contains the

information about grid energy sell price.

3.2.1 Meteorological Data Gathering

Since the prototype was built without on-site data, it was chosen to define the
location of a supposed vineyard. However, the system is location-agnostic, and the
meteorological data gathering can be done in any location, as long as the coordinates
are provided. Since the nature of this work is related to Douro vineyards, the chosen
location was Valenca do Douro, Portugal, merely for testing and validation purposes.
This region is known for windy steep terraced slopes and dry schist soils, which are
characterized by a range of micro climates and often used for wine production.

With the prototype nature of the implementation, the weather conditions acqui-
sition is done via public API sources, namely WeatherAPI [89] and EnsembleAPI
[90]. The initial part of the code does a request to both API sources with the lo-
cation and days of study required, and gets a response in the JavaScript Object
Notation (JSON) format about the weather conditions. WeatherAPI is responsible
for providing information about temperature, wind speed, air pressure, precipita-
tion, and relative humidity. On the other hand, EnsembleAPI is responsible for
providing solar radiation data, specifying it in Global Horizontal Irradiance (GHI),
Diffuse Horizontal Irradiance (DHI) and Direct Normal Irradiance (DNI).

Since the model considers past conditions and it has the purpose of establishing
the optimal energy consumption periods and water requirements for the current and
following day, it has been decided to get a response regarding seven days prior and
two days forecast including current day. All this information is provided in a very
raw format with multiple variables that need to be filtered, but with some processing
techniques, the output is a data frame with hourly timestamps. The desired output
is available in a CSV file, that is generated when executing the program, as well as

several graphics.



3.2. Data Processing Module 27

3.2.2 Estimation of Photovoltaic Energy Production

After successfully obtaining all the data required for the upcoming calculations,
the next operation is to estimate the photovoltaic energy production. Once again,
this step can be replaced by data obtained from on-site energy meters if available,
however, since this prototype works without on-site data, there is a need to estimate
all the renewable energy production values with the available weather data.

In order to correctly understand how this can be achieved, one needs to firstly
understand how the different types of radiation that hit the earth influence the
photovoltaic energy production. As seen previously, the radiation data obtained by
EnsembleAPI is specified as GHI, DHI and DNI.

Starting with DNI, this value indicates the amount of solar radiation received
by a surface that is always held perpendicular to the rays that come in a straight
line from the direction of the sun at its current position. This value is of particular
interest for solar thermal installations that concentrate the sun rays, or installations
that track the position of the sun [91].

DHI is the amount of radiation received by a surface, without shadows, that does
not arrive on a straight line from the sun, but has been scattered by molecules and
particles in the atmosphere [91].

Finally, GHI is the total amount of shortwave radiation received by a surface
horizontal to the ground. This value is particularly significant for photovoltaic in-
stallations, and features both DHI and DNI, and can be estimated by Equation 3.1
[91].

GHI = DNI x cos 6§ + DHI (3.1)

where,
GHI — Global Horizontal Irradiance, or Shortwave Radiation [W m~2],
DNI — Direct Normal Irradiance [W m~2],
DHI — Diffuse Horizontal Irradiance [W m~2],

6 — solar zenith angle [rad],

With these considerations in mind, to begin the estimation of photovoltaic en-
ergy production, a widely used solar module is considered. The model chosen is the
Canadian Solar CS6X-300M [92], with an estimated nominal peak power of 300 Wp
in Standard Test Conditions (STC). This module was selected as a test object for ex-
perimentation and validation, and because it is available in the predefined database
of Method B, which will be explained afterwards. All the relevant information about
the 72 monocrystalline silicon cell with 1.92 m? solar module can be seen in Table
3.1.
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Table 3.1: Canadian Solar CS6X-300M specifications, adapted from

[92].
Parameter Symbology Value Unit
STC Power Rating Prax 300 Wp
Peak Efficiency nsTC 15.6 %
Optimal Operating Current tmp 8.22 A
Optimal Operating Voltage Ump 36.5 A%
Short Circuit Current Tsc 8.74 A
Open Circuit Voltage Voe 45 A%
Normal Operating Cell Temperature NOCT 45 °C
Temperature Coeflicient of Power ~ -0.0045 °C~!

Method A

After gathering the most relevant data about the solar module, the next step is
to calculate the energy produced by the photovoltaic system. The generic formula
present in Equation 3.2 takes into account key factors such as solar irradiance, the

area of photovoltaic panel, and the efficiency of the system.

E =1, X Apanet X1 (3.2)

where,
E — energy produced [Wh],
I, — solar irradiance [Whm™2],
Apaner — area of the photovoltaic panel [m?],

n — system efficiency.

From the previous equation, the algorithm assumes GHI for an hour as I, ngrc
as the system efficiency 7, and A,qne with a value of 1.92 m?, which are the speci-
fications present in the manufacturer data sheet [92].

However, since the manufacturer of the solar module provides more efficiency
characteristics such as Normal Operating Cell Temperature (NOCT) and tempera-
ture coefficient of power, the previous equation can be enhanced considering that the
model also contains temperature data. A more reliable option is the formula present
in Equation 3.3 that takes into consideration more factors that directly affect the

energy production.

E= Ir X Apanel X Mtemp X (1 - floss) (33)

where,
E — energy produced [Wh],

I, — solar irradiance [Whm™2],
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Apanel — area of the photovoltaic panel [m?],
Ntemp — temperature corrected efficiency,

fioss — additional combined losses.

As seen in Equation 3.3, the new formula contains two new parameters. The
value of fj,ss was determined 10 % to account for additional combined losses, mainly
because of system degradation and inverter efficiency, and to calculate the parameter

Ntemp, Bquation 3.4 was used.

Ntemp = Nsrc X [1+7v x (Te — Tsrc)] (3.4)

where,
Ntemp — temperature corrected efficiency,
nstc — standard test condition efficiency,
v — temperature coefficient of power [°C™!],
T. — cell temperature [°C],

Tsrc — standard test condition temperature, which is 25 °C.

From Equation 3.4, the value of T, is yet to be determined. The definition of
NOCT is a common reference used to estimate photovoltaic cell temperature under
standard conditions, and it is defined as the temperature of a photovoltaic module
in the conditions of 20 °C, solar irradiance of 800 W m™2, and wind speed of 1 ms™!.
With this in mind, one of the empirical formulas to estimate cell temperature T is

based on the NOCT and actual operating conditions, as seen in Equation 3.5.

NOCT — 20) I (3.5)

T. = Tums + (=25
where,

T. — cell temperature [°C],

Tump — ambient temperature [°C],

NOCT — Nominal Operating Cell Temperature [°C],

I, — solar irradiance [Whm~2].

In Equation 3.5, the process assumes GHI for an hour as I, and T,,; as the
ambient temperature, both present in the weather data frame processed in the me-

teorologic data gathering step from the previous subsection.



30 Chapter 3. Methodology and Development of the Proposed Solution

Method B

Although the previous method for estimation of photovoltaic energy production is
very accurate, another option for estimating the photovoltaic production is by using
Python PVLib [93]. This library is used for simulating the performance of photo-
voltaic energy systems, and provides multiple tools to model an entire photovoltaic
site considering the various aspects of photovoltaic systems, such as solar position,
irradiance and module performance.

Considering the data obtained from the previous weather gathering step, some
of the data requirements for the use of this library are already met. This part of
the algorithm begins by retrieving necessary weather data from the weather data
frame, including temperature, relative humidity, wind speed, atmospheric pressure,
and solar irradiance.

Since the library has the ability to manage the multiple components of solar irra-
diance, such as GHI, DHI, and DNI, all these parameters are used for the calculation,
which already makes a difference from the previous model that only considered GHI
as the final solar radiation. All this data is organized into a structured format that
can be used for the subsequent calculations.

For further calculations, latitude, longitude and altitude need to be defined.
Using these values and the formatted weather data, the algorithm calculates so-
lar position parameters such as zenith and azimuth angles, which are essential for
determining how sunlight interacts with the panels at different times of the day.

After having this data ready, the physical and electrical characteristics of the
photovoltaic system are defined. PVLib contains predefined databases, that include
multiple types of solar modules and inverters. For this matter, and to directly
compare with the previous method, the same solar module is chosen (Canadian
Solar CS6X-300M) with the same specifications mentioned previously in Table 3.1.

With all these prerequisites established, the energy yield of the photovoltaic site
can be estimated, by using multiple defined functions provided in the library.

The algorithm firstly computes additional factors that affect solar energy capture,
such as extraterrestrial irradiance, air mass, and angle of incidence, which describes
the angle at which sunlight strikes the photovoltaic panel surface. The total solar
irradiance on the panel is calculated by combining the direct, diffuse, and reflected
components of sunlight, that are then adjusted for the specific tilt and orientation
of the panels.

As done in the previous method, this library also takes the cell temperature into
consideration, which directly affects the output of the system. After accounting for
all these factors, the algorithm proceeds to calculate the effective irradiance, which
is the portion that directly contributes to electricity generation.

Finally, the Direct Current (DC) power output of photovoltaic modules based

on the effective irradiance is estimated by using another function within the library.
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Using a generic predefined inverter in the photovoltaic system, this DC power is then
converted into Alternating Current (AC) power with another function, considering
the inverter characteristics, which is also a difference compared to the previous
method. The AC power output is calculated for each hour of the day and remains
constant the whole hour, which means that the energy production for each hour can

be considered as an hourly energy output in watt-hours (Wh).

3.2.3 Estimation of Wind Energy Production

To begin the estimation of wind energy production, a widely used wind turbine for
small applications purposes is considered. The model chosen was the RyseEnergy
E-5 Horizontal Axis Wind Turbine (HAWT), present in Figure 3.2, characterized by
a rated power of 4 kW for a rated wind speed of 11 ms™!, and a rotor radius of 2.15
m [94]. This turbine was merely selected as a test object for experimentation and

validation, and any other model would also work with this solution.

Figure 3.2: RyseEnergy E-5 HAWT model, adapted from [94].

The horizontal axis triple blade wind turbine, recommends that the rotor height
should be installed between 6 m and 27 m, and the cut-in and cut-out speeds are

1. respectively. Since no turbine is 100 % efficient, the power

2 ms~! and 60 ms™
coeflicient is a measure of how efficiently a wind turbine converts the kinetic energy
of wind into electrical energy. Considering that, the referred turbine has a power
coefficient ¢, of 0.40 [94].

Given that the installation of the rotor is done in a height above 10 meters, and
since our weather data about wind is measured at 10 meters height, the adjusted
wind speed at the height of the rotor must be calculated by using the logarithmic

wind profile formula presented in Equation 3.6.
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Urotor = Uref 1:1((252)
20

where,
Urotor — wind speed at zpotor m height above the ground surface [m s_l],
Uref — measured wind speed at z..¢ m height above the ground surface [m s71],

29 — surface roughness length [m].

Considering the previous definitions, and taking into account that the estimated
surface roughness zg of vineyards is typically 0.25 m [95], and the height of the rotor

Zrotor 18 25 m, the equation is able to successfully calculate the adjusted wind speed

Urotor-

Method A

With the obtained data, the energy output of the turbine is finally estimated based
on the previously calculated adjusted wind speed upotor. If the wind speed falls
below the cut-in speed (2 ms~!) or exceeds the cut-out speed (60 ms~1), the turbine
produces no power. For wind speeds between the cut-in and rated speeds (11 ms™!),

the power output is calculated using the wind power as presented by Equation 3.7.

