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Abstract

Precision Agriculture (PA) represents a significant advancement in agricultural practices,
focusing on efficiency and sustainability through the integration of cutting-edge tech-
nologies. This dissertation introduces a comprehensive software solution, "SmartData",
which is integrated into the existing "AgriDash" application to enhance the management
and analysis capabilities in agriculture. SmartData leverages satellite imagery to generate
intuitive maps showcasing vegetation, water, and humidity indices, crucial for effective
crop management. Additionally, it incorporates a machine learning model for the accu-
rate classification of plant diseases from images, facilitating timely and effective disease
management.

The system also includes a geolocated disease marker system, providing precise
location and detailed information about plant health issues, and integrates meteorological
data from local weather stations to aid in decision-making based on weather conditions.
These functionalities not only enhance AgriDash but also align with the goals of PA by
improving productivity and sustainability.

The dissertation outlines the development of a disease classification system, the cre-
ation of advanced visualization tools for interpreting satellite data, and the integration of
real-timemeteorological data to enhance agricultural decision-making. These innovations
have been integrated into the AgriDash application, improving its utility for sustainable
farming practices. The relevance and effectiveness of these solutions are further under-
scored by the acceptance of a related paper for presentation at the 15th International
Conference on Ambient Systems, Networks and Technologies (ANT’24).

Keywords: Precision Agriculture, SmartData, AgriDash, Machine Learning, Satellite
Imagery, Disease Classification, Data Visualization, Meteorological Data Integration,
Sustainable Farming Practices
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Resumo

A Agricultura de Precisão (AP) representa um avanço significativo nas práticas agrícolas,
com o foco na eficiência e sustentabilidade por meios de integração com tecnologias de
ponta. Esta dissertação apresenta uma solução de software abrangente, "SmartData", que
está integrada na aplicação "AgriDash"criada para melhorar as capacidades de gestão
e análise na agricultura. O SmartData aproveita imagens de satélite para gerar mapas
intuitivos quemostram índices de vegetação, água e umidade, cruciais para um tratamento
eficaz das culturas. Além disso, incorpora um modelo de aprendizagem automatica para
uma classificação precisa de doenças de plantas a partir de imagens, facilitando um
tratamento prévio e eficaz nas doenças.

O sistema também inclui um sistema de marcadores de doenças geolocalizados,
fornecendo localização precisa e informações detalhadas sobre questões fitossanitárias, e
integra dados meteorológicos de estações meteorológicas locais para auxiliar na tomada
de decisões com base nas condições climáticas. Estas funcionalidades não só melhoram o
AgriDash, mas também se alinham com os objetivos da AP, melhorando a produtividade
e a sustentabilidade.

A dissertação descreve o desenvolvimento de um sistema de classificação de doenças, a
criação de ferramentas avançadas de visualização para interpretação de dados de satélite e
a integração de dados meteorológicos em tempo real para melhorar a tomada de decisões
agrícolas. Estas inovações foram integradas na aplicação AgriDash, melhorando a sua
utilidade para práticas agrícolas sustentáveis. A relevância e eficácia destas soluções são
ainda sublinhadas pela aceitação de um artigo relacionado para apresentação na 15ª
Conferência Internacional sobre Sistemas, Redes e Tecnologias Ambientais (ANT’24).

Palavras-chave: Aprendizagem de máquina, Agricultura de Precisão, Classificação de do-
enças em vinha, Viticultura, Visualização de dados, Interfaces de usuário móvel, Métricas
de avaliação
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1

Introduction

The transformation of agriculture from its primordial practices to its current state is
a testament to humanity’s resilience and innovation. Historically, as societies evolved,
so did their agricultural methodologies, moving from merely subsistence agriculture
to the development of sophisticated agricultural systems [M97]. The Green Revolution
of the 1960s, for example, marked a significant turning point. It introduced modern
agricultural practices, hybridized crops, and chemical fertilizers, leading to an increase in
agricultural production and addressing food security issues of the time [EG03]. However,
with the beginning of the twenty-first century, the challenges facing agriculture have
become multifaceted. Climate change, decreasing arable land, increasing population and
decreasing water resources have added layers of complexity [God+10]. This required a
more refined, data-driven, and technology-driven approach, leading to the emergence of
PA. PA, as a concept, emphasizes the use of advanced technologies such as Geographic
Information Systems (GIS), drones, sensors, and machine learning to optimize crop yield
and resource use, ensuring sustainability and efficiency [ZK12]. Aswe venture deeper into
the era of the Fourth Industrial Revolution, characterized by the fusion of technologies that
blur the lines between the physical, digital, and biological spheres [Sch17], agriculture
is poised for another monumental shift. This dissertation investigates this transition,
highlighting the critical role of Precision Agriculture as a step towards the future. While
the challenges may be unprecedented, so are the technological tools at our disposal. The
synergy between conventional agricultural wisdom and PA’s innovative capacity is the
key to a sustainable and food-secure future.

1.1 Motivation

As the world grapples with escalating food demands, environmental degradation, and
dwindling resources, the imperative to revolutionize agricultural practices becomes more
pronounced. The advent of precision agriculture stands as a testament to the innovative
steps taken to address these pressing issues.

In the vanguard of this agricultural renaissance, PA employs cutting-edge technologies
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CHAPTER 1. INTRODUCTION

to enable meticulous monitoring and management of farming practices. As we approach
the year 2050, with an anticipated global population surge of 9.7 billion, the strain on
food production systems will intensify [UN]. Traditional farming practices, often reliant
on indiscriminate pesticide and fertilizer use, exacerbate environmental damage and
can be detrimental to both farmers’ health and finances. Conversely, PA champions the
optimization of inputs, bolstering yield while simultaneously curtailing environmental
impact and expenditure.

At its core, a farm communicates rich data—from soil composition andmoisture levels
to pest presence—empowering farmers with the information necessary to refine their craft.
However, many decisions continue to be influenced by outdatedmethods that rely heavily
on experiential judgment. Such methods, while steeped in tradition, are susceptible to
inaccuracies and inefficiencies, potentially leading to over-application of pesticides and
subsequent crop and health hazards.

The paradigm shift towards precision agriculture heralds a new era where decision-
making is augmentedby technology. Integration of Internet of Things (IoT) devices enables
seamless data acquisition, reducing the need for continuous on-site personnel. Machine
Learning (ML) algorithms transcend traditional data analysis, uncovering patterns imper-
ceptible to the human eye, and facilitating data-driven decision-making.

However, the transformative potential of PA is only realizedwhen the data is translated
into a format that is both interpretable and actionable by farmers. This underscores the
critical role of data visualization: a farmer must not only access but also understand the
data to make informed decisions.

The increasing complexity in vineyard management highlights a significant gap in the
technological support available to winegrowers and agricultural consultants. Despite the
large amount of data generated in agricultural operations, its effective use in identifying
and classifying problems in the field remains a specific challenge. This situation highlights
the urgent need to develop tools that not only facilitate more efficient data collection and
analysis, but that can also be accessible to users with different levels of technical expertise.

1.2 Context Description

Precision Agriculture (PA), based on the optimal combination of advanced technology and
agricultural practices, promotes efficient resource management to maximize production.
This approach marks a transition from traditional, intuition-based agricultural practices
to modern, data-driven management. The core of precision agriculture is the precise
monitoring of each agricultural plot, enabling specific interventions, adjusted to current
conditions and future projections, offering a response to the challenges of food security,
sustainability and resource preservation [Wig].

The IoT enables full connectivity in agriculture, with sensors in the field that pro-
vide real-time data on soil moisture, weather conditions and crop health. At the same
time, Machine Learning interprets this data, identifying patterns and predicting trends,

2



1.3. PROPOSED SOLUTION

which allows farmers to predict and mitigate potential problems [Fou+15]. Furthermore,
Blockchain offers an innovative solution for the traceability of agricultural products,
reinforcing consumer trust [Tia16].

Portugal, with its rich agricultural heritage characterized by distinctive products such
as cork, olive oil and world-renowned wines, is in a unique position to integrate these
technological innovations. Despite its strong presence in the export market, it faces
challenges such as rural exodus and the aging of the workforce in the agricultural sector,
requiring strategic adaptation [Car].

In this context, organizations such as PORVID and Associação de Viticultores do
Concelho de Palmela (AVIPE) [Vit84] play a vital role, serving as a bridge between
tradition and innovation and promoting the adoption of PA. The collaboration of these
associations with our research team is part of a larger project, which has already seen the
creation of the AgriDash application as part of this joint effort [Mad+22]. AgriDash, a
previously developed tool, is fundamental to this project, not only as a product of previous
academicworkbut also as a critical element for the introduction ofnew functionalities. This
integration will enrich the application with recent advances, further aligning it with the
objectives of promoting efficient and sustainable agricultural practices through technology,
reflecting the ongoing commitment to innovation in the Portuguese agricultural sector.

1.3 Proposed Solution

In the face of the challenges posed by the vast amount of data in modern agriculture, this
dissertation proposes a software solution to simplify and interpret this data, providing
farmers and agricultural consultants with the tools necessary for accurate and informed
management of their crops.

The solution proposed, SmartData, together with its integration into the existing
AgriDash, offers a series of advanced functionalities for agricultural management and
analysis. The tool allows farmers to observe and interpret vegetation, water and humidity
indices derived from satellite data. Using advanced mathematical expressions applied
to specific spectral bands, the platform transforms satellite images into colorful and
informative maps. These maps are essential for understanding vegetation health, water
presence and soil moisture levels, providing a detailed and up-to-date aerial view that is
critical for accurate crop management.

Furthermore, the tool has the ability to classify plant diseases accurately. Through
an image-powered classifier model, the platform identifies and classifies diseases, allow-
ing users to take immediate corrective action to mitigate the spread or impact of these
problems.

Another crucial aspect of the solution is the creation and visualization of disease
markers. This functionality enables detailedmonitoring of each disease, providing precise
geographic information and additional details through pop-ups. This facilitates the
monitoring and efficient management of phytosanitary problems in the field.

3
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Finally, the solution includes analysis of meteorological data, collected from stations
closest to the delimited land, which allows users to better prepare and respond to climatic
variables that directly affect agriculture.

All these functionalities not only make up the SmartData system but were also incor-
porated and harmonized with AgriDash, enhancing the impact and usefulness of these
applications in the practice of Precision Agriculture. With this set of tools, this dissertation
presents a concrete and direct response to contemporary challenges in the agricultural
sector, contributing to more productive and sustainable agriculture.

1.4 Main Contributions

The main contributions of this research work are the following:

• Disease Classification System: Development and implementation of a machine
learning model, capable of accurately classifying plant diseases, through provided
images, allowing early identification and effective management of phytosanitary
problems.

• Advanced Visualization Tools: Implementation of advanced system to visualize
satellite data transformed through mathematical expressions, providing farmers
with intuitive and interactive maps of vegetation, water and humidity indices.

• Geolocated Disease Marker System: Development of a feature that allows the
creation and visualization of markers for identified diseases, providing detailed
information and precise geographic location through interactive pop-ups.

• Meteorological Data System: Incorporation of climate data collected from nearby
weatherstations, facilitatingdecision-makingbasedon currentandpredictedweather
conditions.

• Integration with AgriDash: Integration of SmartData with the AgriDash applica-
tion, resulting in a unified solution that not only centralizes all essential function-
alities for Precision Agriculture, but also offers a platform that can be scaled and
adapted to future needs and emerging technologies.

• Facilitation of Data-Based Decision Making: With the tools developed, users are
empowered to make more informed choices, thus improving operational efficiency,
productivity and sustainability of agricultural practices.

Moreover, a paper focusing on the proposed solutionwas presented at the 15th Interna-
tional Conference on Ambient Systems, Networks and Technologies (ANT’24)1 [Mad+24].

1https://cs-conferences.acadiau.ca/ant-24/
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1.5 Document Structure

The remaining of the document is structured as follows:

• Chapter 2 - Presents the related work and key concepts for this dissertation, a brief
description of previous related articles on PrecisionAgriculture techniques,Machine
Learning, and Efficient Data Visualization.

• Chapter 3 - Contains an explanation of the overall solution developed for this
dissertation. It presents the API construction process, its architecture, how it is
organized, use cases studied and implemented in the application, as well as, the
standard implementation and description of different CNN models algorithms and
data retrieval. It also describes satellite connectivity, data retrieval, andmathematical
expression for the visualization of index layers. Lastly, it provides a brief explanation
of weather data connection and how to retrieve and handle data efficiently.

• Chapter 4 - Describes the web prototype initially developed, SmartData, and its
integrationwith the already developedAgriDash application. This chapter goes over
the technologies used, the application’s overall structure and added functionalities,
as well as some mechanics used to fulfil some of the user’s necessities.

• Chapter 5 - This chapter deals with the evaluation performed on the different parts
of the solution and describes the way the tests were performed and the feedback
from users (farmers and technicians), showing the evaluation results.

• Chapter 6 - This chapter summarizes the key takeaways from the document and
points out areas of the solution that could be enhanced. Additionally, it provides
new ideas that might improve the solution.
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2

Related Work

This chapter examines several studies, research, and techniques that were relevant during
the development of the entire project. Section 2.1 describes the concept of precision
farming, techniques, tools as well as means of achieving precise and sustainable farming.
The next section (2.2) gives a brief overview of Machine Learning (ML), more specifically,
Deep Learning. Section 2.3 talks about Image Fusion, associated strategies, different
techniques and main applications. Section 2.4 refers to big data in agriculture, what big
data is and challenges related to agriculture big data and ML. Finally, section 2.5 will
focus on the effective Visualization of data, key principles and techniques.