1
P= 5p,am"’*gp (3.7)

where,
P — power output [W],

p — air density, which is 1.225 kgm™3,

A — rotor swept area [m?],
u — adjusted wind speed, in this case Urotor [ms™1],

(p — turbine power coefficient.

If the wind speed exceeds the rated speed, the power output is capped at the
rated power of the turbine, which is 4 kW. As a representation of a loss factor, an
availability factor is also defined, representing the proportion of time the turbine is
operational (90 % in this case), that is then applied to the calculated power.

Considering that the power output is calculated for each hour of the day and
remains constant the whole hour, the energy production for each hour can be derived,

achieving the hourly energy output in watt-hours (Wh).

Method B

Despite the previous method for estimation of wind energy production being very

reliable, if a manufacturer provides a power curve of its equipment, the energy
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produced can be estimated more accurately. Considering the same wind turbine
(RyseEnergy E-5 HAWT) and that all of its respective parameters remain unchanged
(including height of mounting), the manufacturer provides a power curve table that
demonstrates the relationship between wind speed and the turbine’s energy output,
showing how efficiently it generates power with different wind conditions.

Once again, since the installation of the rotor is done in a height above the
measured wind speed height, the adjusted wind speed at the height of the rotor
Urotor Still needs to be calculated by using the previous logarithmic wind profile in
Equation 3.6. Furthermore, the algorithm also assumes that if this adjusted wind
speed falls below the cut-in speed or exceeds the cut-out speed, the turbine produces
no power.

However, instead of using the wind power formula previously mentioned in Equa-
tion 3.7 for wind speed values between cut-in and rated speeds, it is possible to
estimate the power output from the equipment power curve in Table 3.2, which
achieves a more precise methodology for this particular wind turbine. Like the pre-
vious method, if the wind speed exceeds the rated speed, the power output is capped
at the rated power of the turbine, which is 4 kW.

Table 3.2: RyseEnergy E-5 HAWT power curve, adapted from [94].

Wind Speed [ms~!] Power Output [W]

2 10
50
260
456
900
1400
2000
2800
10 3500
11 4000

© 00 J O U = W

Although the table provides all the wind speed values between cut-in and rated
speeds, it is possible to observe that all these values are integers. This means that if
the algorithm obtains a number with decimals that is between two integers (which
is a recurrent situation), an error would occur because there would be no such value
in the power curve table provided by the manufacturer. To solve this issue, the
algorithm performs a process of linear interpolation to estimate the power output
of a wind turbine at intermediate wind speeds using the given power curve.

To interpolate the power output for a wind speed between two known data points,
the linear interpolation formula is used. For a wind speed u between uy and ug with
corresponding power outputs P} and P», the power output P is given by Equation
3.8.
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(u—uq)

P=DP+
(ug —u1)

X (PQ — Pl) (38)

where,
P — power output [W],
u — adjusted wind speed, in this case urotor [ms™!],
u1, ug — power curve known wind speeds [ms~!],

Py, P, — power outputs corresponding to uy, ug [W].

As carried out in the previous method, after the power calculation, the availabil-
ity factor of 90 % is applied to the calculated power. Considering that the power
output is calculated for each hour of the day and remains constant the whole hour,

the hourly energy output is also estimated in watt-hours (Wh).

3.2.4 Estimation of Energy Sell Price

When implementing sustainable irrigation systems for vineyards, and agriculture in
general, a key factor that should be considered is the grid energy price. Since the
multiple systems can vary, the irrigation processes of a farm might not have enough
on-site power production to cover all the energy required. As irrigation processes
often rely on electric pumps and other electrical machinery, fluctuations in energy
prices can directly impact the effectiveness of irrigation operations.

To accurately determine the economic implications of energy consumption for
irrigation, it is crucial to consider data of energy prices for planning and decision-
making processes. This allows farmers and managers to evaluate the cost-efficiency
of energy consumption, optimize its usage, and explore potential adjustments to
reduce the costs.

In this context, the cost of grid electricity in Portugal is usually affected directly
by Operador do Mercado Ibérico de Energia — Iberian Energy Market Operator
(OMIE) [96], which impacts the final cost of electricity sold by the operators. OMIE
database provides valuable insights about how electricity varies hourly throughout
the day, and one can see that the renewable energy production by hydro, wind or
photovoltaic sites, directly impacts its final reference value. By utilizing this data,
it is possible to add another variable to make informed decisions about managing
irrigation systems sustainably.

With this in mind, the developed algorithm gathers and processes information
about energy price, and considers the electricity hourly prices of Portugal’s daily
market, available in OMIE database in the form of a CSV file [96]. Since the response
time is high due to many requests from multiple sources, data files are stored locally
to optimize the process for further executions. However, the algorithm always verifies

and downloads the most recent prices, so that the system is always up to date.
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Nevertheless, while the OMIE database provides essential data on electricity
prices, it is important to consider that the actual cost of energy can be significantly
higher due to additional charges. Seller management system costs, profit margins
and grid access taxes, are usually charged by every seller, and directly impact the
final cost of electricity [97]. As a result, while OMIE data offers a benchmark for
understanding market prices, it is important to consider these extra charges in order
to determine the true cost of electricity and their impact on sustainable irrigation
processes. Considering this, Equation 3.9 establishes the true hourly grid energy sell

price indexed to OMIE, with a real case scenario applied by a portuguese seller [98].

Cgrid = (Comie + Cprofit) X (1 + floss) + Ctaz (39)

where,
Cyria — grid energy sell price [EUR KWh™!],
Comic — OMIE energy sell price [EURKWh™1],
Cprofit — seller management system costs and profit margin [EUR kWh_l],
f10ss — grid loss factor,
Ciaz — grid access tax [EUR kWh™!],

All these additional taxes are defined for a period of time (usually months),
which means that Cg,;q is affected hourly every day only by Coypie. For reference,
the seller management system costs and grid access tax applied by the portuguese
seller in August 2024, were 0.026 EUR kWh™! and 0.03 EUR kWh™!, respectively,
and the grid loss factor was fixed at 15 % [97, 98].

3.3 Evapotranspiration Estimation Module

After processing the various types of data, the module in the current section is
responsible for estimating the ET of the vineyard. As stated previously in the
literature review of this dissertation, ET is an extremely important parameter that
can determine the water needs of any plantation.

To study this value, it is important to firstly determine ETj (reference evapo-
transpiration) and then ET, (crop evapotranspiration), using K. (crop coefficient).
Considering what was explored in the literature review, the objective of this module
is to estimate the crop evapotranspiration for each day available in the previous
processed weather data, in order to determine the water needs for posterior imple-
mentation.

In this module, the system processes the weather data available in a CSV file, and
with multiple calculations it estimates the reference ET. To determine the crop ET,
the algorithm uses a relation between the Growing Degree Days (GDD) and K, that

can be obtained with temperature data from the full growing season. Once again,
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the weather data contained in the CSV file, can be replaced by on-site information

from a weather station, as long as it has the same parameters and units.

3.3.1 Reference Evapotranspiration Estimation Procedure

As stated in the literature review, to determine ETj, the FAO Penman—Moneith

method, which includes the formula present in Equation 3.10, can be applied [61].

0.408A (R, — G) + ¢ 75z ua(es — eq)
0:

A+ (1 + 0.34uy)

(3.10)

where,
ET, — reference evapotranspiration [mm day 1],
R, — net radiation at the crop surface [MJm~2day ],
G — soil heat flux density [MJm~2 day ],
T — mean daily air temperature at 2 m height [°C],
uy — wind speed at 2 m height [ms™!],
es — saturation vapor pressure [kPa],
eq — actual vapor pressure [kPa],
es — e, — saturation vapor pressure deficit [kPal,
A — slope of saturation vapor pressure curve [kPa °C™1],

) — psychrometric constant [kPa °C~1].

In order to estimate reference evapotranspiration, this method is based on the
climatic data available, and the formula needs to be split into multiple parts giving its
complexity. All these formulas were adapted from the FAO Irrigation and Drainage
Paper 56 (FAO-56) [61] for the available weather data.

Starting off with a simple calculation, the mean daily temperature 7" can be
estimated by using Equation 3.11. For this calculation, the algorithm analyses
all the hourly data in the weather data frame and determines the maximum and
minimum temperature values for each day.

7 — ez Lmin (3.11)
2
where,
T — mean daily air temperature [°C],
Tinar — maximum daily air temperature [°C],

Tnin — minimum daily air temperature [°C].

Another simple calculation is the estimation of wind speed at the the FAO-56
standard height of 2 m (ug). It is important to verify the height at which wind speed

is measured, as wind speeds obtained at different heights above the soil surface are
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different. Since our weather data concerning wind is measured at 10 meters height,

the already known logarithm wind profile formula is applied in Equation 3.12.

e l:l(<0f))

20

(3.12)

where,
ug — wind speed at z m height above the ground surface [ms™!],
Uref — measured wind speed at z..¢ m height above the ground surface [m s71],

zp — surface roughness length [m].

For this calculation, the estimated surface roughness 2 of vineyards is considered
0.25 m and the FAO-56 standard height z is 2 m, which means the equation is able
to successfully calculate the adjusted wind speed uo.

As seen in Equation 3.10, for the estimation of reference evapotranspiration, the
slope of saturation vapor pressure curve A is required. This value can be achieved

by Equation 3.13, that requires simple data already obtained.

L _ 40 (0.6108 exp (F:254%)) (3.13)
= (T + 237.3)2 |

where,
A — slope of saturation vapor pressure curve [kPa °C~!],
T — mean daily air temperature [°C],

exp — base of natural logarithm.

The psychrometric constant 1 is also a required value that relates the partial
pressure of water in air to the air temperature, and can be calculated by Equation
3.14.

W = 0.000665 x p (3.14)

where,
) — psychrometric constant [kPa °C™1],

p — atmospheric pressure [kPa].

In order to determine saturation vapor pressure eg, a more complex calculation is
required. Saturation vapor pressure is related to air temperature, which means it can
be calculated from the air temperature. For this matter, Equation 3.15 establishes
the estimation of e; as the mean between the saturation vapor pressure at the daily

maximum and minimum air temperature. Both of the temperatures are available in
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the weather data frame, and the respective saturation vapor pressure values can be

achieved by Equations 3.16 and 3.17, respectively.

_ e(Tmax) + e(Tmzn)

s = 1

e 5 (3.15)
17.27 X Thnaz

e(Tmaz) = 0.6108 exp (W) (316)
17.27 X Thin

where,
es—saturation vapor pressure [kPa],
€(Tpmas)—Saturation vapor pressure at daily maximum air temperature [kPa],
€(T,in)—Saturation vapor pressure at daily minimum air temperature [kPal,
Tinar — maximum daily air temperature [°C],

Tonin, — maximum daily air temperature [°C].

To calculate the actual vapour pressure, FAO-56 presents multiple ways of de-
ducing this value depending on the available data, but all of them consider the values
of relative humidity [61]. However, the most accurate way of calculating this value
is by using daily maximum and minimum values of relative humidity (RH,,q, and
RH,pin, respectively). These are obtained in the algorithm, which analyses all the
hourly data in the weather data frame and determines the maximum and minimum
values for each day.

With the values of relative humidity, the actual vapour pressure e, is then calcu-
lated with the formula presented in Equation 3.18, that also requires values obtained

previously in Equations 3.16 and 3.17.

i) [ + et | "5
2

(3.18)

€q =

where,
e, — actual vapour pressure [kPa],
€(Tin) — Saturation vapour pressure at daily minimum air temperature [kPa],
€(Tinae) — Saturation vapour pressure at daily maximum air temperature [kPa,
RH 4, — maximum relative humidity [%)],

RH i, — minimum relative humidity [%].

Another parameter which can be easily calculated is soil heat flux density G,
because it can be considered null for a daily estimation, which means that Equation
3.19 is also defined within the algorithm.
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G=0 (3.19)

where,
G — soil heat flux density [MJm~2day™'].

From all the previous equations, one can see that the only missing value to finally
determine reference evapotranspiration ETj is net radiation at the crop surface R,.
From the FAO-56 this is by far one of the most complex values to estimate, because
it considers a lot of factors that must be handled carefully as they can considerably
impact the final value.

In order to estimate the value of net radiation at the crop surface R, a difference
between the incoming net shortwave radiation R,s and the outgoing net longwave

radiation R,; must be calculated, as shown in Equation 3.20.

Rn = Rns - Rnl (320)

where,
R, — net radiation at the crop surface [MJm~2day 1],
Rys — incoming net shortwave radiation [MJm™~2 day ],

R,; — outgoing net longwave radiation [MJm™2 day~!].

From Equation 3.20, the incoming net shortwave radiation R,s is the easiest

parameter to calculate, according to Equation 3.21.

Rps = (1 - a)R, (3.21)

where,
Rps — incoming net shortwave radiation [MJm~2 day '],
R, — incoming solar radiation [MJm™2day '],

a — albedo or canopy reflection coefficient.

The canopy reflection coefficient also known as albedo, has a fixed value of 0.23
for the hypothetical reference crop [61], which means the only required value is the
incoming solar radiation Rs. Since data regarding solar radiation is available in the
weather data frame, the values only need to be converted to the correct unit.

Considering that the weather data frame typically contains hourly information

2 we can assume that this represents the power re-

about solar radiation in Wm™
ceived per square meter during that hour. From this assumption, the incoming solar
radiation for the whole day converted to the required units, can be calculated with

Equation 3.22.
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24
3600
Ry=>_ (RS[Wm_z] X 106) (3.22)

where,
R, — incoming solar radiation [MJm™2 day~!],

Rgwm-2) — incoming solar radiation [W m~2].

The last parameter needed to complete the formula in Equation 3.20 is the
outgoing net longwave radiation, represented by Equation 3.23, which presents a lot

of variables that need to be carefully estimated.

Ry
(0.34 — 0.14,/e,) (1.3512

Rnl — 0 (Tmax[K])4 + (Tmzn[K])4]

. <—(135) (3.23)

0
where,

R,; — outgoing net longwave radiation [MJm™2 day '],

o — Stefan-Boltzmann constant, which is 4.903 x107 MJK~*m~2day !,

Tnae(x) — maximum daily air temperature [K = °C + 273.16],

Tin[x) — minimum daily air temperature [K = °C + 273.16],

e, — actual vapor pressure [kPal,

R — incoming solar radiation [MJm™2 day '],

Rso — clear sky solar radiation [MJm™2day ],

As seen in Equation 3.23, some of the parameters were already calculated by
the routine such as Rg, €4, and maximum and minimum temperatures after their
conversion to absolute temperatures. However, the one missing value is the clear sky
solar radiation Ry, that can be obtained from altitude and extraterrestrial radiation,

as shown in Equation 3.24.

Ry, = (0.00002H + 0.75) R, (3.24)

where,
Ry, — clear sky radiation [MJm~2 day 1],
R, — extraterrestrial radiation [MJm~2 day~!],

H — elevation above sea level [m].

The value of elevation above sea level H should be defined previously and must
differ from vineyard to vineyard but, in this particular case, it is considered to be
250 m. Regarding extraterrestrial radiation R,, this value can be estimated with
Equation 3.25.
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s

Ro = (22 Gucdy o sin(9)sinf8) + cos(6) cos(@)sin(w)]  (3:29

where,
R, — extraterrestrial radiation [MJm~2day~!],
G — solar constant, which is 0.0820 MJ m~2 min~",
d, — inverse relative distance between earth and sun,
d = solar declination [rad],
ws — sunset hour angle [rad],
¢ = latitude [rad].

The missing values in the previous equation can be estimated by the following
Equations 3.26, 3.27 and 3.28. The following equations apply defined values that
can be obtained by the routine itself, such as the day of the year J, and latitude ¢,
which can be defined by the user or obtained from the API request.

27
r=1 . — 2
d + 0.033 cos <365J) (3.26)
§ = 0.409 si <27TJ 139) (3.27)
=0. in(——J—1. .
"\ 365
ws = arccos [— tan(¢) tan(9)] (3.28)

where,
d, — inverse relative distance between earth and sun,
d — solar declination [rad],
ws — sunset hour angle [rad],
¢ — latitude [rad],
J — number of the day in the year between 1 and 365 (or 366 in a leap year).

With the values obtained from all the previous equations, the process of de-
termining net radiation at the crop surface R, is completed, and the algorithm
can finally determine reference evapotranspiration ETy with the previously stated
Equation 3.10 from the FAO Penman—Moneith method.

3.3.2 Crop Coefficient Determination

As previously mentioned, in order to determine crop evapotranspiration ET., the
crop coefficient K. of the vineyards must be estimated. In cases where a plantation
requires more water than grass (which is the reference crop for ETy), the value of K,

is bigger than 1. In the opposite case, where the crop requires less water, K. is less
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than 1. Generally speaking, the K. of vineyards is typically less than 0.8, meaning
that they require less water than grass. However, this value is not constant, and
varies throughout the growing season and stage of the crops [99].

A parameter that is used to estimate the growth and development of certain
crops during the growing season, is GDD that can be calculated with Equation 3.29
[100].

Trmaz + Tinin

GDD = "% =% — Tigye with GDD >0 (3.29)

where,
GDD — growing degree days [corresponding to °C],
Tinae — maximum daily temperature [°C],
Tnin — minimum daily temperature [°C|,

Thase — base temperature [°C].

As seen in this equation, the mean daily temperature is calculated as GDD and
includes a minimum development threshold that must be exceeded for growth to
occur, referred to as the base temperature Tpqs.. This means that if the mean tem-
perature is below Tp,se, GDD must be considered null. For the simulation location,
which is in a Douro Valley, the base temperature Ty, is typically considered as 10
°C, and the growing season usually begins on April 15 [101].

In order to determine the GDD of the vineyard, temperature data is required,
and similarly to what has been done previously in the meteorological data gathering
set of operations in data processing module, the first part of the code does a request
to Weather API. Since the only concern are daily temperatures, the request is done
differently, in order to get a response exclusively with the maximum and minimum
temperatures for the requested days. This information is then processed into a data
frame, similarly to the previous modules.

With the data frame of maximum and minimum temperatures, Equation 3.29
is applied to estimate the GDD per day, and Accumulated Growing Degree Days
(AGDD) is also determined for every day using a cumulative sum function, explained
by Equation 3.30

k
AGDDy, = ) GDD; (3.30)

i=1
Washington State University provided a varying-rate K. that is dependent on
AGDD, which serves as an estimator of canopy and fruit development [99]. This
means that the vineyard will have a K, that changes throughout the growing season,

as seen in Figure 3.3.
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However, since the data provided by Washington State University considered a
base temperature of 50 °F, a conversion to °C is required. The base temperature
can be considered the same, as 50 °F is equivalent to 10 °C. Regarding the GDD,
as stated by [102], 9 GDD calculated using Fahrenheit are equal to 5 GDD using

Celsius, which means Equation 3.31 is applied for this conversion.

Vineyard Crop Coefficient Variation

0.8 -
< 0.6 -
x
% 0.4 -
Y -
5 = M
0.2 4
OU e L .
6 560 lObD 15I00 20‘00 25b0 30‘00
Accumulated Growing Degree Days (Base 50 °F)
Figure 3.3: Variation of K. with AGDD, adapted from [99].
GDD _ GDD 3.31
[eC] = 5 X [°F] ( . )
where,

GDDjs¢) — growing degree days [corresponding to °C],
GDDjop; — growing degree days [corresponding to °F].

Despite the previous data already containing lots of points for multiple AGDD
and K., there is only a relation for every 20 GDDpp) or 11.11 GDDocy. This
means that if the routine gets an AGDD number that is between two relation values
(which is a common situation), an error would occur because there would be no
corresponding K.. To solve this issue, the algorithm performs a process of linear
interpolation, and the crop coefficient K. is successfully estimated.

As stated in Chapter 2, after determining the value of K, in order to estimate
the crop evapotranspiration ET,., Equation 3.32 is applied using reference evapo-

transpiration ETj obtained previously.

ET, = K, x ET,, (3.32)

where,
ET, — crop evapotranspiration [mm day '],
K. — crop coefficient,

ET, — reference evapotranspiration [mm day ).
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3.4 Irrigation Model

With the determination of crop evapotranspiration E'T, the following system module
is responsible for estimating the vineyard’s water requirements. Using all the data
available from evapotranspiration parameters and weather (mainly precipitation),
the purpose of this module is to output the amount of water required per day for
irrigation systems, considering the previous data available in multiple CSV files.

As previously stated in the literature review chapter, drip irrigation is one of
the most efficient methods to water a vineyard field. However, this module can take
into account multiple irrigation methods, as long as a value of irrigation efficiency is
provided. If the dimensions of row and vine spacing are defined, the algorithm is also
able to estimate the water requirements per vine, which can give a better perception
of how much water every plant needs per day to achieve its optimal state.

The first parameter to be discussed is precipitation, which is of great importance
in irrigation systems. This value directly impacts the amount of water required by
the irrigation system, since it can partially or fully satisfy the water needs of a
vineyard field. However, precipitation is not fully effective for irrigation purposes

and, for this matter, Equation 3.33 defines the effective precipitation I'..

T. =T x fpe (3.33)

where,
I'. — effective precipitation [mm day ],
I' — total precipitation [mm day '],

fpe — effective precipitation factor.

As seen in the previous equation, this parameter is simply calculated by defining
an effective precipitation factor that can vary according to the type of terrain, soil
drainage, plantation, and other variables [103]. Food and Agriculture Organization
(FAO) Training Manual No. 3 [104], which is related to irrigation water manage-
ment, defines this value as 60 % for months when precipitation is lower than 75
mm month™!, and 80 % for the opposite scenario. For simplicity, this algorithm
assumes the value as 70 %, which is a considerate median value. However, after
implementation, vineyard managers should adapt this value as their needs, since the
terrain might need more or less water on rainy days.