2.1 Precision Agriculture

PA is an agricultural concept that is based on measuring, observing and responding to
variability within and between fields of crops and aims to specify a decision support
system for farm management and to optimize its resources [McB+05]. Thanks to tech-
nological advances and new discoveries, this definition of PA has been changing over
the years. In 2019 the International Society of Precision Agriculture (ISPA) defined PA
as being a "management strategy that gathers, processes and analyzes temporal, spatial
and individual data and combines it with other information to support management deci-
sions according to estimated variability for improved resource use efficiency, productivity,
quality, profitability and sustainability of agricultural production" [Spr07].

GPS, remote sensing, satellite images, and other technologies allow data collection on
soil conditions, climate, and crop growth. This data allows for precise determination of
how farmers apply chemicals, fertilizers, and even water. This is essential to reducing
costs and minimizing damage to the environment and soil.

PA solutions discussed above can also be sustainable. Unlike PA, Sustainable Agricul-
ture aims to produce food in a way that is environmentally friendly, socially responsible
and economically viable. Solutions that are sustainable and precise include:

• Variable rate technology (VRT) - Allows farmers to apply inputs such as seed,
fertilizer and pesticides only where they are needed.
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• Remote Sensing - Use of drones, planes and satellites to monitor crop growth and
soil health.

• Precision irrigation - Using sensors and weather forecast data to optimize water
application, reducing water waste and improving crop yields.

• Agroecological practices - They combine traditional agricultural knowledge with
modern technology to build more resilient and productive agroecosystems.

In short, precision agriculture is a farming management concept that uses technology
to optimize crop production. It uses a variety of tools and techniques to store data, analyze
it and make informed decisions in order to increase crop productivity, reduce costs and
minimize the impact on the environment.

2.1.1 Techniques for Precision Agriculture

As previously stated, precision agriculture uses a variety of techniques to optimize
crop production, some of which are GPS-guided machinery, remote sensing, precision
irrigation, variable rate technology, agroecological practices, automation and robotics. By
using these technologies, farmers can gather and analyze data, and with it make more
informed decisions about planting, fertilizing, and harvesting crops. This will lead to a
more efficient use of resources and more sustainable farming practices.

2.1.1.1 GPS-Guided Machinery

The combination ofGlobal Positioning System (GPS) andGeographic Information Systems
allows the pairing of real-time data collection with accurate position information, leading
to a efficient manipulation and analysis of large amounts of geospatial data [gov21].

Multiple GPS-based applications are used for farm planning, field mapping, soil
sampling, tractor guidance, crop scouting, variable rate applications, and yield mapping.
These allow farmers to plant, cultivate, and harvest with high accuracy. GPS also allows
farmers to work during low—or no-visibility field conditions such as rain, dust, fog, and
total darkness.

2.1.1.2 Remote Sensing

Remote sensing is the science of obtaining information from an object without physical
contact. Monitoring of crop growth, soil health and weather conditions is done using
drones, planes or satellites. It can provide farmers with detailed information about the
health of crops, which in turn helps to detect and identify various problems such as pests,
diseases and nutritional deficiencies at an earlier stage. This helps improve crop yields
and reduce costs [WJD20].
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2.1.1.3 Precision Irrigation

Irrigation systems aremeasuredby their efficiency, uniformity, andReturn over Investment.
Precision irrigation is a sustainable agricultural approach that allows the application of
water and nutrients to the plant at the right time and place and in small measured doses in
order to provide it with optimal growing conditions [NET24]. This approach uses sensors
and weather forecast data to optimize water application and reduce water waste.

By using precision irrigation, farmers can ensure that their crops receive the right
amount of nutrients at the right time, which can help to improve crop yields and reduce
water consumption [Abi+20].

2.1.1.4 Variable Rate Technology (VRT)

Variable-rate technology (VRT) allows farmers to apply inputs such as fertilizer, chemicals,
lime, gypsum and irrigation water at different rates across a field. Thus, farmers are able
to reduce the amount of inputs they use, which helps to reduce costs and minimize the
environmental impact of farming.

VRT can be used to deal with spatial variability between management zones. There
are two types of VRT: Map-Based Control is a map with application rates that is produced
for the field prior to carrying out the intended operation and Real-time control where
decisions about which rates to apply in different locations are made based on information
collected during the operation. This requires sensors to detect the necessary information
in real-time. It is usually designed for a specific job, such as herbicide application [ML21;
Sah+19].

2.1.1.5 Agroecological practices

Agroecological practices combine traditional agricultural knowledge with modern tech-
nology to build resilient and productive agroecosystems. Crop rotation, cover cropping,
reduction of chemical inputs and use of more efficient irrigation methods are some exam-
ples of principles to be adopted within agroecological practices [WCC14].

2.1.1.6 Automation and Robotics

In precision agriculture, automation and robotics have becomeone of themain frameworks
thataim tominimize the environmental impactand, simultaneously,maximize agricultural
production. Tasks such as planting, harvesting and plant monitoring are now performed
by automated robots. Currently, the main area of application for robots in agriculture
is in the harvesting stage. Over the past few decades, a significant amount of research
has focused on mobile robot applications for agricultural operations such as planting,
inspecting, spraying, and harvesting [MH20].

The objective of agricultural robotics is to help the agricultural sector in increasing its
efficiency and profitability of the processes. The shortage of labor, increased consumer
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demandandhighproduction costs are someof the factors that have acceleratedautomation
in this sector. Incorporating robotics into agriculture improves not only productivity, but
also enhances working conditions for both farmers and workers. Intelligent systems
are becoming the ideal solution to drive precision agriculture forward, where Artificial
Intelligence provides predictive data to help optimize farms and crops.

2.1.2 Tools for Precision Agriculture

Based on the technologies previously discussed, PA relies on a variety of tools to gather
and analyze data: GPS, Sensing Devices, VRT controllers, Farm Management Software,
and Automation and Robotics.

• GPS technology: It is used to guide tractors and other farm machinery, allows high
accuracy plantation, cultivation and harvesting. It also enables farmers to create
high-resolution maps of their fields, which can be used to identify variations in soil
quality and crop growth.

• Remote Sensing Devices: It includes drones, planes and satellites which are used
to monitor crop growth, soil health and weather conditions. They can gather
information about Normalized Difference Vegetation Index (NDVI) [NAS00] that
can be used to measure and estimate crop health and yield potential.

• Sensors: It includes meteorological sensors, soil moisture sensors and nutrient
sensors. They are used to collect data on the environment and crop health.

• Variable Rate Technology (VRT) controllers: These devices control the application
of seeds, fertilizers and pesticides in real time based on data collected by sensors.

• Farm Management Software: This type of software allows farmers to store, analyze
andmanage data collected by various precision farming tools such as record keeping,
crop mapping and yield analysis.

• Automation and Robotics: These include autonomous tractors, harvesting robots
and field monitoring robots, that can performs planting, harvesting and monitoring.

2.1.3 IoT-based devices

Internet Of Things (IoT) is an interconnection of a large number of devices that are
armed with sensors, software and processing capabilities that communicate with each
other through the internet, sharing data about themselves, the environment and other
devices in their vicinity, without requiring human to human, or even human to computer
communication, and ultimately integrating the physicalworldwith the digital one [Yan11].

This technology has been used in many areas, such as health care, logistics, smart-
homes and smart-buildings. In agriculture, IoT-based devices are becoming increasingly
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popular as a way to improve crop production and efficiency. These devices make use of
sensors, wireless communication and cloud-based data analytics to collect and analyze
data about the environment and crop growth. These devices are embedded systems
composed of a communication module, microprocessors, I/O interfaces, and memory.
The connection between devices and sensors is made through Wireless Sensor Networks
(WSN) which, thanks to its inherent capabilities of self-organization, self-correction, self-
configuration and self-diagnosis, has been the target of exploration when trying to achieve
a way to produce food with less waste and maximum efficiency [Eli+18].

The various types of existing sensors can be classified according to their location, the
type ofmechanism (mechanical or not), whether they are optical and according to the type
of variables/data to be monitored and measured. These variables can be soil nutrients,
temperature, humidity, wind speed, solar radiation or wind speed [SC10]. For a good
use of these devices and sensors, they should not require a lot of maintenance on the
part of the farmers. This is due to their possibly isolated location and the large number
of sensors needed to obtain better results [Eli+18]. Nevertheless, they should also have
great memory capability, computational efficiency, power efficiency, portability, coverage,
reliability, durability, and low cost.

IoT-based devices in agriculture can provide farmers with valuable data that can be
used to make more informed decisions about planting, fertilizing, and harvesting crops.
Some applications of IoT in agriculture include: monitoring of crops [Gar+21], tracking
and tracing of supply chain and machinery using autonomous vehicles, monitoring and
detection of pests and diseases [Ste+20] and smart irrigation [Lio+21]. This will lead to
improved crop yields, reduced costs, and to more sustainable farming practices.

In conclusion, IoT-based devices are becoming increasingly popular in agriculture as a
way to improve crop production and efficiency. According to theUNFood andAgriculture
Organization, with the exponential growth of world population, shrinking agricultural
lands, and depletion of finite natural resources there is a urgent need to produce 70%more
food in 2050 and IoT technologies can be the stepping stone to archive that goal [Con22].

2.2 Machine Learning

Machine Learning (ML) is a field of research in artificial intelligence that focuses on
learning systems and algorithms that learn from data and make predictions or decisions
without being explicitly programmed. ML algorithms can be used for a variety of tasks,
including classification, regression, clustering, and anomaly detection. Because of its
many applications, ML has covered almost all scientific domains, making a significant
impact on science and society [RW14].

By exploiting examples or past experiences, ML can generate efficient relationships for
data inputs and reconstruct a knowledge schema to analyze large data volumes [Ben+21].
In agriculture, ML can be applied in variousways to improve different aspects such as crop
yields, pest and disease detection, and soil analysis. Regarding crop yield, ML models
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can be trained on recorded weather data, soil conditions, and other factors to predict
crop yields. This helps farmers planning for planting and harvesting, and taking more
reasonable decisions about fertilization and irrigation. For pest and disease detection,
ML models can be used to detect pests and diseases in crops by analyzing images of
plants and identifying signs of infestation [DBF22; Ouh+21]. This helps farmers take
preventive measures, at a much earlier stage to protect their crops and minimize losses. In
soil analysis, ML can be used to analyze soil samples and predict nutrient content, helping
farmers to make more informed decisions about fertilization.

Other examples of how ML is being used in agriculture is in livestock monitoring,
where ML is used to monitor the health and behavior of livestock, to detect and address
any issues early on, and in autonomous farming, models can be used in the development
of autonomous farming equipment, such as drones and tractors, which can assist with
planting, harvesting, and other tasks. Overall, Machine Learning is becoming more and
more prevalent in agriculture and is helping farmers to improve crop yields, reduce crop
loss and increase efficiency.

2.2.1 Deep Learning

Deep learning is a specialized set of methods that belong to the Machine Learning family.
Contrary to what happens in ML methods, that start by extracting the most relevant
features and are later used to create a model that categorizes the objects in the images,
in deep learning the relevant features are automatically extracted from images. It then
performs an “end-to-end learning”, where a network is given raw data and a task to
perform, in the case of this dissertation classification of diseases, and it learns how to do
this automatically. This makes DL capable of processing unstructured data at maximum
capacity, producing high-quality results, and avoiding unnecessary costs.

Another key difference is that deep learning algorithms scale with data, which means
that as the amount of data increases, so does accuracy. The increase in data leads the
algorithm to train more and thus reducing the error during classification. Convolutional
Neural Networks (CNN), Recurrent Neural Networks (RNN), Restricted Boltzmann ma-
chine (RBM), and Deep Belief Network (DBN) are among the most known and used
methods of DL.

In recent years, Deep Learning has become commonplace in our daily lives, imple-
mented in a wide variety of applications, products and services, such as: Healthcare using
image recognition for disease detection; Financial Services to track stocks, detect fraud,
and to help manage credit and investment portfolios; and Customer Service through
chatbots and voice recognition.

2.2.2 Multimodal Deep Learning

Despite the intense development carriedout in terms ofunimodal learning, that is, learning
through a single modality, it still fails to cover all aspects of human learning. Modality
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specifies a representation format in which a given type of information is stored. So, the
various forms of media that exist (e.g., image, text, video, or audio) relate to modalities,
and the representation of these multiple modalities together can be defined as multimodal
[GWW19]. The goal of Multimodal Deep Learning (MMDL) is to create models that can
process and link information using various modalities [Sum+21].

MMDL models can be used to analyze and learn from a combination of different
types of data such as text, images, audio and video. They consist of several branches,
each dealing with a different modality of the input data. The different branches are then
combined to make the final decision or prediction. This allows MMDL models to make
more accurate predictions.

As the amount of multimodal data available continues to increase, MMDL models
are becoming increasingly more important. MMDL models can be used in a variety of
applications such as image and speech recognition, video recognition, natural language
processing and sentiment analysis. Some examples of MMDL application in agriculture
are crop forecasting, pest and disease detection, soil analysis, autonomous farming and
livestock monitoring.

2.2.3 MMDL Architectures

MMDL can be categorized in 3 main architectures: probabilistic graphical models, Artifi-
cial Neural Networks (ANN) and miscellaneous architectures groups.

2.2.3.1 Probabilistic graphical models

Probabilistic graphical models includes Artificial Neural NetworksRestricted Boltzmann
Machine (RBM) [Smo86], Deep Belief Networks (DBN) [GT06], Deep BoltzmannMachines
(DBM) [SH09], and Variational Auto-Encoders (VAE) [Hou+17].