With the determination of effective precipitation I';, the Net Irrigation Require-
ment (NIR) is then calculated by subtracting the effective precipitation I'c from the
estimated crop evapotranspiration ET,.. An additional condition must be defined,

because the value of NIR can never be below zero, as Equation 3.34 shows.

NIR = ET, —T. with NIR >0 (3.34)
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where,
NIR — net irrigation requirement [mm day '],
ET. — crop evapotranspiration [mm day_l],

I'. — effective precipitation [mm day 1]

To obtain the Gross Irrigation Requirement (GIR), which can be considered
as the water needs of the vineyard for the day, an effective irrigation factor fr. is

applied, as seen in Equation 3.35.

NIR
er

GIR = (3.35)

where,
NIR — net irrigation requirement [mm day '],
GIR — gross irrigation requirement [mm day '],

fre — effective irrigation factor.

The effective irrigation factor f7. must be a previously defined value, according
to the efficiency of the irrigation system being used in the vineyard. Considering one
of the most effective methods, which is drip irrigation, a value of 85 % is assumed
for this matter.

As vineyards typically tend to have areas in the order of hectares (ha), the
total water requirement in liters per hectare per day GIRp, is calculated. This is
achievable because 1 mmday~! amount of water is equivalent to 1 Lm~2day !,

which means that Equation 3.36 easily manages this conversion.

GIRj, = GIR x 10% (3.36)

where,
GIRy,, — gross irrigation requirement per hectare [L ha=2 day~!],

GIR — gross irrigation requirement [mm day '],

For a better perception of how much irrigation is needed by each grapevine, an
approximation of the the total water requirement in liters per grapevine per day
GIRy, can also be estimated, if row spacing L, and vine spacing L, are provided,

as seen in Equation 3.37.

GIR,, = GIR x (L, x L) (3.37)

where,
GIRy, — gross irrigation requirement per grapevine [L day_l},

GIR — gross irrigation requirement [mm day '],
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L, — vineyard row spacing [m]

Y
L, — vineyard vine spacing [m].

Further calculations can also be executed, such as the amount of time that
irrigation needs to be turned on in each row of grapevines per day, if the irrigation
system flow rate is provided. Considering a row containing N grapevines and a
flow rate of @, the time of irrigation for the vineyard row can be estimated using
Equation 3.38.

N x GIRg,
=9

o (3.38)

where,
t — irrigation time [sday '],
Q — irrigation flow rate [Ls™!],
N — number of grapevines in the row,

GIR,, — gross irrigation requirement per vine [L day'].

To implement or analyze all the previously obtained data, a CSV file containing
all the metrics is generated, as well as a visual graphic with the most important
values. With these considerations, vital information is acquired and vineyard man-
agers can incorporate this data on their systems, in order to guarantee the maximum

sustainability and resource efficiency, specially in terms of water savings.

3.5 Energy Model

The last module of the intelligent system is the energy model, which contains a
set of operations that can estimate the optimal energy consumption timings. This
algorithm can be applied not only for irrigation purposes, since it can estimate the
best timings to power water pumps, flow pumps or valves, but also for the multiple
electric devices that a vineyard warehouse can have [105, 106].

With multiple series of data processing and analysis steps to estimate optimal
energy consumption timings, this module is based on electricity grid prices previously
estimated, and renewable energy production, such as wind and solar. Given the
modular nature of this system, this routine can use data sourced from different
places, such as multiple CSV files, that can be either formed by the previous data
processing module, or directly inserted by the user.

Starting of with the data processing, this module reads the information contained
in the CSV files, such as the grid price and renewable energy production. All this
information is merged considering the date and time of the information, in order to

ensure that the data is in a consistent format for further processing.
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Since this module does not require the source of renewable energy production, all
the solar and wind energy is combined to a single value that displays the total amount
of energy production. Once again, given the modular nature of the algorithm, the
vineyard can have multiple sources of renewable energy production, or none.

Given that the optimal energy consumption timings should be considered per
day, the algorithm then applies a normalization per day and all the values range
between 0 and 1, for further model training. This process is characterized by scaling
all numerical values in a dataset to a common range, in order to ensure that all
features contribute equally to a model which denies domination of features with
larger ranges compared to smaller ones.

The decision of normalization per day was applied for three main reasons: daily
fluctuations, model stability and comparative analysis. Since data such as grid price
and renewable energy can fluctuate significantly over a day, by normalizing these val-
ues within each day, the model can better distinguish changes within the day rather
than being influenced by absolute values. This will ensure the achievement of better
model stability, since it is not biased by differences in overall energy production or
prices between days. These steps further allow a more meaningful comparison of
values on a relative scale, rather than an absolute one.

In energy management systems, users often want to optimize their energy usage
to minimize costs while maximizing the use of renewable energy sources. However,
given the availability and fluctuation of these parameters, an heuristic approach
combines these factors into a single score that reflects the most favorable times for
energy consumption. Given the data normalization, the next step of the algorithm is
to define the heuristic calculation for the most optimal moments. This is estimated
using a weighted combination of the grid price and renewable energy, where the
formula incorporates predefined weights, and the score is then normalized between
0 and 1.

The heuristic of the model is defined in Equation 3.39, which clearly evidences
that the optimal score is calculated by combining the two main factors of energy grid
price C and renewable energy production F, where lower grid prices are preferred for
minimizing costs and higher renewable energy availability is preferred for maximizing

the use of clean energy.

S*=ax(1-C)+8xFE (3.39)

where,
S* — normalized optimal score [0 < S* < 1],
C — normalized grid price [0 < C < 1],
E — normalized renewable energy production [0 < F < 1],
a — grid energy price weight,

[ — renewable energy production weight.
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As seen in Equation 3.39, there are two predefined weights o and 3, that are set
to 1 and 1.5, respectively, since the model wants to value more the renewable energy
production. However, these weights can be changed accordingly to user preferences.

With the previous straightforward approach to determine the best times for
energy consumption, the significance of low grid prices and importance of high re-
newable energy availability are balanced. This score helps identify the most cost-
effective and environmentally friendly times to use energy, which will then guide
decision-making, help reduce costs and achieve better energy sustainability.

In order to extract more features from the data, the normalized hour adjusted to
renewable energy is also calculated by multiplying the hour of the day in a cyclical
format by renewable energy production, as seen in Equation 3.40. This feature
captures the interaction between the hour of day and renewable energy production,
since it often follows a daily pattern, particularly in photovoltaic energy production.
This feature, along with the previous heuristic defined, helps the model understand

how energy availability changes throughout the day and identify patterns.

F), = sin? (2”22 h ) x E (3.40)
where,

F}, — hour adjusted to renewable energy feature [0 < Fj, < 1],

h — hour of the day [0 < h < 23],

E — normalized renewable energy production [0 < E < 1],

After defining the features, which are the grid energy sell price C' and renewable
energy production F, as well as the adjusted hour of the day F}, the next step is
the model definition.

Characterized by providing a discrete or continuous output, high interpret ability
and a good non-linearity handling, a Decision Tree model was chosen. This super-
vised learning algorithm is used for classification, regression and decision-making
tasks, which aligns with the the intended objective. It works by recursively splitting
the dataset into subsets based on the most significant features, creating a structure
similar to a tree. This type of model is intuitive, and can show how decisions are
made based on the input features. It is also capable of well handling noisy or irrele-
vant information, and the amount of data typically needed for the model to perform
well is low, meaning the training time of this model is usually fast [107, 108].

Since the purpose is to predict continuous numerical values and not categorical
labels or classes, the Decision Tree Regressor is chosen, instead of the Decision
Tree Classifier. One downside of this model is that it can be prone to over fitting,
especially with very complex trees. To mitigate this issue, a more complex method

named Random Forest is typically used [109, 110]. However, since our tree is not
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very complex and has a small amount of data, the Decision Tree Regressor model
performed well after a few comparison tests.

Before training the model, which is a critical phase in the machine learning
workflow where an algorithm learns from the training data to make predictions or
decisions, the data must be prepared and split into training and test set. Using
scikit — learn [111], which is an open-source machine learning library utilized in
Phyton, the features and labels are defined. The features are the input variables
the model uses to learn, and the labels are the values that the model predicts. In
this case, the features are the ones previously stated, and the label is the normalized
optimal score S* defined by the heuristic in Equation 3.39, that defines the optimal
energy consumption timings.

After the definition of features and labels, that data is then split into a training
and test set, where the training set is used to train the model, while the test set
is used to evaluate its performance. The proportion of the dataset to be used for
testing, which is defined as the test size, is established as 20 %, and a random state
is defined to control the randomness of the data splitting process. The random state
definition is a good practice, because every time the algorithm is executed, the same
train-test split occurs, which is useful for consistency and debugging.

With the previous settings, the model is ready to be trained and make predic-
tions, using multiple functions provided by the scikit — learn library, such as the
model fit and predict ones. After some processing and formatting, all the predicted
information and features weights are then stored in a CSV file, and a graphical im-
age is generated containing the predicted score S for optimal energy consumption.
All this information can be used to guide decision-making in energy management

systems, ensuring the highest level of sustainability and resource efficiency.






Chapter 4

Results and Discussion

With the methodology of the developed intelligent resource management explained,
the purpose of the current chapter is to present the findings and results derived from
the methods and calculations in the previous chapter, in order to validate the system.
The outcomes are analyzed and discussed to evaluate their significance, implications,
and alignment with the objectives of this study, to provide a comprehensive under-
standing of all achieved results. The chapter explores potential explanations for
the observed trends, as well as providing multiple simulations of realistic conditions
with multiple interchanging variables. All the system information outputs can also

be analyzed in Appendix A, which contains the log file of the system.

4.1 Test Scenario

In order to experiment and validate the system, a test scenario was defined, which has
the objective to host the system and present the findings and results obtained from
the methods clarified in the previous chapter. With this purpose, some assumptions
need to be accounted for and, once again, they can be adapted according to user
preferences and vineyard specifications. As stated previously, since the model is a
prototype built without on-site data, the simulation location chosen was Valenca do
Douro, Portugal, whose coordinates are 41°10°23.4"N, 7°32’°54.1"W, merely for test
purposes.

As a reminder, the solar module used for this simulation was Canadian Solar
CS6X-300M, and it was considered that the photovoltaic site has 4 units, totalling to

o1
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a theoretic maximum of 1200 Wp. The number of units can be changed according to
user preferences, in order to possibly match the vineyard’s installed equipment. The
chosen wind turbine for the simulation was RyseEnergy E-5 HAWT, characterized
by a rated power of 4 kW for a rated wind speed of 11 ms~!. Once again, similarly
to the photovoltaic simulation, the user can define the number of wind turbines
installed on-site but, for simplicity, the number of units for the current simulation
was considered to be 1. Row spacing and vine spacing are also predefined values
that can always be changed and, for this test scenario, these values were defined as 2
m and 1.1 m, respectively, in order to obtain gross irrigation requirements per vine.

The system began running on August 13", 2024, at approximately 03:50, with

the data processing module, which means all the results extend from August 6%

to August 14", As earlier outlined, the system considers historical conditions to
identify patterns and has the purpose of establishing the optimal energy consumption

periods and water requirements for current and following day.

4.2 Data Processing Module Results

As explained in the previous chapter, after processing the raw information from the
Weather API and EnsembleAPI responses, the output will be a CSV file containing
all the following hourly meteorological data: temperature, wind speed, air pressure,
precipitation, relative humidity, and solar radiation data (specified in GHI, DHI
and DNT). As an example of the output, an excerpt of the Comma-Separated Values
(CSV) file can be seen in Listing 4.1.

1 datetime,temp_c,wind_ms,pressure_mb,precip_mm,humidity,ghi,dhi,dni
> 06/08/2024T00:00,19.1,1.65,1014.0,0.0,68,0.0,0.0,0.0

3 06/08/2024T01:00,18.7,1.44,1014.0,0.0,69,0.0,0.0,0.0

. # data ommited for brevity

5 14/08/2024T18:00,29.5,3.85,1014.0,0.0,17,320.0,57.0,723.8867

¢ 14/08/2024T19:00,26.6,2.75,1015.0,0.0,23,128.0,39.0,507.17822

7 14/08/2024T20:00,24.2,1.99,1016.0,0.0,29,9.0,5.0,52.405167

s 14/08/2024T21:00,22.9,1.65,1017.0,0.0,32,0.0,0.0,0.0
o 14/08/2024T22:00,22.1,1.44,1017.0,0.0,34,0.0,0.0,0.0

0 14/08/2024T23:00,21.6,2.32,1017.0,0.0,34,0.0,0.0,0.0

Listing 4.1: Processed climate data included in the CSV file.

However, as mentioned in the methodology Chapter 3, the system also automat-
ically outputs graphical information in Portable Network Graphics (PNG) format.
The following Figures 4.1 to 4.6 display the same information that is present in the

CSV file, but in a more intuitive way.
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As a short discussion of the previous meteorological data, one can see that the
days in study were quite hot, with minimum temperatures exceeding 20 °C, and
maximum temperatures reaching almost 40 °C, as observed in Figure 4.1. Regarding
wind speed, it is visible in Figure 4.2 that, in average, the days had a light breeze,
with stronger winds generally in the afternoon. It is also noticeable that on August
14" the winds are quite low compared to the previous days, which suggests that the
wind energy production will be very poor for that day. By analysing air pressure
in Figure 4.3, the relationship between this value and air temperature is visible,
because when air temperature increases, the air expands and becomes less dense,
which leads to a decrease in air pressure.

Evidenced in Figure 4.4, the days were very clear in terms of precipitation,

3t which means the irrigation model

with a small chance of rain for August 1
should consider this value. In Figure 4.5, relative humidity value tends to be dry
to moderate during the day, with an increase in its value as the night approaches.
In regard to solar radiation, one can see that the days were very similar, except
on August 13" because of the predicted precipitation which usually means clouds.
This event becomes evident given the increase of DHI value, as the radiation tends
to get scattered by molecules and particles in the atmosphere, as seen in Figure 4.6.

Considering the processed meteorological data, the next operation of the mod-
ule was to estimate the photovoltaic energy production using the two previously ex-
plained methods. Both methods generate a CSV file containing the energy produced
hourly in kWh and, as an example of the output, an excerpt of the file regarding
Method A can be analyzed in Listing 4.2.

1 datetime,pv_energy

2> 06/08/2024T00:00,0.0

3 06/08/2024T01:00,0.0

. # data ommited for brevity

5 14/08/2024T18:00,0.32253272064000005
6 14/08/2024T19:00,0.1345407418368

7 14/08/2024T20:00,0.0097271018208

& 14/08/2024T21:00,0.0

9 14/08/2024T22:00,0.0

10 14/08/2024T23:00,0.0

Listing 4.2: Estimated hourly photovoltaic energy production
included in the CSV file, for Method A.

Similarly to the processed climate data, this part of the algorithm also generates
a graphic for both methods, where one can analyse the estimated hourly photovoltaic

energy production for each method, as seen in Figures 4.7 and 4.8.
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Figure 4.7: Estimated hourly photovoltaic energy production, apply-

ing Method A.
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Figure 4.8: Estimated hourly photovoltaic energy production, apply-

ing Method B.

As seen in the previous graphics, the estimated values appear to be similar to

each other. However, in order to highlight the differences between the two methods,

the total energy output per day is also estimated and can be seen in the result log

of the system and in Table 4.1.

With Table 4.1, the differences between both methods are more noticeable and,
as one can see, Method B tends to estimate lower values than Method A. This can

be explained because PVLib uses more parameters for the calculation that directly

influence the efficiency values for multiple variables, such as different types of radia-

tion, altitude, relative humidity, wind speed, atmospheric pressure and many other

parameters. Further extended analysis can also detect that August 13" was the day

with the lowest amount of photovoltaic energy production because of precipitation

and consequent increase in scattered radiation in the atmosphere, defined by Diffuse

Horizontal Irradiance (DHI).
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Table 4.1: Total estimated daily photovoltaic energy production.

Day Method A [kWh] Method B [kWh]

August 6" 7.11 6.72
August 7t 7.08 6.59
August 8" 7.17 6.80
August 9" 6.90 6.50
August 10" 6.37 5.99
August 110 7.07 6.89
August 120 7.04 6.94
August 13t 5.33 5.48
August 14t 7.14 6.93

Having successfully estimated the photovoltaic yield for the days in study, the
next task executed by the system was the estimation of wind energy production.
From the previously explained approaches in methodology Chapter 3, both methods
generate a CSV file containing the wind energy produced in kWh. As an example, a
small excerpt of the file regarding Method B, which was the process that considered

the turbine power curve, can be seen in Listing 4.3.

1 datetime ,wind_energy
06/08/2024T00:00,0.01409035035127231
3 06/08/2024T01:00,0.0

. # data ommited for brevity

5 14/08/2024T18:00,0.40979967234954684
6 14/08/2024T19:00,0.15254056557363277
7 14/08/2024T20:00,0.02997563466607995
& 14/08/2024T21:00,0.01409035035127231
9 14/08/2024T22:00,0.0

10 14/08/2024T23:00,0.047066949865755575

Listing 4.3: Estimated hourly wind energy production included in
the CSV file, for Method B.

Once again, similarly to estimated photovoltaic energy production, the algorithm
also generates a graphic for both methods, where one can analyse the estimated
hourly wind energy production for each one, as seen in Figures 4.9 and 4.10.

The graphics look nearly identical, with small differences being noticed in daily
curves and at the maximum values, with an accentuation particularly on Method B.
This suggests that the method that considers the turbine power curve might have
higher daily production values. Similarly to whats been done previously, in order to
highlight the methods differences, the total energy output per day is also estimated

and showcased in Table 4.2.
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Figure 4.10: Estimated hourly wind energy production, applying

Method B.
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Table 4.2

Method A [kWh] Method B [kWh]

Day
August 62

7.04
2.53

5

5.68
2.25
4.77

1

August 7th

85

August 8P

1.74
4.57
8.79

.67

August 9th

87
03

3
7.

August 10t?
August 11t

10.61

8.74
9.41
1.28

August 12t

11.14

August 13t

1.23

August 14t
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As suspected, Method B tends to have greater values than Method A, specially on
windier days. This can be explained because this method considers the power curve
of the turbine, which already contains multiple defined efficiency factors provided
by the manufacturer. Further analysis also showcases that August 14" was the
day with the lowest wind energy production, confirming the assumption done in the
climate analysis where winds were predicted to be quite low.

With the estimation of photovoltaic and wind energy production accomplished,
as stated in the methodology chapter, it is crucial to consider data of energy prices
for planning and decision making processes. For this matter, the next step executed
in the module is the gathering and processing of information provided in OMIE
database, whose values are used to generate a CSV file after processing and a graphic

visible in Figure 4.11.
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Figure 4.11: OMIE daily market energy price.

However, as explained previously, it is vital to consider additional charges such as
seller management costs, profit margins and grid access taxes. Considering the prior
information about OMIE daily market energy price, the algorithm outputs another
CSV file, containing the final price of electricity used from the grid in EURkWh™!.
Comparably to previous results, an excerpt of the output can be seen in Listing 4.4

and the full graphic in Figure 4.12.

1 datetime,grid_price
06/08/2024T00:00,0.191874

3 06/08/2024T01:00,0.186239

. # data ommited for brevity

5 14/08/2024T18:00,0.14038849999999997
6 14/08/2024T19:00,0.15825949999999997
7 14/08/2024T20:00,0.185273

& 14/08/2024T21:00,0.19129899999999997
9 14/08/2024T22:00,0.18472100000000002
10 14/08/2024T23:00,0.168207

Listing 4.4: Estimated grid energy sell price included in the CSV file.
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Figure 4.12: Estimated grid energy sell price.

By comparing Figures 4.11 and 4.12, we can see that the curves follow the same
pattern, but with higher values. This can be justified due to the fact that grid

energy sell price is always indexed to OMIE price, after summing up all the taxes.

4.3 Evapotranspiration Estimation Module Results

After processing and estimating the multiple types of data in the previous module,
the following results are relative to the evapotranspiration estimation module. As
previously stated, this module can accurately estimate reference ETy and vineyard
ET, using crop coefficient K., that can be derived from the AGDD.

The beginning of the module is responsible for estimating reference evapotran-
spiration by using all the previous methods discussed and data from data processing
module. The algorithm firstly produces a CSV file containing the ET0 values for
the considered days, and gathers precipitation data that is required for the further
irrigation model. The full CSV can be analysed in Listing 4.5, as well as the graphic
provided by the algorithm in Figure 4.13, equally to all the previous processes.

1 date,total_precip,estimated_etO
> 06/08/2024,0.0,5.752915019212967

3 07/08/2024,0.0,5.890384031468934
4 08/08/2024,0.0,6.232368943678565
5 09/08/2024,0.0,6.218157581462105
6 10/08/2024,0.0,6.041552355754466
7 11/08/2024,0.0,6.124280404176885
& 12/08/2024,0.0,5.7824340792510025
9 13/08/2024,0.55,4.219663638646137

10 14/08/2024,0.0,5.727710981291331

Listing 4.5: Estimated reference evapotranspiration in comparison to
total precipitation, included in the CSV file.
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Figure 4.13: Estimated reference evapotranspiration in comparison
to total precipitation.

As one can see from the prior listing and graphic, reference evapotranspiration
had a similar value throughout the days, which makes sense since the climatic con-
ditions were similar. However, on August 13*", a decrease in evapotranspiration can
be spotted, specially because of the lowering of radiation values due to precipitation.

With the determination of reference evapotranspiration ETj achieved, the follow-
ing step is to estimate the crop evapotranspiration ET,, by using the Accumulated
Growing Degree Days (AGDD) calculated from the temperatures gathered in the
growing season. An extensive CSV file is produced, since it is considered that the

growing season starts on April 15¢, and an excerpt of it is exposed in Listing 4.6.