Restricted BoltzmannMachines are an undirected graphical model where connections
are constrained to form a bipartite graph by its neurons. It is a stochastic and generative
model with two layers, a visible layer and a hidden layer.

Deep Belief Networks is another probabilistic graphical model that provides a joint
probability distribution over labels and observable data [Smo86]. It is a generative
graphical model that learns how to extract a deep hierarchical representation of training
data. DBN has been widely used in various fields to address representation learning,
semantic hashing and data dimension reduction.

Unlike the others probabilistic models, DBM is a completely generative model that can
extract features from data with some missing modalities. It can capture multiple layers of
complex representations of input data and is suitable for unsupervised learning because
it can be trained on unlabeled data [Sum+21].

Lastly, VAE is one of the most famous techniques for complex distributions in unsuper-
vised learning approaches [Hou+17]. It provides a probabilisticway to define observations
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of the latent space and ensures that this space contains good properties to allow the gener-
ative process. It has promising results in producing complex data like faces, handwritten
digits, segmentation, feature prediction from static images and speech synthesis.

2.2.3.2 Artificial Neural Network (ANN)

The ANNs were inspired by the computational powers of a single biological neuron. They
are at the forefront of creating Artificial Intelligence (AI) and solve complex problems
efficiently using their self-learning capabilities. It is used in various activities including:
speech recognition, social media filtering, medical diagnosis, machine translation, or
video games. CNN, RNN and YOLO are examples of ANN-type architectures and are the
most commonly used for video and image description models.

• Convolutional Neural Network (CNN) architecture is a DL algorithm composed of
hidden input layers, and output layers to solve complex patterns. Pre-processing
required for CNN architecture is much less in contrast to other classification al-
gorithms. CNN was first introduced in 1989 by LeCuN’s work [LeC+89]. CNN
has various application such as image segmentation, image classification, video
processing, object detection, Speech recognition, anomaly detection, medical image
analysis, drug discovery, or media recreation.

• The Recurrent Neural Network (RNN) architecture is primarily used to enhance
the capabilities of the NN so that they can take fixed-length data inputs to process
variable-length sequences. One disadvantage of the architecture is that RNNs can
only process one element at a time, and the output of hidden nodes is used as
additional input for the next element. This leads to longer processed time and higher
resource costs.

• The You Only Look Once (YOLO) architecture was first introduced by J. Redmon
et al. whose purpose is efficient detection of objects in real time [JF16]. In a YOLO
model, only a single neural network is used for predicting multiple object bounding
boxes and for associating class probabilities. Detecting an object is more complex
than classification problem because multiple objects and their respective location
are detected instead of one at a time.

2.2.3.3 Miscellaneous Architectures

Other miscellaneous architectures to consider include: Support Vector Machine, Gener-
ative Adversarial Network and Hidden Markov model. Support Vector Machine (SVM)
is traditionally a supervised learning approach of ML and is used to solve big data clas-
sification problems to help multi-domain applications [Sut16]. It is characterized as a
statistical learning algorithm that solves linear and non-linear classification problems. The
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algorithm creates a hyperplane or line between data to separate it into classes. The greater
the separation between classes, the easier it will be to make a decision.

Generative Adversarial Network (GAN) is a hybrid architecture consisting of two
primary components, generator and discriminator networks [Ian+14]. These networks
can be in the form of NN such an ANN or CNN. The discriminator network takes the
real data and data generated from the generator network and tries to identify whether the
data is real or fake. The generator network can produce new output data after training
completion, not distinct from actual data.

HiddenMarkovModel (HMM) is a statistical model initial used for speech recognition
tasks and biological sequences analysis [FI19]. It is used to collect confidential information
from sequential patterns. Many ML techniques are focused on the successful implementa-
tion of HMMs in speech recognition, computational biology, character recognition, mobile
communication techniques, or bioinformatics.

2.2.4 Applications of MMDL

In this section, we will describe some applications of MMDL models in vineyards along
with recent research on the subject and the respective articles. These applications include:

• Crop yield prediction: Farmers can predict the yield of their crops based on factors
such as weather conditions, soil moisture, and fertilization [Gad+20; Jác21].

• Pest and disease detection: Identification and detection of pests and diseases helps
farmers take preventative measures to protect their crops [Ali+22; Yua+22].

• Soil analysis: Analysis of soil samples, and prediction of the nutrient content of the
soil, helps farmers to make more informed decisions about fertilization.

• Livestock monitoring: Monitoring the health and behavior of livestock, helps
farmers to detect and address any issues early on.

• Autonomous farming: Used in the development of autonomous farming equipment,
such as drones and tractors, which can assist with planting, harvesting, and other
tasks [MY21].

2.2.5 Advantages of MMDL in vineyards

Vineyards are an essential part of the global agricultural landscape, producing grapes for
wine, juice, and other products. However, managing and maintaining vineyards can be a
challenging task as it requires monitoring the health of the vines, the maturation of the
grapes and the weather conditions that can affect the growth of the grapes.

As theMMDL can be used to analyze a wide range of data, the data can include images
of vines, structured text data from weather forecasts, and audio data from soil sensors.
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By analyzing this data, MMDL can help farmers make more informed decisions about
planting, fertilizing, and harvesting grapes.

One of the most significant applications of MMDL in vineyards is the use of image
analysis to detect diseases and pests. By analyzing vine images, MMDL models are able
to accurately identify diseases and pests, such as powdery mildew and black root, which
can have a significant impact on vine health and grape quality. By detecting these diseases
and pests on an early stage, farmers can take steps to prevent their further spread, which
can help improve vine health and grape quality.

Another important application of MMDL in vineyards is the use of text data from
weather forecasts to predict weather patterns that may affect grape growth. By analyzing
this data, theMMDLcanprovide farmerswithvaluable information about the likelihoodof
frost, heatwaves or other weather conditions that could harm the grapes. This information
can help farmers make more informed decisions about when to plant or harvest grapes,
which can help improve crop yields and reduce costs.

In addition to image and text data, the MMDL can also be used to analyze audio data
from soil sensors to detect changes in soil moisture or nutrient levels. The results can
provide farmers with valuable information about soil health, which can help improve
grape growth. In conclusion, MMDL models are a powerful tool that can help farmers to
improve vineyard management.

By analyzing a wide range of data that includes images, text and audio, this methods
can provide farmers with valuable information that can help improve vine health, grape
quality and overall vineyard efficiency. As technology continues to advance, the MMDL
is likely to become an increasingly important tool for farmers looking to improve the
management of their vineyards.

2.3 Image Fusion

We humans capture most of the information around us through vision. It is with this
action that we manage to retain and analyze objects, including their color, texture, depth,
or dimension. Thanks to the development of photographic cameras and, consequently,
images, it is now possible to preserve what surrounds us in real-time. With technological
advances, there as been an increase in image resolution, along with the development of
different image treatment techniques and filters. This led to the creation of techniques
that, through the combination of multiple images of the same scenario, create a single
image capable of containing more information than each of the individual images initially
taken. The set of these techniques is called Image Fusion.

The purpose of image fusion is to improve the visual quality, resolution, and overall
information content of the resulting image. This can be done through several methods,
that includes pixel-levelmerging, feature-levelmerging, and decision-levelmerging. Pixel-
level fusion involves combining individual pixels from multiple images to create a new
image. On the other hand, Feature-level fusion combines the features extracted from
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multiple images to create a new image. Finally, Decision-level fusion combines the results
of multiple classifiers to produce a final decision.

With the increase on availability of powerful computing resources and advances in
machine learning and deep learning, image fusion has become increasingly practical
and useful in a wide range of applications, such as in medical imaging, remote sensing,
surveillance and video compression. Image fusion plays an important role in improving
the accuracy and reliability of image analysis and interpretation.

2.3.1 Image Fusion Process

Image Fusion consists of threemajor steps: Pre-processing, followed by Image Registration
and finally Post-processing [Mas+17]. However, the first step will always be image
acquisition. These images will be obtained through various imaging modalities, such as
drones, satellites, from different points of view or at different times. Following image
acquisition is time for pre-process the images. This is done in order to make them more
suitable for the image fusion algorithm. The next and most important step is to register
the multiple images. This is done by aligning the sequence of images in order to overlay
the corresponding resources and details correctly. Image registration can be broken down
into different steps:

• Feature extraction: This process detects and extracts the features from each image to
produce a feature map. These features can be based on intensity, texture, or shape,
and will be fused together to create the final image.

• Decision Labeling or Feature Mapping: By finding the correspondence between the
detected features, similar features are matched to each other. Then a set of decision
maps are created with the registered labeled images.

• Semantic Equivalence: To check whether different decision or feature maps come
from different modalities but contain data with similar meaning. It is mandatory to
connect these maps to a common object to later perform fusion. This process is to
be ignore if the data source obtained comes from similar kinds of sensors.

• Image Resampling andTransformation: Featuremaps are transformedto a common
scale in order to obtain the final result in a similar representation format.

Then the resulting images are merged together into one containing an improved
explanation of the originals images. The final step is post-processing which is linked
to quality assessment and evaluation of the final image resulting from the fusion. This
evaluation will depend on the type of visualization used during the fusion. For instance, it
can be performed through comparisonsmadewith original images or throughquantitative
measures (e.g., variance or mutual information). This step often requires the involvement
of a person or specialist as a way of evaluating the quality and information contained in
the final image. Fig. 2.1 shows the necessary steps to perform image fusion.
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Figure 2.1: Steps for Image Fusion Process

2.3.2 Image Fusion Techniques

There are several image fusion techniques that can be used. These are classified into two
groups: Spatial domain and Frequency domain. Masood et al. and Kaur et al. authors
describe in detail each existing image fusion techniques, as well as its advantages and
disadvantages [KKK21; Mas+17]. There is also a third category of techniques which are
deep learning based fusions.

Spatial based techniques are the simplest of the three groups. They deal with the
pixel values of the input images where these same values are manipulated to achieve
an acceptable result. Examples of Spatial based techniques are: Max–Min, Minimum,
Maximum, Simple Average, PCA and guided filtering.

Frequency based techniques decompose the multiscale coefficients of the input images.
They can also deal with the spatial distortion of images. Some methods based on the
frequency domain are: Laplacian Pyramid, Stationary Wavelet Transform (SWT) and
Discrete Transform Fusion Method.

As previously mentioned, Deep learning can extract the most elective features au-
tomatically from the data without requiring any human intervention and are able to
characterize various complex relationships between targeting data and input data. It was
for these reasons that Deep learning based functions have been gaining such popularity in
the image fusion area. Several deep learning-based image fusion methods have been pre-
sented, showing several advantages for multi-focus image fusion, multi-exposure image
fusion, multimodal image fusion, multi-spectral (MS) image fusion, and hyper-spectral
(HS) image fusion. Kaur et. al states that multi-view deep learning model was used
during the COVID-19 pandemic for validation and testing sets of chest CT images, from
data collected from various hospitals in China [KKK21]. Convolutional Neural Network
(CNN), Convolutional Sparse Representation (CSR) and Stacked Autoencoder (SAE) are
the most commonly used deep learning models in image fusion.

Due to the differences between frequency-based, space-based and deep learning-
based techniques, and to achieve the objective of this dissertation, the application of
PA techniques and concepts, and due to the nature of the data retrieved from multiple
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modalities (e.g., multiple sensors, satellite images, and weather stations), the main focus
will be on deep learning based fusion techniques. Since it has shown great potential and
application in image fusion.

2.3.3 Image Fusion Strategies

In this part, we describe the three main fusion strategies, namely early fusion, joint
fusion and late fusion. The three frameworks, as well as their extensions, are widely used
for deep learning-based fusion [Zha+19]. Figure 2.2 illustrates the three image fusion
strategies using deep learing.

Figure 2.2: Fusion strategies using deep learning

2.3.3.1 Early Fusion

Also known as feature level merging (see Figure 2.2 a)) , refers to the process of merging
multiple input modalities into a single feature vector before feeding it to a single machine
learning model for training [HPS20]. Input modalities can be joined in a number of
different ways, including concatenation, grouping, or applying a gated unit. There are
two types of early fusion [HPS20]. Early Fusion Type I, where original features are fused
together. Early Fusion Type II, it is the extracted features that are fused together.

This fusion architecture is quite simple. However, it is also more likely to over-fit when
data samples are not huge enough. One way to counter this would be to provide larger
samples of data to the classification models as a way to get less in-sample error [Zha+19].

2.3.3.2 Joint Fusion

Joint fusion is the process of joining representations of learned features from intermediate
layers of neural networks with features from other modalities as input to a final model
(see Figure 2.2 b)). Same as Early fusion, there is also Joint fusion type I and II. The
main difference, compared to initial merging, is ensuring better feature representations
during each training iteration. To ensure this advantage, it is necessary that the loss be
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propagated back to the feature extracting neural networks during training. This type of
fusion is mostly implemented with neural networks due to its ability to propagate loss
from the prediction model to the feature extraction model(s).

2.3.3.3 Late Fusion

Also known as as decision-level fusion (see Figure 2.2 c)), because it refers to the process
of combining predictions from multiple models to make a final decision. Each modality
is trained separately, each with its own models, the final decision later determined by
using an aggregation function to combine the predictions from each model. The choice of
aggregation function varies depending on the application and input modalities [HPS20].

Compared to the other two approaches, this strategy has the advantage of each
network being trained separately, which reduces the difficulty of fitting the model, as
well as producing better results. In addition, this model is scalable and flexible, it can be
designed according to the requirements and easily designed for multi-input without a
large increase in size.