1 date,max_temp_c ,min_temp_c,gdd, cumsum_gdd, kc

> 01/04/2024,9.7,4.3,0.0,0.0,0.0

3 02/04/2024,8.2,5.3,0.0,0.0,0.0

1 03/04/2024,17.1,7.6,2.350,2.350,0.0

5 # data ommited for brevity

¢ 06/08/2024,31.2,17.5,14.350,1075.949,0.722

7 07/08/2024,34.1,19.3,16.700,1092.649,0.687

s 08/08/2024,35.3,20.7,18.0,1110.649,0.661

9 09/08/2024,37.8,22.0,19.9,1130.550,0.635

0 10/08/2024,39.1,23.7,21.4,1151.950,0.586

11 11/08/2024,34.0,20.2,17.1,1169.050,0.553

12 12/08/2024,31.0,17.7,14.350,1183.3999999999999,0.524
13 13/08/2024,26.6,16.6,11.600,1194.9999999999998,0.509
14 14/08/2024,31.8,15.4,13.600,1208.599,0.476

Listing 4.6: Estimated grid energy sell price included in the CSV file.

Similarly to the previous modules, this set of operations also produces graphical
information that can showcase the values fluctuations in a more intuitive way, as

seen in Figures 4.14 and 4.15.
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Figure 4.14: Estimated daily Growing Degree Days (GDD) and

AGDD.

The graphic showcases that on the first days of growing season the AGDD value

remains particularly constant, with small increases. This can be explained since the

average temperatures on these days are typically low, and they might not be enough

to surpass the base temperature of 10 °C, which results in a null value of daily

Once the temperatures start to increase at the end of May,

GDD in some cases.

their average begins to easily surpass the base temperature, and a rapid increase in

AGDD is visible with a constant escalation until the forecast days of study.

Using the vineyard crop coefficient variation with AGDD explained in the method-

ology chapter, the value of K. can finally be determined, as shown in Figure 4.15.
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Figure 4.15: Estimated crop coefficient.

By analysing the previous graphic, multiple conclusions can be drawn from it.

The value of K. is partially parallel to the AGDD and a pattern can be seen between

the two values. However, at the beginning of August, the value of K, stops following

the trend of AGDD and starts to decrease.
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As previously stated, this coefficient varies depending on the growth stage of the
grapevine, environmental conditions, and the specific practices in the vineyard. At
the beginning of the graph, the value of K, is minimal, as the canopy is still small,
which is considered the bud break phase of the vineyard. Once the vineyard has a
shoot development around the beginning of May, the value of K, starts increasing,
as the canopy expands and the vine enters a more active growth phase, reaching
flowering around June. From the flowering to fruit set, the value keeps increasing,
but in a moderate way, as the vine is actively growing and setting fruit [112].

In the middle of June towards the beginning of July, we can see another rapid
increase in the crop coefficient due to the large canopy and significant fruit devel-
opment as the vineyard is likely reaching the véraison phase. The graph shows that
the K. value reaches its highest point around beginning of August, when the water
demand is at its peak, because the grapes are rapidly developing and ripening. After
this peak, the crop coefficient should decline slightly as the vines begin preparing for
harvest and reduce their water uptake, because grapes approach full ripeness. Not
only that, K. value is initially high from wvéraison to harvest phases, but it tends to
decrease as deficit irrigation is used to concentrate flavors of the grapes to provide

flavorful wines [112].

4.4 Irrigation Model Results

With all the previous results, particularly crop evapotranspiration ET, the following
module is responsible for estimating the vineyard water requirements, as explained
in the methodology chapter. As a reminder, if row spacing L, and vine spacing L,
are provided, the algorithm can also estimate the water requirement in liters per
grapevine. Once again, like the previous modules, this algorithm also generates a
CSV file containing all information (Listing 4.7), and a graphic containing the most

relevant values for the system (Figure 4.16).

1 date,total_precip,estimated_etO ,kc,estimated_etc,Pe,NIR,GIR,
irrigation_1l_per_ha,irrigation_1l_per_vine
> 06/08/2024,0.0,5.752,0.721,4.151,0.0,4.151,4.884,48841.910,10.745
3 07/08/2024,0.0,5.890,0.686,4.044,0.0,4.044,4.758,47581.482,10.467
1 08/08/2024,0.0,6.232,0.660,4.118,0.0,4.118,4.845,48453.369,10.659
5 09/08/2024,0.0,6.218,0.635,3.948,0.0,3.948,4.645,46454.026,10.219
¢ 10/08/2024,0.0,6.041,0.586,3.543,0.0,3.543,4.168,41686.004,9.170
7 11/08/2024,0.0,6.124,0.553,3.390,0.0,3.390,3.988,39884.556,8.774
& 12/08/2024,0.0,5.782,0.524,3.035,0.0,3.035,3.571,35710.952,7.856
9 13/08/2024,0.55,4.22,0.509,2.147,0.385,1.762,2.073,20738.926,4.562
10 14/08/2024,0.0,5.727,0.476,2.730,0.0,2.730,3.212,32127.741,7.068

010'3030)030101
wwww.hpp»»

Listing 4.7: Irrigation water requirements values in the CSV file.
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Figure 4.16: Irrigation model water requirements.

From this graphic we can conclude that the information contained in the CSV
file is more intuitive to analyse. As one can see, when there is no precipitation
occurrence, the NIR line aligns with E7. line, which makes sense since there is
no compensation for the water requirement by effective precipitation I'.. When
precipitation occurs, as seen on August 13", the effective precipitation can partially
satisfy some of the vineyard evapotranspiration, which causes the NIR value to lower.
Considering the effectiveness of the irrigation system, which is drip irrigation, the
value of GIR is always higher than NIR, which is also clearly evident in the graphic.

Given that row spacing and vine spacing are provided, the water requirement in
liters per grapevine GIRy, can be estimated, in comparison to the Gross Irrigation
Requirement (GIR) in mm day~! and water requirement in liters per hectare GIR,q,

as seen in Table 4.3, which resumes the information output by the system.

Table 4.3: Irrigation water requirements in multiple formats.

Day GIR [mmday '] GIRy, [Lha~?day™'] GIR,, [Lday ']

August 60 4.88 48841.91 10.75
August 7" 4.76 47581.48 10.47
August 8! 4.85 48453.37 10.66
August 90 4.65 46454.03 10.22
August 10t 4.17 41686.00 9.17
August 110 3.99 39884.56 8.77
August 120 3.57 35710.95 7.86
August 132 2.07 20738.93 4.56
August 142 3.21 32127.74 7.07

By analyzing this table, it is clear that the amount of water required by the
vineyard begins to lower because of the decrease in the crop coefficient value as the
vineyard is approaching the harvesting phase. On August 13", the amount of water

required is even lower because of the precipitation prediction. With these results,
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vital data is provided and vineyard managers can incorporate it on their irrigation

systems, to ensure maximum sustainability regarding water efficiency.

4.5 Emnergy Model Results

As explained in the methodology chapter, the last module of the intelligent system is
the energy model, which contains a set of operations that can estimate the optimal
energy consumption timings. Like the previous modules, a CSV file and a graphic
containing the most relevant value is also generated, which is the optimal energy
consumption score. As inputs, the module requires the grid energy sell price and
renewable energy production files. As a prototype in evaluation, Method B previous
estimations for photovoltaic and wind energy were used as input data, along with
the grid energy sell price indexed to OMIE. Listing 4.8 displays an example of the
output, with an excerpt of the CSV generated file, that contains the normalized

features values and predicted optimal score for every hour of the study.

1 datetime,grid_price,renewable_energy ,hour,predicted_optimal_score
06/08/2024T00:00,0.648,0.005,0.0,0.124
06/08/2024T01:00,0.550,0.0,0.0,0.149

4 # data ommited for brevity

5 14/08/2024T19:00,0.464,0.242,0.256,0.339

6 14/08/2024T20:00,0.890,0.035,0.0354,0.052

7 14/08/2024T21:00,0.986,0.015,0.017,0.000

s 14/08/2024T22:00,0.8827,0.0,0.0,0.039

9 14/08/2024T23:00,0.621,0.050,0.064,0.161

N

Listing 4.8: Optimal energy consumption scores in the CSV file.

Like previously described, the model calculates a score normalized between 0
and 1, where 0 represents the less optimal hour to consume energy, and 1 represents
the most optimal hour. To estimate this score, the model uses a Decision Tree
Regressor algorithm, that considers three features: grid energy price, renewable
energy production, and hour of the day. However, the algorithm receives two inputs,
since the hour of the day is adjusted by renewable energy. Given this, to evaluate
the model performance and features’ importance in multiple scenarios, a list of case

studies, that follows a complexity order, was implemented, as seen in Table 4.4.

Table 4.4: Summary of energy model case studies.

Case Study Grid Energy Sell Price Renewable Energy Production

A Considered None Considered

B Considered Only Photovoltaic Considered

C Considered Only Wind Considered

D Considered Photovoltaic and Wind Considered
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4.5.1 Case Study A

As seen in Table 4.4 the system must have at least one input in order to generate
a result and, in this case, the grid energy sell price is always considered. Starting
from the lowest complexity Case Study A, this feature is the only considered input
parameter of the system, and Figures 4.17 and 4.18 display the output graphics of
the module.
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Figure 4.17: Optimal energy consumption, for Case Study A.
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Figure 4.18: Energy model features’ importance, for Case Study A.

From the previous figures analysis, it is no surprise that the most optimal timings
typically follow the daily estimated grid energy sell prices, where the most optimal
time to consume electricity is the hour with lower price. This is also confirmed in
the model features’ importance, where grid energy sell price has an importance of

100 % compared to the null importance of the other variables.

4.5.2 Case Study B

The following Case Study B, considers a vineyard that has the ability to produce
photovoltaic energy. For this matter, the model evaluates the contribution of grid
energy sell price and photovoltaic production, outputting the graphics visible in
Figures 4.19 and 4.20.
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Figure 4.19: Optimal energy consumption, for Case Study B.
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Figure 4.20: Energy model features’ importance, for Case Study B.

From the optimal energy consumption graphic, it is possible to analyse differences
in the score relatively to the last case study. This happens because the model is
now considering two input variables, and gives particular importance to renewable
energy production. When comparing the typical energy yield curve of a photovoltaic
system, similarities can be seen alongside this graphic, although some small spikes
appear at night time regarding the grid energy price. However, from the features’
importance figure, one can see that the most important feature for the model was
hour of the day. This means that the model can effectively predict the major part of
the score by only considering the hour of the day. This makes sense since the only
type of renewable energy considered is photovoltaic, and effective energy production
hours from these systems are typically consistent each day, corresponding to sunlight

hours.

4.5.3 Case Study C

In order to confirm that the model is working properly and the major importance
given on hour of the day was not a model formulation error, the Case Study C

considers wind energy as the only renewable energy production input, for a direct
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confrontation of the previous case study. Once again, the model predicted optimal

scores and features’ importance can be seen in Figures 4.21 and 4.22.
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Figure 4.21: Optimal energy consumption, for Case Study C.
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Figure 4.22: Energy model features’ importance, for Case Study C.

In this case, the model cannot predict any major relationship with the hour of
day so its importance has a lower value. This can be explained since the production
of wind energy does not have any relation to a specific hour of the day, contrary to
photovoltaic energy. Since wind speeds are typically random, the model gives more
importance to the renewable energy production and grid energy sell price, and the

graphic presents correspondences to the wind energy yield.

4.5.4 Case Study D

To determine the model performance for a vineyard that contains multiple types of
renewable energy sources, Case Study D showcases what happens when the renew-
able energy production comes either from wind energy or photovoltaic energy. Once
again, grid energy price is always considered for all case studies, and Figures 4.23
and 4.24 display the results of the model.
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Figure 4.23: Optimal energy consumption, for Case Study D.
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Figure 4.24: Energy model features’ importance, for Case Study D.

This score graphic is more complex than the ones shown before, and contains
multiple similarities with all the previous case studies, because it considers all the
electricity sources. When it comes to features’ importance, the model works as
expected, by giving more relevance to renewable energy production in contrast to
grid energy sell price. As previously stated, since photovoltaic energy is now just a
small part of all the inputs considered, the model gives almost null importance to
the hour of the day. This predicted optimal score is recognized as the most efficient,
since it considers multiple renewable energy sources. To further extend the analysis
of this case study, Table 4.5 provides the predicted optimal scores for all the hours
on forecast days, which are August 13" and 14",

As seen in Table 4.5, the columns contain the hourly scores for both days in a
color scheme, where green represents the most optimal window to consume energy,
and red the least optimal. With all this information, these values can be used to
guide decision-making in energy management systems, promoting top-tier sustain-

ability in terms of energy resources.
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Table 4.5: Predicted optimal scores, for Case Study D.

Hour August 13th August 14th

00:00
01:00
02:00
03:00
04:00
05:00
06:00
07:00
08:00
09:00
10:00
11:00
12:00
13:00
14:00
15:00
16:00
17:00
18:00
19:00
20:00
21:00
22:00
23:00

4.5.5 Case Studies Discussion

From the previous case studies, it is noticeable that the energy model can adapt
to the variables in study, such as the types of renewable energies and grid energy
prices, with the features’ importance varying depending on the case. Case Study
A served mostly as a baseline scenario, where no renewable energies were consid-
ered, making it only vulnerable to fluctuations in grid energy prices. On the other
hand, the other case studies provided a more complex approach with the addition
of renewable energy sources, reducing dependency on grid energy but offering more
exposure to weather conditions, such as solar radiation and wind speeds. From a
comparative point of view, Case Study D displayed the most efficient results in terms
of sustainability, since it combines two renewable energy sources. This confirms that
the energy model is based on the interaction between renewable energy sources and

the impact of grid energy sell prices, which supports the system’s adaptive nature.



Chapter 5

Conclusions

5.1 Main Findings

All the research carried out within the scope of literature review highlights numer-
ous intelligent solutions and models that significantly increase productive efficiency
in sustainable agriculture worldwide. From the most effective irrigation methods
to smart sensors, actuators, and decision-making models, many solutions enable
optimal efficiency.

In most agricultural activities, water and energy are not dissociated, and there
is a close link between these resources, which is why the analysis of the water-energy
nexus deserves special attention. The definition of solutions that allow the identi-
fication of these resources’ consumption, interconnection, forecasting, and control,
particularly through monitoring, management, and decision support systems, allows
greater efficiency.

The studies in this area highlight the importance of using renewable energy as a
source of clean energy for irrigation processes, which solves problems generated by
the adversity of the most common terrains in vineyards, such as the unavailability
of energy on-site. By encouraging the use of renewable sources, vineyards can also
reduce their carbon footprint and dependence on non-renewable energy.

Smart irrigation techniques, such as precision irrigation and automated systems,
ensure efficient water and energy use, minimizing waste, allowing resource optimiza-
tion, and enhancing crop growth. Furthermore, using intelligent management sys-

tems for irrigation processes in conjunction with green energy such as photovoltaic
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or wind, a very efficient ecological footprint towards more sustainable agriculture
can be achieved.

After determining one of the best and most efficient irrigation methods for vine-
yards, which is drip irrigation, it is clear that using intelligent solutions to manage
irrigation processes brings considerable advantages. Solutions based on measuring
soil moisture with sensors or solutions based on measuring evapotranspiration end
up delivering a huge benefit in terms of efficiency compared to more traditional
irrigation methods, namely the ones based on a schedule.

The scientific community has created numerous solutions that allow the use of
the concepts covered throughout this work. From simpler to more complex projects
that consider many variables, these solutions allow the achievement of excellent
levels of efficiency and sustainability. However, the current idea is that all these
techniques are dispersed across several isolated systems, and there is a lack of a
resource management model that maximizes productive efficiency in the wine sector.

For this matter, and considering all the technologies and systems addressed in
the literature review, an intelligent resource management system that implements
multiple concepts was developed. Modularity is an important aspect of the system,
and different types of vineyards with different types of systems and equipment can
effectively use the intelligent system. All the modules, considered as the main core
tenets of the system, work in a modular way, and together they can achieve the
maximum sustainability of resources.

Multiple concepts and methodologies are addressed along the explanation of the
model, and various mathematical formulas are considered. The main objective of
the system, is the output of utmost important information that vineyard farms can
implement, specially regarding energy and water resources. With user preferences
defined, the system can adapt to a specific farm and different types of renewable
energy production or irrigation methods can be considered by the model. Evapo-
transpiration was used as the main parameter to calculate vineyard water needs,
and a supervised learning algorithm was implemented to estimate the most optimal
window for energy consumption.

In order to validate the proposed model, multiple results are provided for the
various methodologies of the system, and realistic examples are provided. As a
prototype built without on-site data, the data processing module uses public infor-
mation from climate databases, and estimates photovoltaic and wind energy yield
for realistic scenarios. Evapotranspiration is also estimated using open access data,
and irrigation water requirements are estimated in multiple formats. As for the
supervised learning algorithm, which is a Decision Tree Regressor model, four case
studies are analysed and their scientific results are addressed and explained.

With this system, vital metrics are acquired and vineyard farms can collect

essential data to make informed decisions regarding resource management. These
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considerations can be used to guide irrigation systems, by ensuring that water is
used efficiently and only when necessary, and a better energy management can also
be achieved, by identifying opportunities to optimize energy consumption, reducing
costs and promoting maximum efficiency. Overall, the resource management system
is able to boost the environmental sustainability of the wine sector operations and

enhance productivity of vineyards.

5.2 Contributions

This work contributes to the scientific community by developing an intelligent re-
source management system in vineyards that integrates renewable energy, smart
irrigation techniques, and decision-making models. Some methodologies were pro-
posed to optimize water use, energy consumption, and overall resource sustainability
in vineyard operations. Accordingly, the system performs the management of effi-
cient irrigation with weather and evapotranspiration data, and a supervised learning
model carries out the optimization in energy consumption.

The experiments and tests on different renewable energy sources have been per-
formed on different case studies. Using public climate data in combination with
photovoltaic and wind energy estimations, the results obtained were proficient, con-
firming the effectiveness of the system. The results allow vineyards to achieve better
productivity and sustainability, and form a basis for further work to refine the model
using on-site data.

Given the impact of the study carried out in this work, the research presented
in the literature review was published in a special issue of Multidisciplinary Digital
Publishing Institute (MDPI) electronics journal, named “Sustainable Irrigation Sys-
tems in Vineyards: A Literature Review on the Contribution of Renewable Energy
Generation and Intelligent Resource Management Models”. Submitted to revisions
from international authors, this article was funded by Vine and Wine Portugal-
Driving Sustainable Growth Through Smart Innovation Mobilizing Agenda, whose
project identifier is C644866286-011. The proposed resource management system
is also in preparation for another article and getting arranged for submission soon.
The provisional title of this journal article is “Sustainable Irrigation Systems in
Vineyards: Resource Management System for Optimizing Production Efficiency”,
and will provide a direct correlation to the previous article. Together, both articles
are set to contribute to the advancement in the area and to the identification of new

promising paths in this field.
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5.3 Limitations and Future Work

Given the infeasibility of data access in real vineyards, due to bureaucratic situa-
tions that could not be resolved within a reasonable time, one of the limitations
that occurred was the impossibility of testing the system in a large-scale real envi-
ronment. For future work, it would be interesting to see the system behaving on
this type of application, with on-site data acquired from a meteorological station
and renewable energy production meters. All the processed data from this on-site
information would run on the multiple modules of the system, and the outputs could
be operating together with the multiple components of a irrigation system, namely
the irrigation valves and water pumps. Although the simulations already provided
excellent results, this type of insight would further accentuate the importance of this

resource management system.

5.4 Final Considerations

As a final reflection, it is important to note that all the work carried out required a
high level of planning and organization, as well as extensive knowledge in the field
of Electrical Engineering, particularly in Autonomous Systems. It was a challenging
project, proving to have great potential for study and inevitably allowed to learn
and explore various concepts and technologies that are used in this context. Despite
all the difficulties naturally encountered by a project in this area of engineering, it
is concluded that the proposed objectives were successfully met, achieving a good
design and positive results for a resource management system for optimizing pro-

duction efficiency in the wine sector.
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Appendix A

System Log File

The following listing displays the log file of the resource management system im-
plemented and discussed in the previous chapters. This log contains information
regarding the timestamps and the sequence of operations executed. In addition,

some results are also displayed, regarding the multiple outputs of the system.

1 [2024-08-13 03:51:59.005136] WeatherAPI history request for
2024-08-12 successfully fetched.
[2024-08-13 03:51:59.111757] WeatherAPI history request for
2024-08-11 successfully fetched.
3 [2024-08-13 03:51:59.236589] WeatherAPI history request for
2024-08-10 successfully fetched.
1 [2024-08-13 03:51:59.348839] WeatherAPI history request for
2024-08-09 successfully fetched.
5 [2024-08-13 03:51:59.474934] WeatherAPI history request for
2024-08-08 successfully fetched.
6 [2024-08-13 03:51:59.596181] WeatherAPI history request for
2024-08-07 successfully fetched.
7 [2024-08-13 03:51:59.712617] WeatherAPI history request for
2024-08-06 successfully fetched.
s [2024-08-13 03:51:59.723682] Data has been successfully processed.
o [2024-08-13 03:51:59.733659] EnsembleAPI history request for the
past 7 days successfully fetched.
10 [2024-08-13 03:51:59.739224] Data has been successfully processed.
11 [2024-08-13 03:51:59.860289] WeatherAPI forecast request for

current and following day successfully fetched.

V)

89
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[2024-08-13 03:51:59.867378] Data has been successfully processed.

[2024-08-13 03:51:59.878194] EnsembleAPI forecast request for
current and following day successfully fetched.

[2024-08-13 03:51:59.882556] Data has been successfully processed.

[2024-08-13 03:52:03.622016] IPMA API evapotranspiration request
successfully fetched.

[2024-08-13 03:52:03.679006] Data has been successfully processed.

[2024-08-13 03:52:03.864800] Estimating hourly photovoltaic energy
production using history and forecast weather.

[2024-08-13 03:52:03.867401] Hourly photovoltaic energy production
has been successfully estimated, with Method A.

/> Total Estimated Photovoltaic Energy Production for 06/08/2024:
7.11 kWh

/> Total Estimated Photovoltaic Energy Production for 07/08/2024:
7.08 kWh

/> Total Estimated Photovoltaic Energy Production for 08/08/2024:
7.17 kWh

/> Total Estimated Photovoltaic Energy Production for 09/08/2024:
6.90 kWh

/> Total Estimated Photovoltaic Energy Production for 10/08/2024:
6.37 kWh

/> Total Estimated Photovoltaic Energy Production for 11/08/2024:
7.07 kWh

/> Total Estimated Photovoltaic Energy Production for 12/08/2024:
7.04 kWh

/> Total Estimated Photovoltaic Energy Production for 13/08/2024:
5.33 kWh

/> Total Estimated Photovoltaic Energy Production for 14/08/2024:
7.14 kWh

[2024-08-13 03:52:04.331978] Estimating hourly photovoltaic energy
production using history and forecast weather.