2.3.4 Image Fusion Models

There are different models of image fusion, the main ones being: Single sensor, multi-
sensor, multimodal, multi-view, multi-focus, and multi-temporal. Several examples of
methods for each of the models have been identified by Kaur et al. [KKK21].

• Single Sensor: Several images are fused together to produce a fused image with
the best possible information. Human preceptors cannot perceive target objects in
lighting and noisy environment which can be highlighted in the final fused image
[KKK21]. The limitation of this type is that the resolution of images is dependent on
the type of sensors and the conditions in which the system is operated. For instance,
digital camera is appropriate for illuminated day-light scenes but is not appropriate
for nighttime environments or under poor visibility (fog or rain).

• Multi Sensors: As the name implies, it uses integration of images from a number of
sensors to form a fused image. It manages to overcome the problems of having only
a single sensor. An example of multi-sensor fusion is the use of an infrared camera
for low-light environments and the use of a digital camera for day-light views. It is
widely used in machine vision, medical imaging, robotics and object detection.

• Multi-view Fusion: Images havemultiple views at the same time. These approaches
are often unable to discard low quality estimationswhichmay result in not obtaining
an acceptable level performance. It is also known as Mono-modal fusion.

• Multi-modal Fusion: By definition it is the process of integratingmultimodal images
fromone ormore imagingmodalities to improve the quality of an image. The various
models can be multi-spectral, panchromatic, infrared, remote sensing and visible
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images. Kaur et al. discusses the different Multi-modal techniques explored by
several authors [KKK21].

• Multi-focus Fusion: It is an efficient method for integrating the information from
several images with a similar sight into a wide-ranging image. The compound image
is more informative than input images [KKK21]. It provides better visual quality of
an image over the other models. By merging and blending the intended details and
features from two or more images into a single images ensures that every feature or
object in the result image has a proper focus

• Multi-temporal Fusion: It captures the same scene at different times. One of the
best ways to capture multi-temporal data is through satellite observations. However,
it is essential to have constant observations in the long and short term due to changes
that occur in the terrain. This type of model is essential for detecting land surface
erosion in large geographic areas.

2.3.5 Existing applications

There are several image fusion applications in different fields. This technology is constantly
evolving and new applications are being developed as researchers and engineers continue
to find new ways to combine and use image data.

Some of these applications are in the field of medicine, where image fusion is used to
combine different modalities (CT scan, MRI) to create a more detailed image of the patient
[HPS20]; in surveillance, where image fusion used to combine images from multiple
cameras and sensors to create a more complete view of the monitored area [HS21]; in
computer vision, image fusion is used to combine images from multiple cameras and
sensors to create a more accurate and informative view of the environment for object
detection and recognition [Zha+19].

In agriculture, image fusion has been used to combine images from multiple sensors,
to create a more accurate and informative map of crop growth and health [Li+21]. The
area where image fusion has the most impact is in robotics and automation, where it
is used to combine images from multiple cameras and sensors to create more accurate
and informative views of the environment for the robot to navigate [Zha+17]. Other
examples of image fusion application are in Industrial inspection, Remote sensing, GIS
and in Augmented Reality.

2.4 Big Data in Agriculture

Big data is a term used to describe the vast amount of data that is generated and collected
from various sources. The use of the Internet of Things (IoT) and sensory devices, results
in a massive amount of streaming data, i.e., "big data", which can bring new opportunities
to monitor agricultural and food processes [Mis+22].
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Big Data in agriculture refers to a collection of technologies aimed at addressing the
challenges posed by the increasing availability of data. It enables farmers to respond
to the demands of the modern data era. By collecting and analyzing a large amount of
data, and by incorporating machine learning, farmers are able to make decisions based on
more accurate and comprehensive information, addressing problems related to planting,
fertilizing, and harvesting.

This large amount of data can come from various sources such as satellite imagery,
meteorological data, sensor data from IoT-based devices, and even socialmedia. The use of
advanced algorithms and machine learning techniques on this data allows identification
of patterns and trends, which helps farmers optimize their agricultural production.

Some examples of big data used in agriculture are: Weather data to predict weather
patterns and take necessary actions to protect crops; Satellite imagery that allows farmers
to monitor their crops, spot signs of stress, pests or disease early on, enabling them to
take action before it is too late; Sensor data from IoT-based devices which helps farmers
to monitor soil moisture and nutrient levels, optimizing irrigation and fertilization.

Although big data analysis is leading to advances in various industries, it has not
yet been widely applied in agriculture [KKP17]. Nevertheless, the use of big data has
the potential to greatly improve the way farmers manage their crops and livestock. As
technology continues to advance, more and more farmers are expected to turn to big data
to improve the efficiency and sustainability of their operations.

2.4.1 Big Data

Big Data is defined in five dimensions (the five Vs) [Cra+22]. The first refers to the
enormous Volume of data generated, stored and processed. The second is the high
Velocity of data transmission in interactions and the rates at which data is generated,
collected and exchanged. The third refers to the Variety of data formats and structures
(structured, semi-structured and unstructured) resulting from the heterogeneity of data
sources [SOA19]. The fourth dimension is Veracity, which refers to the ability to validate
the quality of the data used in the analyses. The last dimension refers to the Value of
the data. This value is obtained by analyzing the data in order to extract hidden patterns,
trends and knowledgemodels through intelligent algorithms anddata analysis techniques.

In practice, Big Data analysis tools allow data scientists to discover correlations and
patterns by analyzing large sets of data from different sources [Els+18]. In agriculture,
big data refers to all the modern technology available combined with data analysis as a
foundation for making decisions only based on data [Sar+19].

Big Data has been used to improve various aspects of agriculture, such as knowledge
about weather and climate change, land, animal research, crops, soil, weeds, food avail-
ability and security, biodiversity, farmer decision making and remote sensing [KKP17].
Another use for big data is in creating platforms that allow supply chain actors to have
access to high-quality products and processes, tools to improve yield and forecast demand,
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while advising and guiding farmers based on the response of their crops to fertilizers,
leading to more efficient fertilizer use.

However, big data does not function on its own. It has been usedwithML, cloud-based
platforms, image processing, NDVI vegetation indices and geographic information sys-
tems (GIS) [KKP17]. MLmodels aremostly used in prediction, grouping, and classification
problems, while image processing has been usedwhen the data are extracted from images
(cameras and remote sensing) [KKP17]. To achieve the objective of this dissertation, big
data tools andMLmodels will be used, in this case Multimodal Deep Learning models, in
conjunction with different types of data taken from sensors (e.g., NDVI, weather stations,
soil sensors, and wind sensors).

2.4.2 Challenges in Agricultural Big Data and ML

As mentioned earlier, the use of big data and machine learning (ML) in agriculture has
the potential to revolutionize the way farmers manage their crops and livestock. However,
there are several challenges that need to be addressed to fully capitalize this potential.
The most important ones are: Data Quality and Quantity; Data Privacy and Security; Data
Integration; ML Models and Algorithms; Access to Computing Resources and Lack of
Expertise.

2.4.2.1 Data Quality and Quantity

Since the agricultural data sets contains various information about soil, climate, seeds,
cultivation practices, irrigation facilities, fertilizers, pesticides, weeds, harvesting, and
others, collecting high-quality and relevant data becomes a major challenge in agricultural
big data [Wee+18]. Due to this multimodal nature of data, produced through IoT and
wireless sensor networks, data can be error prone, inaccessible, unusable, incompatible
and inconvenient. An example of this is the lack of data interoperability that prevents
the integration and unified analysis of data collected by multiple sensors and platforms
[Cra+22].

It is important to ensure that sensors are always calibrated, that data is accurate,
complete and up-to-date. Baht et al. show that most Big Data systems are better suited for
large industrial farms because they have the infrastructure to access data, resources and
finance [BH21]. They found only few, if any, examples of small farming operations in the
developing world. As mentioned before, thanks to the association with AVIPE, PORVID,
and the integration in the European MULTISENS2E project, it is possible to address these
problems, making it conceivable to apply and test ML and big data methods in small and
medium farms.

2.4.2.2 Data Privacy and Security

However, as the amount of multimodal data increases, concerns about data security
and protection arise. The data generated by sensors and satellites is huge and complex,
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making it difficult to manage intelligent analysis procedures. Ensuring data protection
against unauthorized access orbreaches is critical tomaintaining confidence in agricultural
big data and ML. This is particularly important for farmers who may be dealing with
confidential information about their crops and livestock.

Although there are some farmers willing to share their data under certain conditions,
many still express concerns and even refuse to share data as a way to protect their profits
and production techniques [Wee+18]. Therefore, data must be collected consistently and
must comply with protocols that can group them into centralized servers. These servers
must be protected against cyberattacks while concealing the identity of the farmers.

2.4.2.3 Data Integration

As stated in Data Quality and Quantity (see 2.4.2.1), the fact that there is an increase in
large agricultural data, collected from various sources and in different formats, triggers
an increased difficulty in data integration and analysis. Cravero et al. identifies different
scenarios and challenges where agricultural Big Data is used [Cra+22]. They concluded
that the lack of data interoperability, prevents the integration and unified analysis of the
data that are collected by various sensors and platforms.

Lassoued et al. analyzed the impact and potential of Big Data in agriculture [Las+21].
They state that there is an enormous difficulty in harmonizing and compiling data from
various sources. That may include data coming from satellite imagery, weather forecasts,
sensor data and social media. This is due to the fact that there is no standard by which
data is captured. The ability to integrate and analyze data from multiple sources remains
a major challenge in PA.

2.4.2.4 ML Models and Algorithms

In the wake of data quantity and data integration, it is necessary and important to
develop accurate and reliable ML models and algorithms to handle agricultural big data.
Selecting the right algorithms and models for the task at hand, as well as dealing with
the complexity and variability of agricultural data, is a key step in integrating ML and big
data in agriculture.

Studies conducted byWhite et al. and Bhat et al. indicate that there is a need to develop
better representations of crop growth models and the existence of more specific weather
forecasts for individual farms and fields [BH21; WTA21]. The complex and volume of the
compiled data set studied in this project, makes it challenging to implement procedures
of smart analysis. It is expected that scalable and versatile methods can adapt to large
amount of information.

2.4.2.5 Access to Computing Resources

As explain in Data Quality and Quantity and Data Integration (see section 2.4.2.1 and
2.4.2.3), not all farms have the same type and amount of funding and resources. Large
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farms have access to better and larger infrastructures to access data, more resources and
financial headroom. On the other hand, running ML models and analyzing big data
requires significant computing resources, which can be a challenge for farmers who own
small or medium-sized farms that may not or cannot cover the associated expenses or
simply do not have access to the necessary hardware and software.

2.4.2.6 Lack of Expertise

More important than resources such as software and hardware, is the training and
experience of farmers. Agriculture is a specialized field and the lack of experience in
big data and ML can be an obstacle that prevents farmers from fully adopting these
technologies.

The implementation of big data in an organization will depend on a clear strategy as
well as the existence of trained personnel capable of managing large volumes of data. An
example of a problem that exists is that some farmers do not correctly labeling production
data on the farm, or not considering all seeding data. Training and talent, more than
capital, are fundamental for optimal production in the future [Las+21].

2.5 Efficient data visualization

As we saw in previous sections, agriculture contains vast amounts of data from various
modalities. It is necessary for farmers and researchers to understand these data in order
to make informed decisions, such as when to apply pesticides and fertilizers, which plants
to apply, or which plot of land has the best conditions. All these decisions are part of PA
techniques. The best way to help farmers and advisers understand data is to provide an
efficient Data Visualization.

Data Visualization is an interdisciplinary field that deals with the graphic represen-
tation of data [Han23]. Effective data visualization is the process of visualizing data in a
way that is easily understandable and interpretable by humans. It is possible to observe
patterns and relationships that would often go unnoticed in a more information-based
presentation. With the correct presentation of the data, the tasks of the farmers can become
much easier if the data is presented in a concise and clear way. The presentation should
help in understanding large amounts of information and consequently allow to identify
patterns, trends and perceptions that can inform and help in their actions. This is why
efficient data visualization is very useful in agriculture.

Standard sketches and diagrams used with Microsoft Excel, Word, PowerPoint are
becoming increasingly obsolete. There are innovative techniques present data in more
diverse and refined ways with data illustrations, stream graph, heat maps and geographic
maps, being that these last ones incredibly useful for farmers [Han23; Kum+19]. Never-
theless, for a good data visualization and understanding of ML and IF results the main
focus will be on 2D and 3D visualization techniques.
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2.5.1 Data visualization in agriculture

Applying data visualization techniques in agriculture is not an easy process. It requires
knowledge and understanding of several key principles that will help in making decisions
and subsequently ensuring a good understanding of the data by farmers and advisers. It
is also necessary to take into account the environment where each one is when analyzing
the data, i.e., farmers spend more time in the fields while advisers spend more time in
offices. Farmers just need simpler and quicker information that is straight to the point and
takes into account conditions of low visibility (e.g., rain or intense sunlight). Meanwhile,
advisers require more detailed information possibly with interactive graphics. The main
key principles to be adhered to are the following:

• Simplicity: Especially for farmers, keep the view simple and uncluttered, focus on
the most important information and avoid extraneous details.

• Use appropriate visual coding: Like size, color and position, to represent different
dimensions of data. Farmers will analyze the data through an application on their
mobile phones when they go to the fields. Such a device is equipped with a small
display screen when compared to a computer which leads to an adjustment in the
viewing position and reduction in size.

• Choose the right visualization type: Probably the most important principle is to
select the best visualization type such as bar charts, line charts or heat maps, based
on the type and structure of the data.

• Interactivity: Such as zooming, panning, and highlighting, allows users to explore
the data and gain insights on their own. This can very useful for both farmers and
advisers. While it ismore beneficial for farmers to provide static, in-the-moment, real-
time visualization of data, it can also be efficient to allow them to zoom or highlight
some aspects for better visualization of graphs or table values. For advisers, who
spend most of their time with access to computers, it would be advantageous to
ensure that they can not only zoom and highlight, but also link multiple plots to
allow for other types of analyzes and conclusions.

• Legibility: Another important principle, without it the representation of data be-
comes illegible and incomprehensible. Use clear labeling, annotations and color
options.

• Context: Provide the minimum amount of context and background information
needed to help the user understand the data and its implications. For instance, a
legend, title and description of the data to be visualized

• Tailored User Experience: This principle considers the specific needs andconstraints
of users, such as farmers and advisers, including their cognitive and perceptual
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limitations. Additionally, it addresses the optimization of visualizations for different
devices, whether mobile phones or personal computers.

To effectively use data visualization techniques in agriculture, it is critical to follow the
principles of effective data visualization described above. Furthermore, it is important
to use visualizations in conjunction with data analysis and machine learning to fully
understand the data and draw accurate conclusions.

By following these principles, it is possible to use data visualization to powerfully
communicate complex information and support farmers in making decisions. Examples
of data visualization applications in agriculture include: Crop monitoring to visualize
crop growth and health, and to monitor the progress of crops and identify areas of
concern; Visualize weather data to understand its impact on crops and plan for possible
weather events; Visualization of soil data (nutrient levels, pH, moisture) to understand
soil health and make informed fertilization and irrigation decisions; View market data
to understand trends and make informed decisions about sales and purchases; Monitor
environmental data, including air and water quality, to monitor the impact of agriculture
on the environment and make informed decisions about sustainability.

2.5.2 On the field vs At home

In the field, farmers have a lot of responsibilities, which makes it very difficult for them
to keep track of everything that is going on. This means that sometimes things can go
unnoticed. For example, the farmermay forget to apply pesticide to some plants, resulting
in monetary losses to the farm; or they may not apply the correct pesticide in the exact
and recommended amounts. These are some examples where the use of notifications to
advise and warn the farmer becomes very practical and handy.

Even so, care must be taken not to overload the farmer with information and notifica-
tions. The farmer must have access to quick, clear and concise information so that he can
act at any given moment and as quickly as possible, depending on the type of information
he receives. Therefore, notifications need to be efficient in the way they communicate the
problem so that they can be quickly responded to.

An example of simple understanding would be in the case of the appearance of disease
such as Mildew, which is vine disease that needs specific conditions to grow according
to the rule of three: 10º C of temperature, above 10mm of precipitation and buds above
10cm. In this case, as soon as the conditions are favorable for the disease the farmer would
receive a notification with the warning "conditions favorable for the growth of Mildew".
By clicking on it will lead to a new screen with the existing solutions to treat the disease,
as well as ways to prevent it in the future.

Another example of great data visualization for farmers is the use of bar charts instead
of pie charts. Humans can more easily process line length differences than surface areas
[Han23], which makes it easier to observe and draw conclusions from a line length
comparison than a surface area comparison when the farmer is in the field.
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At home or in the office, the working environment is different. There is less noise, you
can concentrate more on the work at hand, and you can analyze data, graphs and patterns
more easily. Here it is possible to make use of more complex and comprehensive data
visualization techniques, such as scatter plots (3D), networks, or flow charts.

2.5.3 Existing Applications

There are many existing applications for data visualization in agriculture. Most are
designed to help farmers make more informed decisions and improve their operations by
providing real-time insights into crop growth and soil health, as well as production and
financial performance. Some popular applications include:

Figure 2.3: PrecisionHawk paired with Pix4D for vegetation indices visualization [ED10]

precisionHawk is a commercial drone and data company, founded in 2010, focused
heavily on developing software for aerial data analysis and drone safety systems [ED10].
It has developed software that can perform complete aerial mapping to support agronomy,
track growth trends, count and size plants, generate prescription maps, identify early
indicators of plant stress, and measure zonal farm efficiency. This allows farmers to see
how crops are performing in real-time and make informed decisions.

Figure 2.4: Agrivi farm managing software [Agr13]
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Agriviprovides real-time insights into cropgrowth,weatherconditions, andsoil health
[Agr13]. It has some additional features such as easy-to-use and intelligent crop planning
with an overview of the historical crop rotation, helps farmers choose the best crops per
field for their season, using powerful analytical methods that can analyze the performance
of fields, workers and agronomic practices to identify possible improvements for cost
optimization and higher yields. It also allows to make timely and informed decisions with
real-time satellite field images, weather reports, risk alarms and crop progress monitoring.

Figure 2.5: Example of visualization of soil types and crop health data [Bus11]

FarmLogs is a powerful, easy-to-use, mobile and desktop application that provides
farmmanagement software [Bus11]. It helps farmersmanage digital farm records, monitor
field and crop conditions, calculate cost of production to market gain with confidence,
and analyze their farms’ financial performance to the field level. Another key feature is
sending alerts in the presence of adverse weather conditions or yield threats.

Figure 2.6: Example of using dashboard and reports for farm managing software [Fro09]

The AgSquared application gives the entire farm team, field managers, agronomists,
tractor drivers, and crew leaders access to the information they need to make informed
decisions [Fro09]. It has a mobile field log to simplify field operations, so everyone knows
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what they need to do, and everything is recorded for future studies. It uses powerful
visual analytics such as reports and dashboards to help understand the business, make
informed decisions, and document compliance.
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Design and Implementation

This chapter delves into the intricate details of the design and implementation of the tech-
nological solution central to this dissertation. It begins with a comprehensive exposition
of the solution architecture, followed by Flask API1, detailing its role as the backbone
for the solution architecture. The connectivity between two different environments is
examined in detail, setting the stage for a discussion of the use cases that the system
addresses. Particular attention is paid to the CNN model, which forms the essence of
the data set retrieval and pre-processing steps. Furthermore, the integration of satellite
and other geospatial data through the API connection (GEE) is explored, highlighting the
visualization layers and their significance to agriculture.

3.1 Solution Architecture

When creating a powerful and flexible application, architecture forms the backbone,
creating a harmony between user experience and core functionality. The developed Flask
application adopts a bifurcated design, Fig. 3.1, which encompasses both the front and
backend components, with a unique emphasis on the backend architecture due to the
distinct requirements of the system.

This architecture, has been meticulously designed to meet the unique challenges and
requirements of the intended objectives. Each choice, from Python to HTML, was made
after careful deliberation, ensuring that this application is not only functional but also
scalable and future-proof.

The Backend of the application serves as the bridge where raw data is transformed
into valuable insights. Due to the intricate nature of the task at hand, particularly the
integration of TensorFlow for deep learning and Google Earth Engine (GEE) for satellite
data retrieval, the backendwas segmented into two separateworking environments. These
distinct environments were required by the incompatibilities between TensorFlow and
GEE in terms of dependencies and versions of the programming language. The main
Backend environment was built with the purpose to interact with GEE and handling the

1https://flask.palletsprojects.com/en/3.0.x/
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Figure 3.1: Framework of proposed solution

bulk of application logic. Being constructed in Python, it took full advantage of the rich
ecosystem of Python, known for its data processing capabilities and its compatibility
with numerous satellite data libraries. On the other hand, the microserver environment
was exclusively designed with a specialized role, for running and training CNN models.
Given the sheer computational demands and unique dependencies of CNNs, isolating
this function ensured that the training process remained unhindered by other back-end
activities.

The use of Python as the main development language is mainly due to the vast
versatility and integration of this language. Its extensive libraries and frameworks make
it a one-stop language for deep learning and back-end development on the Web, thus
reducing potential points of friction during the development process.

The frontend serves as the user’s window into the rich data insights derived from
the back-end. Designed using HTML and JavaScript, its main objective is to provide an
intuitive and seamless user experience. The choice of these programming languages was
seriously considered and driven by some crucial considerations.

• Simplicity andUniversality -HTML is the standardmarkup language fordocuments
designed to be displayed in a web browser. Combined with JavaScript, it allows
dynamic content rendering without the need for additional tools or frameworks.

• Map Visualization with Mapbox - One of the standout features of this application is
its map visualization capabilities. Mapbox was the chosen platform for this purpose
due to its user-friendly interface and vast repository of pre-built code examples. The
natural synergy of JavaScript with Mapbox made it the preferred choice over other
languages [Map10].

Although there are other more modern frameworks like React that offer advanced
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features, the choice to stick with native HTML and JavaScript was strategic. React, while
powerful, introduces an additional layer of complexity. Given one of the primary focus,
visualization of satellite data using Mapbox, the simplicity and straightforwardness of
HTML and JavaScript proved to be more efficient, eliminating potential over-engineering.

3.2 Flask API

In the modern web development scenario, the choice of framework plays a pivotal role in
determining the success and efficiency of a project. The Flask API is a testament to this
principle. As a web microstructure developed in Python, Flask is known for its simplicity,
flexibility, and elegance. Basically, Flask gives the freedom to build applications without
the restrictions often found in larger frameworks. But beyond its ease of use, Flask big
advantage is that its features provide seamless integration with cutting-edge technologies.

The decision to opt for the Flask API comes from its ability to seamlessly integrate with
Convolutional Neural Network (CNN) models. CNNs, a class of deep learning models,
have become fundamental in a multitude of applications ranging from image recognition
to natural language processing. Once Python has established itself as the language for
deep learning – courtesy of powerful libraries like TensorFlow and PyTorch – integration
between CNN models and a Flask API becomes almost natural. This synergy enables
rapid development and deployment of scalable web applications that can harness the
power of real-time CNNs.

Additionally, by choosing Flask, it is possible to stay within the Python ecosystem,
ensuring smooth data pipelines, easier debugging, and reduced context switching. This
continuity is crucial when dealing with the complexities and dependencies of CNN
models, where even small discrepancies can lead to significant performance issues. Thus,
Flask serves as a bridge, connecting the world of web applications with the advanced
computational resources of deep learning models, all under the umbrella of the Python
programming language.

3.3 Connectivity between Environments

In the context of the application’s architecture, connectivity plays a pivotal role. The
system was designed as a centralized distributed system, where the primary Flask API
serves as the main hub, consolidating various functionalities, and acting as the primary
interface for external communications. By design, the main API, is the epicenter of the
system. It holds all API endpoints, effectively becoming the gateway for all incoming and
outgoing data streams. This centralization ensures streamlined management, a unified
point of maintenance, and simplified scalability.

One of the more subtle facets of connectivity in the developed system, is the relation-
ship between Flask’s core API and dedicated CNN microservers. Every request made
from the user interface, or frontend, is first routed through the main Flask API. This
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layered approach not only ensures a controlled flow of information, but also abstracts the
complexities of CNN processes from the end user.

Upon receiving a request that requires CNN processing, the main API communicates
withCNNmicroservers through a predefined set of endpoints. In essence, themicroserver
itself acts as an independent API, which the main Flask system interacts with. This interac-
tion is facilitated through specific CNN microserver endpoints. So, from an architectural
perspective, the main Flask API and the CNN microserver form a cohesive network of
interconnected services, communicating seamlessly through endpoints.

By isolating CNN operations on a microserver, updates or modifications to deep
learning models can be carried out without affecting the main API, thus promoting
modularity within the system. Another advantage would be the distribution of load
between the main server and the CNN microserver, thus ensuring that neither system is
overloaded, especially during high traffic scenarios. And finally, it guarantees scalability;
in the future, if there is a need to introduce servers or more specialized functionalities,
these can be easily integrated into the existing system, connecting through themain server.

3.4 Use Cases

By definition, a use case is a list of actions or event steps typically defining the interac-
tions between a role (often referred to as an "actor") and a system, all directed towards
accomplishing a particular objective. This section delves into the exploration of various
interactions that actors can execute using the developed API. This is depicted through
a clear, comprehensive Use Case diagram, figure 3.2, aligning with the standards of
Universal Modeling Language (UML).

The illustrative image below showcases the spectrum of operations and interactions
possible within the API ecosystem. Each use case within the diagram represents a distinct
operation or functionality available to the actors, providing an immediate visual grasp of
the API’s capabilities.

This image reveals the extensive range of services provided by the API. With actors
such as Winegrowers and Technicians in focus, the diagram provides a visual blueprint of
permissible engagements within the API, fostering optimized engagement. Highlighting
distinct roles and their respective permitted actions, the diagram offers clarity on role-
specific constraints and opportunities within the API domain. For third-party entities
seeking integration, this diagram serves as a clear roadmap, simplifying integration efforts
and enhancing collaboration between systems. With both visual and textual breakdowns
of the explored use cases, this section acts as a comprehensive guide, empowering users to
utilize the API effectively, ensuring smooth operation and success of integrated systems.

Additionally, this section will explore three key scenarios showcasing the practical
application of the API: Disease Classification and Treatment, Weather Data Visualization,
and Satellite Data Visualization. Through these scenarios, users can grasp not only the
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Figure 3.2: Use Case Diagram

technical capabilities of the system but also its tangible impact on everyday viticulture
operations.

3.4.1 Disease Classification

Harnessing the power of deep learning, this scenario elucidates how the system identifies
specific diseases that plague the vineyard and offers insights into potential treatment
solutions.