[2024-08-13 03:52:04.385460] Hourly photovoltaic energy production
has been successfully estimated, with Method B.

Total Estimated Photovoltaic Energy Production for 06/08/2024:
6.72 kWh

Total Estimated Photovoltaic Energy Production for 07/08/2024:
6.59 kWh

Total Estimated Photovoltaic Energy Production for 08/08/2024:
6.80 kWh

Total Estimated Photovoltaic Energy Production for 09/08/2024:
6.50 kWh

Total Estimated Photovoltaic Energy Production for 10/08/2024:
5.99 kWh

Total Estimated Photovoltaic Energy Production for 11/08/2024:
6.89 kWh

Total Estimated Photovoltaic Energy Production for 12/08/2024:
6.94 kWh

Total Estimated Photovoltaic Energy Production for 13/08/2024:
5.48 kWh
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38 Total Estimated Photovoltaic Energy Production for 14/08/2024:
6.93 kWh

30 [2024-08-13 03:52:04.849807] Estimating hourly wind energy
production using history and forecast weather.

10 [2024-08-13 03:52:04.852227] Hourly wind energy production has
been successfully estimated, with Method A.

11 /> Total Estimated Wind Energy Production for 06/08/2024: 5.68 kWh

12 /> Total Estimated Wind Energy Production for 07/08/2024: 2.25 kWh

i3 /> Total Estimated Wind Energy Production for 08/08/2024: 4.77 kWh

14 /> Total Estimated Wind Energy Production for 09/08/2024: 1.67 kWh

15 /> Total Estimated Wind Energy Production for 10/08/2024: 3.87 kWh

16 /> Total Estimated Wind Energy Production for 11/08/2024: 7.03 kWh

17 /> Total Estimated Wind Energy Production for 12/08/2024: 8.74 kWh

18 /> Total Estimated Wind Energy Production for 13/08/2024: 9.41 kWh

19 /> Total Estimated Wind Energy Production for 14/08/2024: 1.28 kWh

50 [2024-08-13 03:52:05.315685] Estimating hourly wind energy
production using history and forecast weather.

51 [2024-08-13 03:52:05.327475] Hourly wind energy production has
been successfully estimated, with Method B.

52 /> Total Estimated Wind Energy Production for 06/08/2024: 7.04 kWh

53 /> Total Estimated Wind Energy Production for 07/08/2024: 2.53 kWh

54 /> Total Estimated Wind Energy Production for 08/08/2024: 5.85 kWh

55 /> Total Estimated Wind Energy Production for 09/08/2024: 1.74 kWh

56 /> Total Estimated Wind Energy Production for 10/08/2024: 4.57 kWh

57 /> Total Estimated Wind Energy Production for 11/08/2024: 8.79 kWh

58 /> Total Estimated Wind Energy Production for 12/08/2024: 10.61
kWh

59 /> Total Estimated Wind Energy Production for 13/08/2024: 11.14
kWh

60 /> Total Estimated Wind Energy Production for 14/08/2024: 1.23 kWh

63

66

68

69

[2024-08-13 03:52:06.470544] Local file not found for day
20240814. Attempting to download.

[2024-08-13 03:52:11.015755] File for day 20240814 downloaded.
Respective data has been successfully fetched.

[2024-08-13 03:52:11.018092] Local file not found for day
20240813. Attempting to download.

[2024-08-13 03:52:15.275363] File for day 20240813 downloaded.
Respective data has been successfully fetched.

[2024-08-13 03:52:15.277551] Local file not found for day
20240812. Attempting to download.

[2024-08-13 03:52:19.757993] File for day 20240812 downloaded.
Respective data has been successfully fetched.

[2024-08-13 03:52:19.760370] Local file not found for day
20240811. Attempting to download.

[2024-08-13 03:52:24.282416] File for day 20240811 downloaded.

Respective data has been successfully fetched.

[2024-08-13 03:52:24.284644] Local file found for day 20240810.

Respective data has been successfully fetched.
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~
N

~

80

81

83

[2024-08-13 03
Respective
[2024-08-13 03
Respective
[2024-08-13 03
Respective
[2024-08-13 03
Respective
[2024-08-13 03
processed.
[2024-08-13 03
[2024-08-13 03

:52:24.286059]
data has been
:52:24.2873861]
data has been
:52:24.288691]
data has been
:52:24.290044]
data has been
:52:24.298404]

:52:24.653181]
:52:24.814462]

Local file found for
successfully fetched.
Local file found for
successfully fetched.
Local file found for
successfully fetched.
Local file found for

successfully fetched.

day

day

day

day

20240809.

20240808.

20240807.

20240806 .

OMIE data has been successfully

Estimating grid energy

sell price.

Grid energy sell
successfully estimated.
[2024-08-13 03:52:29.808173]
evapotranspiration and total precipitation
[2024-08-13 03:52:29.809631] Estimating daily
evapotranspiration and total precipitation
[2024-08-13 03:52:29.810852] Estimating daily
evapotranspiration and total precipitation
[2024-08-13 03:52:29.811808] Estimating daily
evapotranspiration and total precipitation
[2024-08-13 03:52:29.812637] Estimating daily
evapotranspiration and total precipitation
[2024-08-13 03:52:29.813562] Estimating daily
evapotranspiration and total precipitation
[2024-08-13 03:52:29.814372] Estimating daily
evapotranspiration and total precipitation
[2024-08-13 03:52:29.815185] Estimating daily
evapotranspiration and total precipitation
[2024-08-13 03:52:29.816020] Estimating daily

Estimating daily

price has been

reference
for 06/08/2024.
reference
for 07/08/2024.
reference
for 08/08/2024.
reference
for 09/08/2024.
reference
for 10/08/2024.
reference
for 11/08/2024.
reference
for 12/08/2024.
reference
for 13/08/2024.

reference

evapotranspiration and total precipitation for 14/08/2024.
86 [2024-08-13 03:52:29.818260] Daily reference evapotranspiration

have been successfully estimated.
g7 /> Estimated Reference Evapotranspiration and Total
for 06/08/2024: 5.75 / 0.00 (mm/day)
Estimated Reference Evapotranspiration
for 07/08/2024: 5.89 / 0.00 (mm/day)
Estimated Reference Evapotranspiration
for 08/08/2024: 6.23 / 0.00 (mm/day)
Estimated Reference Evapotranspiration
for 09/08/2024: 6.22 / 0.00 (mm/day)
Estimated Reference Evapotranspiration
for 10/08/2024: 6.04 / 0.00 (mm/day)
Estimated Reference Evapotranspiration
for 11/08/2024: 6.12 / 0.00 (mm/day)
Estimated Reference Evapotranspiration
for 12/08/2024: 5.78 / 0.00 (mm/day)
Estimated Reference Evapotranspiration
for 13/08/2024: 4.22 / 0.55 (mm/day)

Precipitation

88 /> and Total Precipitation

89 /> and Total Precipitation

90 /> and Total Precipitation

o1 /> and Total Precipitation

and Total Precipitation

93 /> and Total Precipitation

and Total Precipitation
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96

106

116

/> Estimated Reference Evapotranspiration and Total Precipitation
for 14/08/2024: 5.73 / 0.00 (mm/day)

[2024-08-13 03:52:33.932350] WeatherAPI history request for
2024-08-12 successfully fetched.

[2024-08-13 03:52:43.370664] WeatherAPI history request for days
between successfully fetched.

[2024-08-13 03:52:54.157956] WeatherAPI history request for
2024-04-01 successfully fetched.

[2024-08-13 03:52:54.168811] Data has been successfully processed.

[2024-08-13 03:52:54.292978] WeatherAPI forecast request for
current and following day successfully fetched.

[2024-08-13 03:52:54.296154] Data has been successfully processed.

[2024-08-13 03:52:54.301889] Estimating Growing Degree Days (GDD)
with provided data.

[2024-08-13 03:52:54.303729] Growing Degree Days (GDD) have been
successfully estimated.

/> Estimated Growing Degree Days for 13/08/2024: 11.60 GDD, which
results in Accumulated 1195.00 GDD.

/> Estimated Growing Degree Days for 14/08/2024: 13.60 GDD, which
results in Accumulated 1208.60 GDD.

[2024-08-13 03:52:54.143721] Estimating Crop Coefficient (Kc) with

GDD relation.

[2024-08-13 03:52:54.867208] Crop Coefficient (Kc) has been
successfully estimated.

/> Estimated Crop Coefficient for 13/08/2024: 0.51

/> Estimated Crop Coefficient for 14/08/2024: 0.48

[2024-08-13 03:53:08.150263] Estimating irrigation requirements
with provided data.

[2024-08-13 03:53:08.159958] Irrigation requirements have been
successfully estimated.

/> Irrigation Requirements for 06/08/2024: GIR is 4.88 mm/day or
48841.91 1/ha/day, equivalent to 10.75 liters per grapevine (
for Rs = 2, Vs = 1.1)

/> Irrigation Requirements for 07/08/2024: GIR is 4.76 mm/day or
47581.48 1/ha/day, equivalent to 10.47 liters per grapevine (
for Rs = 2, Vs = 1.1)

/> Irrigation Requirements for 08/08/2024: GIR is 4.85 mm/day or
48453.37 1/ha/day, equivalent to 10.66 liters per grapevine (
for Rs = 2, Vs = 1.1)

/> Irrigation Requirements for 09/08/2024: GIR is 4.65 mm/day or
46454.03 1/ha/day, equivalent to 10.22 liters per grapevine (
for Rs = 2, Vs = 1.1)

/> Irrigation Requirements for 10/08/2024: GIR is 4.17 mm/day or
41686.00 1/ha/day, equivalent to 9.17 liters per grapevine (for

Rs = 2, Vs = 1.1)

/> Irrigation Requirements for 11/08/2024: GIR is 3.99 mm/day or

39884.56 1l/ha/day, equivalent to 8.77 liters per grapevine (for
Rs = 2, Vs = 1.1)
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/> Irrigation Requirements for 12/08/2024: GIR is 3.57 mm/day or
35710.95 1/ha/day, equivalent to 7.86 liters per grapevine (for
Rs = 2, Vs = 1.1)

/> Irrigation Requirements for 13/08/2024: GIR is 2.07 mm/day or
20738.93 1/ha/day, equivalent to 4.56 liters per grapevine (for
Rs = 2, Vs = 1.1)

/> Irrigation Requirements for 14/08/2024: GIR is 3.21 mm/day or
32127.74 1/ha/day, equivalent to 7.07 liters per grapevine (for
Rs = 2, Vs = 1.1)

[2024-08-13 03:53:37.774695] Estimating optimal energy consumption
timings with provided data.

[2024-08-13 03:53:37.868622] Optimal energy consumption timings

have been successfully estimated.