For disease classification, users initiate the process by uploading an image of the leaf
in question. This image is prominently displayed on one side of the interface. After
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pressing the button "Classify image" the system will send a request to the ModelAPI
system (as depicted in Figure 3.1) to classify the provided image using the already loaded
classification model. Once processed, the classification outcome is presented in a textual
format, detailing both the potential disease label and its associated confidence percentage.
Complementing this, an illustrative image, representative of the identifieddisease, appears
on the opposite side. This juxtaposition offers users, be they farmers or technicians, a
comparative perspective: farmers can match their sample against the reference image,
while technicians gain insights into the model’s accuracy. Such a design not only aids in
instant verification but also assists technicians in continually refining the model, ensuring
it remains robust and avoids overfitting to the training data.

When a given image has metadata, the Preprocessing phase show in Figure 3.1 is
used in conjunction with the image classification process to build a marker containing
comprehensive information on the same image. The image itself, the GPS locations, the
date the picture was taken, and the disease label to which the classifier assigned are all
included in this information. Afterwards, this marker will be shown in the window for
visualizing satellite data. Image metadata is text information pertaining to an image file
that is stored in a file that is not typically visible to the end-user2. This text information
includes details relevant to the image itself and to its production. Image metadata is
often divided into three main categories: Technical metadata, Descriptive metadata, and
Administrative metadata. The main difference of the three is that Technical metadata
is mostly created automatically by the device or software that creates the image while
the others are added manually using special software. For reference, a digital camera or
smartphone will typically produce metadata regarding the camera and the settings used
to take the picture. The most crucial information is the time and date of the picture’s
creation, as well as the its GPS location. Therefore, users are advised to turn on the GPS
option when taking a photo to ensure that this information is always available.

3.4.2 Weather Data Visualization

Viticulture is heavily influenced by weather patterns. This scenario illustrates how the
API collects and presents important weather data, providing stakeholders with timely
information essential for decision-making. Before exploring the data visualization, users
need to specify a region or area of interest. Using this information, the API calculates
the coordinates of the designated area’s central point. By combining reverse geocoding
with MapBox capabilities, it determines the nearest city or district to the specified region.
The name of the identified city is crucial for accessing meteorological data from the
VisualCrossing API.

The visual display shows various weather metrics, such as maximum, average, and
minimum temperatures, precipitation levels, wind speeds, and humidity levels. Addition-
ally, the system provides a forecast for the next 15 days and historical data for the past 15

2https://www.techtarget.com/whatis/definition/image-metadata
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days, offering insights into future and past weather conditions.

3.4.3 Satellite Data Visualization

As with weather data visualization, the initial precondition requires the user to mark a
specific plot or parcel of land. When these spatial parameters are set, users are presented
with five distinct satellite data visualization alternatives. This information is sourced from
the Google Earth Engine (GEE), which specifically uses data from the Copernicus Sentinel-
2 satellite mission. These satellite visual layers are constructed using mathematical
formulations applied across various spectral bands, which include RGB, near-infrared
(NIR) and multiple red spectra.

Central to the implementation was the emphasis on user experience. Consequently,
the layers were devised using a tile-based representation rather than static imagery. In
the realm of geospatial visualization, tiles serve as modular map units, their resolution
governed by the formula 2𝑧𝑜𝑜𝑚 . Hence, with increasing zoom levels, each tile boasts a
higher pixel count, yielding enhanced visual clarity. This dynamic resolution adjustment
is designed to harness the full potential of theGoogle Earth Engine’s rendering capabilities,
ensuring optimal visualization at different zoom levels.

Moreover, the API is capable of handling multiple drawn polygons (parcels of lands),
visualizing different satellite layers within each of those polygons, and also providing
opacity modulation feature for these same satellite layers, adds an additional dimension
to data interpretation. This visualization flexibility allows users to better understand the
underlying satellite data.

3.5 CNN model

The evolution of modern agriculture has been profoundly influenced by advances in
technology, particularly in the realm of artificial intelligence and computer vision. Among
the various of techniqueswithin computer vision, ConvolutionalNeuralNetworks (CNNs)
have emerged as the gold standard, demonstrating unparalleled prowess in image-based
tasks. These deep learning models have the unique capability of extracting intricate
patterns and features from images, making them an apt choice for tasks that require high
precision and reliability.

In the context of this project, the value of CNNs plays a particularly important role.
Vineyards, as serene as they appear, are hotbeds for various diseases, many of which
manifest visually on grapevines, leaves, and fruits. Early detection of such diseases can be
the difference between a fruitful harvest and devastating losses. Traditionally, detecting
these ailments relied heavily on human expertise, which, although valuable, is prone
to subjectivity and inconsistencies. Enter CNNs, which offer a standardized, rapid, and
highly accurate means of diagnosing vineyard diseases based on images collected from
the field.
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The objective of our CNN implementation is clear: to develop a model capable of
classifying diseases in vineyards with high accuracy. By training our model on a rich
dataset of vineyard images, we aim to capture the subtle nuances and manifestations of
various diseases. Once trained, this model becomes part of our Flask API system. Users
can effortlessly upload images captured from their vineyards via the frontend interface,
and our system, powered by the CNN, quickly analyzes the images and provides insights
into potential disease presence and type.

In essence, by integrating CNNs into our system, we are not just leveraging a tech-
nological tool; we are building a bridge between traditional viticulture and modern
agritech. This integration promises more sustainable, efficient, and prosperous vineyards,
safeguarding both our cherished wine traditions and the economic viability of vineyards.

3.5.1 Dataset retrieval

The foundation of any successful machine learning or deep learning model lies in its
dataset. The quality, diversity, and volume of this data can dictate the efficacy of the
trained model. For our CNN’s purpose of classifying diseases in vineyards, a specialized
dataset was indispensable.

Ourprimary datasetwas sourced fromKaggle, specifically from theAugmentedGrape
Disease Detection Dataset3. This data set is a comprehensive collection explicitly curated
for the task at hand. It boasts a plethora of images, capturing the various diseases that
afflict grapevines, ensuring a diverse and representative sample suitable for our needs. It
is a balanced dataset, has 12,000 images evenly spread across four classes Black Rot, ESCA,
Leaf Blight, and Healthy giving each class 3000 images, as seen in below in Figure 3.3.

Figure 3.3: Class distribution within retrieved dataset.

3https://www.kaggle.com/datasets/rm1000/augmented-grape-disease-detection-dataset/data
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Kaggle, as a platform, has become a repository of high-quality datasets, and our chosen
dataset is testament to this quality. Using this well-curated and augmented dataset, we
not only enhance the potential of our CNN, but also ensure its applicability and reliability
in real-world scenarios, perfectly aligning with our objective of efficient and accurate
vineyard disease classification.

3.5.2 Data preprocessing

Data preprocessing is the next essential step in theworkflow ofmachine learning and deep
learning models. This stage aids in enhancing the quality of data, ensuring its readiness
for training, and maximizing the performance of the chosen algorithm. In the context of
our vineyard disease classification task, given that we are working with an augmented
dataset, understanding the origin and nature of the preprocessing becomes vital.

The Augmented Grape Disease Detection Dataset utilized in this dissertation was
derived from a primary dataset called Grape_disease4. The primary dataset offered a set
of unaltered grapevine images that served as the base upon which the augmented dataset
was built. Initially, it contained only 7,222 samples equally distributed in the four classes
(Healthy, ESCA, Leaf Blight, and Black Rot). The image below represents the distribution
of data across classes; it should be noted that this data set was initially not balanced with
the ESCA label with the largest number of samples.

Figure 3.4: Class distribution of initial dataset [Man23].

Augmentation techniques were applied to the primary dataset to increase its size,
diversity, and robustness [Man23]. ImageDataGenerator was used to perform a variety of
augmentations techniques on the input images. Such techniques included rotations where
images can be rotated by any angle between 0 and 360 degrees, zooming, determining the
range by which the images can be randomly zoomed in or out; in this case, images can be

4https://www.kaggle.com/datasets/pushpalama/grape-disease/data
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zoomed in or out by up to 33%, horizontal flip and vertical flip were applied, which helps
introduce more variation into the training data, the brightness range was set between 0.5
and 1.5 meaning that the brightness of images was multiplied by a factor between 0.5 and
1.5, and finally the shear range value of 7.5, this parameter specifies the range of shearing
angles to be applied to the image; in other words, a transformation that tilts the shape
of the image. By introducing these variations, is possible to emulate different scenarios
and angles that a grapevine might be seen in real-world conditions. This ensures that the
model is trained on a diverse set of data and reduces the risk of overfitting to a specific
pattern or style.

After augmentation, certain preprocessing steps were necessary to ensure the dataset’s
consistency and compatibility with our CNN models. These steps include missing value
detection, presence of outliers, and class distribution. Before separating the dataset into
training, test andvalidation set, the numberofmissing values present in dataset is detected,
if any are found the corresponding lines are removed. It is better to remove if there are
few than trying to fill them since it can lead to future errors and bad classifications if your
not certain of the correct value to fill. After that comes outliers detection, i.e., an outlier
is a single data point that goes far outside the average value of a group of statistics, can
appear with less or high frequency. In this case, outliers are values that have frequency
of less than 1000 in the column Label and a frequency higher than 1 in column Filepath
because images with the same name are not allowed. The code snippet below showcases
the steps for detecting missing values and outliers:

1 # Check mi s s ing v a l u e s
2 missing_values = image_df . i s nu l l ( ) . sum ( )
3
4 # Check i f any va lu e i s g r e a t e r than 0
5 i f ( missing_values > 0 ) . any ( ) :
6 print ( " There␣ are ␣missing␣values ␣ in ␣ the ␣ da tase t . " )
7 # Handling mi s s ing v a l u e s
8 image_df . dropna ( inp lace=True , ignore_index=True )
9 e lse :
10 print ( "No␣missing␣values ␣found␣ in ␣ the ␣ da tase t . " )
11
12 # I d e n t i f y i n g o u t l i e r s wi th ve ry h igh or low f r e q u e n c i e s
13 # Value with f r e q u e n c y l e s s than 1000 low d i s e a s e examp l e s
14 ou t l i e r s _Labe l = image_df [ ’ Label ’ ] . value_counts ( )
15 [ image_df [ ’ Label ’ ] . value_counts ( ) < 1000]
16
17 # Value with f r e q u e n c y h i g h e r than 1
18 ou t l i e r s _F i l ep a t h = image_df [ ’ F i l epa th ’ ] . value_counts ( )
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19 [ image_df [ ’ F i l epa th ’ ] . value_counts ( ) > 1]

Listing 3.1: Data preprocessing

Following the preprocessing, the dataset was split into three subsets: 64% for training,
16% for validation, and 20% for testing. This split is a commonly accepted practice and
is important for training our model effectively. The training set is large enough for the
model to learn the necessary features, while the validation and test sets are sufficient to
check the model’s performance on data it hasn’t seen before.

The first step involves using the train_test_split function from the sklearn.model_selection
module to separate out 80% of the data for training purposes and the remaining 20% for
testing. The shuffle parameter is set to True, indicating that the dataset will be randomly
shuffled before splitting, to avoid any underlying order in the dataset that could bias the
model. The random_state is set to 1 to ensure reproducibility of the split.

Within the training data, a further split was made to generate a validation set. This is
supported by the validation_split parameter set to 0.2 in the ImageDataGenerator configu-
ration, which reserves 20% of the training data for validation purposes.

The create_generator function created defines the generators for the training, validation,
and test sets using Keras’s ImageDataGenerator, which is a useful tool to load images,
apply preprocessing functions, and augment the data on-the-fly during training. The
flow_from_dataframe method of the ImageDataGenerator is used to create iterators that
will feed the data into the neural network in batches. The parameters like target_size,
color_mode, class_mode, and batch_size are appropriately configured to match the needs of
the model and the nature of the dataset.

3.5.3 Models

In the landscape of deep learning, especially in the domain of image classification, several
architectures have gained prominence due to their exceptional performance on various
benchmarks. However, adopting a one-size-fits-all approach can be limiting. Given the
unique requirements and challenges presented by viticulture imagery, this work ventured
beyond merely adopting existing architectures. Instead, it involved the fine-tuning of
established models and the creation of a novel CNN tailored to the task. Three methods
were meticulously implemented and modified to meet the specific classification demands
of vineyard diseases: a customized CNN model, ResNet50 and MobileNetV2.

3.5.3.1 CNN created

The custom CNN model was built with the specific goal of accurately identifying and
classifying diseases from vineyard images. It was created using TensorFlow and Keras
without any pre-existing models to start from. The model has layers that work together to
understand the pictures. The first layer, which has 32 filters, looks for simple shapes and
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edges in the images. As the model processes the data, it uses pooling layers to shrink the
image size, which helps it to run faster and focus on the important parts of the image.

More layers with more filters look for detailed patterns. These layers are crucial to
find the specific signs of diseases in the images. The inclusion of max-pooling layers helps
reduce the dimensionality of the data, speeding up the processing and focusing the model
on important features. To prevent the model from memorizing the training images — a
problem known as overfitting — a dropout layer with a rate of 0.5 is used before the final
output layer. This layer randomly turns off some neurons during training, helping the
model generalize better to new images it has not seen before.

The final layers consist of a dense layer with 256 neurons, which integrates features
extracted from prior layers to make predictions, and an output layer that corresponds
to the number of disease classes. The output layer uses a softmax activation function to
predict the likelihood of each disease being present in the image.

During training, the model uses an Adam optimizer and monitors Top-1 accuracy
metrics. This metric offer insights into the model’s learning trajectory and its ability to
generalize. Top-1 accuracy shows whether the model’s first prediction is right. A low
Top-1, suggests that the model has room for improvement regarding its confidence when
selecting the correct classes. Monitoring this metric assists in identifying and rectifying
issues like overfitting or underfitting, ensuring the model is learning effectively.

(a) Accuracy graph (b) Loss graph

Figure 3.5: CNN accuracy and loss graphs on test set

The accuracy and loss plots across 50 epochs and batch size of 32, as illustrated in
Figure 3.5, highlights the model’s consistent training performance and its generalization
on the validation data. These graphs showcase themodel’s robustness and reliability, with
the accuracy graph showing synchronous improvements in both training and validation
accuracies, and the loss graph indicating a decline in loss, which corresponds to an increase
in model accuracy over time.
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3.5.3.2 ResNet50

The deployment of the ResNet50 model takes advantage of transfer learning for the
accurate identification and classification of diseases in vineyard images. As a model
pre-trained on the ImageNet dataset, ResNet50 brings a deep and efficient architecture
known for its effectiveness in image recognition tasks.

The ResNet50 model was loaded with its original, pre-trained weights, but without
its top layers, making room for new classification layers designed for this specific task.
The layers from the pre-trained model were frozen, so their weights stay the same during
training. This approach transforms the model into a feature extractor, focusing training
on the newly added layers.

On top of ResNet50, new layers were added to adapt the model to the vineyard disease
classification. A Flatten layer was first added to convert the 2D features into a 1D vector,
followed by a dense layer with 256 neurons and a ReLU activation function. This layer
serves as a classifier on top of the comprehensive feature representations learned by
ResNet50. Finally, an output dense layer with a softmax activation function was included,
providing a probability distribution across the different disease classes.

The model was compiled with an Adam optimizer and trained for 50 epochs using a
batch size of 32. The learning rate was set conservatively to ensure that the new layers
learned from the vineyard images without disrupting the valuable features captured by
the ResNet50 base.

Monitoring the accuracy and loss during training provided insights into the model’s
performance. The provided accuracy plot from the evaluation phase with the test set
shows that the model could effectively distinguish between the different diseases, with
the validation accuracy trailing closely behind the training accuracy, which suggests good
generalization (see Figure 3.6a).

Similarly, the loss plot indicates that the error decreased significantly as the model
learned, with both training and validation loss converging, a sign that the model was
fitting well without overfitting (see Figure 3.6b).

(a) Accuracy graph (b) Loss graph

Figure 3.6: ResNet50 accuracy and loss graphs on test set

42



3.5. CNN MODEL

Additional layers on top of the ResNet50 model are essential to a transfer learning
approach because they allow the model to move from recognizing general image features,
which is what the pre-trained model is good at, to recognizing specific features important
to the specific classification task at hand. These layers are where the learning of vineyard
images occurs, adjusting the model output to the specific classes of interest in the dataset.

3.5.3.3 MobileNetV2

This model was adopted based on its efficiency and suitability for mobile devices. It is
designed to make quick predictions and still be accurate. This model was loaded with
its ImageNet weights for general feature detection, and the top classification layers were
removed to make room for custom layers that are fine-tuned for the specific classification
task.

Following the transfer learning approach, as with the ResNet50 model, the trainable
parameters in MobileNetV2 were frozen to exploit the learned features while new layers
were added for vineyard disease classification. These include a Flatten layer to convert
2D output to 1D vectors, followed by a dense layer with 256 neurons to learn complex
features, and a softmax output layer corresponding to the number of disease classes.

The MobileNetV2-based model was compiled with an Adam optimizer and a reduced
learning rate. This approach aimed to adjust the weights of the newly added layers
carefully, preserving the valuable features inherited from the pre-trained model. It was
trained over a period of 50 epochs, maintaining a consistent batch size of 32 images
throughout the process.

(a) Accuracy graph (b) Loss graph

Figure 3.7: MobileNetV2 accuracy and loss graphs on test set

The model’s performance is illustrated by the loss and accuracy plots in Figure 3.7.
The loss graph displays a sharp initial decline, leveling off at a minimal value, which
indicates the model’s success in reducing error throughout its training. Meanwhile, the
accuracy graph demonstrates that the model achieved and sustained high accuracy rates
across both training and validation datasets. This consistent performance suggests that
the model generalizes well and is not overfitting to the training data.
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3.6 Satellite

This section delves into the integration of satellite technology with geospatial data via an
API, highlighting its critical importance in improving agricultural practices. We explore
the architecture and deployment of a system that utilizes the Flask API, emphasizing
the interconnection among diverse environments and the employment of Convolutional
Neural Networks (CNNs) for efficient data set retrieval and preprocessing. This ground-
work enables advanced manipulation and representation of satellite and geospatial data,
thus substantially improving agricultural methods by offering vital insights and visualiza-
tion capabilities that prove particularly advantageous for agriculture. Additionally, this
section discusses the combination of these datasets with the Flask API to improve the
functionality of the application and user engagement, depicting the transition from data
acquisition to its practical application in agriculture. The importance of Google Earth
Engine’s (GEE) vast satellite data repository is highlighted, showing its significant role in
advancing agricultural practices through geospatial analytics.

Furthermore, the following section elaborates on the types and quality of satellite data
accessible via the GEE API, essential for the system’s support of agricultural endeavors.
It examines the specifics of satellite imagery and geospatial data provided by GEE, such
as resolution, frequency, and the assortment of datasets available, including vegetation
indices, soil moisture levels, and land surface temperatures. Highlight how these data
are crucial for precise agricultural monitoring, land use analysis, and environmental
management. Methodologies fordata retrieval, processing, andanalysis are also discussed,
with the aim of producing actionable insights for farmers, technicians, and researchers.

3.6.1 GEE API Connection

The API’s minimalist design and the free-of-cost requests facilitate the seamless retrieval
and processing of satellite imagery, allowing users to access, visualize, and analyze data
efficiently. This connection is paramount for layer visualization, which is critical for
agricultural insights, as it allows detailed observation and analysis of land use, crop
health, and environmental changes over time. By leveraging GEE, the system can harness
a vast repository of satellite imagery and geospatial datasets, offering a robust framework
for agricultural decision making. The API’s architecture is designed to accommodate
the complexities of satellite data, ensuring a smooth interface for users to interact with
and derive value from the geospatial analyses. This approach not only enhances the
capabilities of the Flask API framework but also underscores the importance of satellite
technology in advancing agricultural practices.

In addition to GEE, there are other possibilities of accessing Sentinel-2 data. There
is the official Copernicus mission website [Ser23] and the corresponding guide [Ser14].
Using the browser provided by the website, it is possible to download a ZIP file with the
data for a specific area. Normally you never have access to an image itself, it is a package

44



3.6. SATELLITE

that can be opened and worked with software such as SNAP or QGIS [Age; Tea02]. SNAP
can be used to convert the data from that ZIP file to a GeoTIFF image based on several
bands, and then that image can be viewed in QGIS and eventually for processing in other
software. However, this process becomes laborious and costly in terms of resources. It
forces you to somehow save the ZIP with the data or the GeoTIFF image so that it is always
available for access, which increases the complexity of the code whenever you want to
update the data to obtain the most recent information from the satellite.

There are other services that provide APIs based on data from Copernicus missions.
Some are considered Data and Information Access Services (DIAS) by the Copernicus
project itself [Com] andanotherwell-known SentinelHub [Hub16]. These services provide
pre-processed data and APIs in a more useful, simple, and direct way. The problem faced
with many of the APIs was the limit of requests to services, where some of the services
become paid after a few number of requests or after passing a trial test or sometimes
having some services free but with limitations.

3.6.2 Data retrieved

Google Earth Engine tools provide access to a variety of satellite images and geospatial
datasets that cover a wide range of applications. This includes high-resolution optical
imagery, thermal imagery, radar imagery and a variety of derived data sets such as
vegetation indices (e.g. NDVI to assess plant health), water index (e.g. NDWI for mapping
water bodies) and soil moisture data. Mainly, the data is divided into three types: Climate
and Weather data, Imagery data, and Geophysical data.

These datasets come from numerous satellite missions, each offering different res-
olutions, temporal frequencies, and spectral bands, allowing users to select the most
appropriate data for their specific agricultural monitoring, environmental assessment, or
land use analysis needs. In the decision-making process for selecting suitable satellite data
to support agricultural applications, the Sentinel-2 mission, specifically the Multispectral
Instrument (MSI), was chosen for its high resolution multispectral imagery. This data,
available from 2015 to the present, is useful for a broad range of applications, including
the monitoring of vegetation, soil and water cover as well as for humanitarian and disaster
risk assessments. The utility and versatility of Sentinel-2 imagery make it an important
resource for detailed observation and analysis of agricultural lands and environmental
conditions.

The choice was further refined to utilize the Surface Reflectance data from the Sentinel-
2 Level-2A product. This dataset provides orthorectified and atmospherically corrected
surface reflectance data, available since March 28, 2017. The use of Level-2A surface
reflectance data ensures that the imagery is ready for immediate analysis, removing the
need for additional preprocessing steps to correct for atmospheric effects.

The code line provided below is an example of how to retrieve satellite data using the
Google Earth Engine (GEE) API, specifically targeting the Sentinel-2 Surface Reflectance
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data:

1 c o l l e c t i o n = ee . ImageCol lect ion ( "COPERNICUS/S2_SR_HARMONIZED" ) .
2 map(maskClouds ) . f i l t e rBounds ( polygon ) .
3 f i l t e rD a t e ( s t r ( one_weeg_ago ) , s t r ( yesterday_date ) ) .
4 f i l t e r ( ee . F i l t e r . l t ( ’CLOUDY_PIXEL_PERCENTAGE ’ , 2 0 ) )

Listing 3.2: Satellite connection

The filterBounds(polygon) function limits the collection to images that intersect with a
defined geographical area (land or parcel), ensuring that only relevant data are retrieved.
By default, the system is configured to search for images within a time frame that starts
5 days prior to the current date and extends up to the day before the current date. This
temporal window, referred to as the delta time, is crucial to ensure that the data collected
is both relevant and timely for analysis purposes.

Each image in the collection contains several spectral bands, such as RGB (Red, Green,
Blue) for basic color visualization, NIR (Near Infrared) for vegetation health assessment,
and additional bands for water vapor and other environmental parameters. The choice
of specific bands for analysis allows the creation of customized visualization layers cus-
tomized to the particular needs of the application, such as assessing vegetation health,
monitoring water bodies, or analyzing land cover changes. This selection process is
essential to take advantage of satellite imagery for detailed and actionable insights into
agriculture and environmental monitoring.

3.6.3 Visualization layers

Given the approach taken during the retrieval satellite data, this section and following sub-
sections will detail the specific layers derived from satellite imagery that are instrumental
for agricultural monitoring and chosen to be implemented. It serves as an introduction
to the understanding and application of these layers, each tailored to highlight different
aspects of the Earth’s surface and its conditions.

Processing the retrieved data involves applying a mean to all images provided by
the collection such as: image = data.median().clip(polygon). This step results in a
single image representing the average over a period (in this case, every 5 days), enhancing
manageability and interpretability. Additionally, .clip(polygon) ensures that only data
relevant to the defined land area (polygon) is retained for further analysis.

The layers processed and implemented through the Google Earth Engine (GEE) API
and FlaskAPI provide invaluable insights into the health and condition of agricultural
lands, water bodies, and other environmental features. By applying specific algorithms to
the satellite imagery, we can extract detailed information on vegetation, moisture content,
soil health, and water quality.
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3.6.3.1 Satellite layer

This layer provides the base optical images captured by the satellite, offering a direct view
of the Earth’s surface. It is a critical component of remote sensing, is integral for a wide
range of applications, from environmental monitoring and disaster management to urban
planning and agricultural assessment. By capturing high-resolution images, the satellite
layer enables detailed observations of land patterns, vegetation cover, water bodies, and
human-made structures, providing invaluable insights for farmers and technicians.

1 display = { "min" : 0 , "max" : 5000 , " dimensions " : 2 56 ,
2 " bands " : [ ’B4 ’ , ’ B3 ’ , ’ B2 ’ ] }
3 mapid = image . getMapId ( display )

Listing 3.3: Satellite layer visualization

The following Figure 3.8 depicts the satellite layer view with a clear demarcation
between natural landscapes and human habitation.

Figure 3.8: Satellite layer visualization

3.6.3.2 NDVI Layer

TheNormalizedDifferenceVegetation Index (NDVI) is awidely used remote sensing index
that offers a quantifiable measure of vegetation health, vigor, and biomass. It leverages
the difference in the reflectance properties of vegetation in the red and near-infrared (NIR)
parts of the electromagnetic spectrum. Healthy vegetation absorbsmost of the visible light
(including red) and reflects a large portion of the NIR, while stressed or sparse vegetation
reflects more red light and less NIR [Ana24b]. The NDVI is calculated using the formula:

𝑁𝐷𝑉𝐼 =
(𝑁𝐼𝑅 + 𝑅𝑒𝑑)
(𝑁𝐼𝑅 − 𝑅𝑒𝑑) (3.1)

Where NIR is the reflectance in the near-infrared spectrum, and Red is the reflectance
in the visible red spectrum. NDVI values range from -1 to 1, where higher values indicate
healthier and denser green vegetation. Very small values of -1 to 0, correspond to empty
areas of rocks, sand or snow and possibly dead plants. Small values 0 to 0.3 indicate
unhealthy plants. Moderate values from 0.3 to 0.6 represent healthy plants, shrubs and
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meadows. Large values range from 0.6 to 1 indicate very healthy plants or tropical forests.
These values are a useful tool for determining whether fields are ready to be harvested;
The lower the index, the closer a portion of the area is approaching the stage when it is
ready to be harvested.

The NDVI layer is indispensable for monitoring crop conditions, changes in vegetation
cover, and land use practices. It is especially useful for assessing photosynthetic activity
and estimating biomass production. This capability makes it a critical tool for agricultural
monitoring, environmental management, and the study of ecosystem dynamics [Ana24b].

The Python code snippet below demonstrates how to calculate the NDVI layer from
an image, apply a color map for visualization, and prepare it for display:

1 #B8 i s NIR , B4 i s Red , B2 i s Blue f o r v i s u a l i z a t i o n
2 image = image . s e l e c t ( [ ’B8 ’ , ’ B4 ’ , ’ B2 ’ ] )
3
4 # C a l c u l a t e NDVI
5 ndvi = image . normal izedDif ference ( [ ’B8 ’ , ’ B4 ’ ] )
6 colormap = create_colormap ( ’RdYlGn ’ , 10 ) # Gene r a t e 10 c o l o r s
7
8 display = { "min" : −1 , "max" : 1 , " p a l e t t e " : colormap ,
9 " dimensions " : 2 5 6 }
10
11 mapid = ndvi . getMapId ( display )
12 l a b e l s = crea te_co lormap_labe l s ( )

Listing 3.4: NDVI layer visualization

This code first selects the necessary bands from the image (B8 for NIR and B4 for Red)
and calculates the NDVI using the normalizedDifference function. It then generates a
color map from red (representing low NDVI values, i.e., sparse or unhealthy vegetation)
to green (representing high NDVI values, i.e., dense or healthy vegetation), which helps
visualizing the vegetation health across the landscape. The display settings adjust the
NDVI visualization parameters, including setting the minimum and maximum values of
the NDVI scale and applying the generated color palette. Finally, the mapid is prepared
for displaying the NDVI map, with labels providing a legend and additional context for
the visualization.

This method of visualizing NDVI provides an intuitive way to assess vegetation health
across large areas, making it an essential tool for environmental monitoring, agricultural
management, and ecological research.

3.6.3.3 NDMI Layer

The Normalized DifferenceMoisture Index (NDMI) is designed to assess moisture content
in vegetation and soil, leveraging the spectral properties of near-infrared (NIR) and
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Figure 3.9: NDVI layer visualization

short-wave infrared (SWIR) light. Vegetation moisture content can significantly influence
reflectance in these bands, making NDMI a valuable tool for monitoring water stress,
planning irrigation, and efficiently managing agricultural resources. High NDMI values
indicate high moisture content, while low values suggest dry conditions.

The NDMI is particularly useful for identifying areas at risk for drought or those
experiencing abnormalmoisture levels. By enabling themonitoring ofmoisture variations
over time, it helps optimize water use and ensure sustainable agricultural practices. The
index is calculated as follows:

𝑁𝐷𝑀𝐼 =
(𝑁𝐼𝑅 + 𝑆𝑊𝐼𝑅)
(𝑁𝐼𝑅 − 𝑆𝑊𝐼𝑅) (3.2)

Where NIR represents the near-infrared band and SWIR represents the short-wave
infrared band. These bands are selected based on their sensitivity to changes in water
content, with NIR being absorbed and SWIR being reflected by water within vegetation
[Ana24a].

Similarly to other indices, the NDMI operates within a range of -1 to 1. Negative values
nearing -1 signal water stress, while values approaching +1 suggest waterlogging (see
Figure 3.10). Consequently, each value within this spectrum corresponds to a distinct
agronomic scenario.

For example, values from -1 to -0.8 signify barren soil; -0.8 to 0.0 represent low or very
low canopy cover, indicating high water stress or low water stress, respectively. Values
from 0 to 0.2 represent average canopy cover, reflecting high water stress or mid-low
canopy cover under low water stress. Meanwhile, the range of 0.2 to 0.8 indicates mid-
high to very high canopy cover with no water stress. Finally, values from 0.8 to 1 signify
total canopy cover with no water stress or potential waterlogging.

It is crucial to recognize that NDMI values fluctuate throughout the growing season
due to variations in plant reflectance across different phenological stages. Furthermore,
there is a correlation between NDMI and NDVI. NDMI values indicating water stress can
be confirmed by a significantly lower than average NDVI [Ana24a].

To implement the NDMI layer for satellite imagery analysis, the following Python code
was implemented:
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1 #B8 i s NIR , B11 i s SWIR , B3 i s Green f o r v i s u a l i z a t i o n
2 image = image . s e l e c t ( [ ’B8 ’ , ’ B11 ’ , ’ B3 ’ ] )
3
4 # C a l c u l a t e NDMI
5 ndmi = image . normal izedDif ference ( [ ’B8 ’ , ’ B11 ’ ] )
6 colormap = create_colormap ( " Purples " , 10 ) # Gene r a t e 10 c o l o r s
7
8 display = { "min" : −1 , "max" : 1 , " p a l e t t e " : colormap ,
9 " dimensions " : 2 5 6 }
10
11 mapid = ndmi . getMapId ( display )
12 l a b e l s = crea te_co lormap_labe l s ( )

Listing 3.5: NDMI layer visualization

This script calculates the NDMI by selecting the appropriate bands, applies a color
map for visualization, and prepares the imagery for display. The "Purples" color scheme is
chosen to representmoisture levels, with darker shades indicating highermoisture content,
thus facilitating the identification of water stress and optimizing irrigation strategies.

The ability of the NDMI layer to pinpoint variations in soil and vegetation moisture
makes it a essential tool for agricultural management, drought assessment, and environ-
mental monitoring. By providing information on water content across landscapes, it
supports the effective allocation of water resources and the implementation of sustainable
agricultural practices.

Figure 3.10: NDMI layer visualization

3.6.3.4 MSAVI Layer

TheModified Soil Adjusted Vegetation Index (MSAVI) is specifically designed tominimize
the influence of soil background when detecting vegetation signals, which makes it
particularly useful in areas where vegetation is sparse and soil has a significant impact on
the observed satellite signal. The goal of MSAVI is to enhance the visibility of vegetation
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health and coverage by reducing the effect of soil characteristics that might obscure the
satellite’s view of the vegetation.

1 #B8 i s NIR , B4 i s Red , B3 i s Green f o r v i s u a l i z a t i o n
2 image = image . s e l e c t ( [ ’B8 ’ , ’ B4 ’ , ’ B3 ’ ] )
3 msavi = image . express ion (
4 ’ (2*NIR+1− sq r t ( ( ( 2 *NIR+1)**2) −8*(NIR−R) ) ) / 2 ’ ,
5 {
6 ’NIR ’ : image . s e l e c t ( ’B8 ’ ) ,
7 ’R ’ : image . s e l e c t ( ’B4 ’ )
8 }
9 )
10 colormap = create_colormap ( ’RdYlGn ’ , 10 ) # Gene r a t e 10 c o l o r s
11 display ={ "min" : −1 , "max" : 1 , " p a l e t t e " : colormap ,
12 " dimensions " : 2 5 6 }
13
14 mapid = msavi . getMapId ( display )
15 l a b e l s = crea te_co lormap_labe l s ( )

Listing 3.6: MSAVI layer visualization

In the provided code snippet, the MSAVI is calculated using an expression that
combines the Near-Infrared (NIR) and Red (R) bands from satellite imagery. The formula
used is as follows:

𝑀𝑆𝐴𝑉𝐼 =
(2 ∗ 𝑁𝐼𝑅 + 1 − 𝑠𝑞𝑟𝑡((2 ∗ 𝑁𝐼𝑅 + 1)2 − 8 ∗ (𝑁𝐼𝑅 − 𝑅)))

2 (3.3)

This expression is designed to compute the MSAVI value for each pixel in the image,
where the NIR band is represented by ’B8’ and the Red band by ’B4’ in the context of
Sentinel-2 satellite imagery.

After theMSAVI calculation, a colormap is generatedusing the create_colormap function
with the ’RdYlGn’ color scheme, indicating a range from red (lower values, indicating less
vegetation) to green (higher values, indicating more vegetation), with ten color gradations.
This colormap is then applied to the MSAVI values to visually differentiate areas based
on their vegetation health and coverage. The display parameters are set with minimum
and maximum values of -1 and 1, respectively, and a fixed dimension size of 256 pixels,
ensuring that the output is standardized for visualization purposes.

Lastly, the getMapId() function is used to generate a map visualization of the MSAVI
data, applying the previously defined display settings, including the colormap. The
create_colormap_labels function, generates labels for the colormap, providing a textual
representation of the color gradations and their corresponding MSAVI values, further
aiding in the interpretation of the map.
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Focusing on mitigating soil background effects, MSAVI provides a more precise eval-
uation of vegetation health and coverage, especially in challenging environments where
conventional vegetation indices may struggle due to significant soil background interfer-
ence. This technique is most effective in the initial phases of plant growth.

Values ranging from -1 to 0.2 indicate bare soil, while 0.2 to 0.4 indicates seed germi-
nation and 0.4 to 0.6 denotes leaf development (see Figure 3.11). Once values exceed 0.6,
NDVI becomes more appropriate, indicating dense vegetation cover obscuring the soil.

MSAVI is adept at detecting uneven sprouting, crucial for identifying vulnerable seeds
recently sown, susceptible to predation, weather, or moisture damage. Implementing
MSAVI enables the pinpointing of areas of poor germination, facilitating timely resowing
to mitigate yield losses.

Figure 3.11: NSAVI layer visualization

3.6.3.5 NDWI Layer

The NDWI (Normalized Difference Water Index) layer is a critical tool for assessing
water stress and quality within agricultural and natural ecosystems. It plays a vital role in
managingwater resources, pinpointing areas underwater stress, and tracking the temporal
changes in water bodies. Utilizing this layer enables a more nuanced understanding of
water-related issues, facilitating strategic planning and interventions to address water
scarcity and quality concerns.

The NDWI is calculated using the formula:

𝑁𝐷𝑊𝐼 =
(𝐺𝑟𝑒𝑒𝑛 − 𝑁𝐼𝑅)
(𝐺𝑟𝑒𝑒𝑛 + 𝑁𝐼𝑅) (3.4)

Where Green represents the reflectance in the green band, and NIR is the near-infrared
reflectance. This index is especiallyuseful foremphasizingwaterbodies anddistinguishing
them from the surrounding land, due to the high absorption of NIR by water compared
to the green light, which is reflected by water.

To implement the NDWI layer in Python, the following code can be used:

1 msavi = image . express ion ( ’ ( Green−NIR)/ ( Green+NIR) ’ ,
2 {
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3 ’NIR ’ : image . s e l e c t ( ’B8 ’ ) ,
4 ’Green ’ : image . s e l e c t ( ’B3 ’ )
5 }
6 )
7
8 colormap = create_colormap ( ’PuOr ’ , 10 ) # Gene r a t e 10 c o l o r s
9 display ={ "min" : −1 , "max" : 1 , " p a l e t t e " : colormap ,
10 " dimensions " : 2 5 6 }
11
12 mapid = msavi . getMapId ( display )
13 l a b e l s = crea te_co lormap_labe l s ( )

Listing 3.7: NDWI layer visualization

The code also includes steps for applying a color map to visually represent the NDWI
values, enhancing the interpretability of the data for water resource management and
conservation efforts. This approach to NDWI calculation and visualization is informed by
methodologies and recommendations found in the literature and online resources, such
as the EOS guide on their analysis platform [Ana24c].

Figure 3.12: NDWI layer visualization

3.6.4 Satellite limitations

Each of these visualization layers represent a powerful tool for the analysis and under-
standing of environmental and agricultural phenomena. By dissecting satellite data into
these specific indexes and layers, farmers and technicians can gain deeper insights into the
conditions of their areas of interest, facilitating informed decision-making and targeted
interventions.

The approach taken in 3.6.2 is designed to balance the need for up-to-date information
with the limitations imposed by the satellite’s non-geostationary nature and the cloud
cover that can obstruct the satellite’s view of the Earth’s surface. As a non-geostationary
satellite, Sentinel-2 does not maintain a fixed position relative to the Earth’s surface, and
thus it cannot provide real-time imagery updates. Instead, images are captured as the

53



CHAPTER 3. DESIGN AND IMPLEMENTATION

satellite orbits the Earth, leading to a limitation bywhich data can only be fetched from the
previous day or earlier. This temporal constraint necessitates planning and adjustments in
data retrieval strategies for monitoring and analysis purposes, especially in applications
that require up-to-date information. By focusing on images captured between 5 days
ago and the day before the current date, the collection process prioritizes the retrieval
of the most relevant and clear satellite imagery available within this defined window,
maximizing the utility and applicability of the data for agricultural monitoring purposes.

The cloud masking function (maskClouds) and the subsequent filtering step that limits
the dataset to images with less than 20% cloud coverage are essential to enhance the
quality of the images retrieved. However, it is also important to recognize that on days
with heavy cloud cover, this process may result in the exclusion of a significant portion of
the images, potentially leading to instances where the returned image collection is sparse
or even blank. This highlights the inherent challenges in relying on satellite imagery for
real-time monitoring and analysis, necessitating alternative strategies or data sources in
scenarios where cloud cover is a significant impediment. Addressing this challenge, a
simple solution was implemented to enhance user interaction and data retrieval efficiency.
When the cloud masking process and cloud coverage filters lead to instances where no
suitable images are found within the default search window, the system is designed to
issue an alert to the user. This alert signifies the absence of visible bands due to cloud
obstruction, indicating the need for user intervention.

Users are given the option to adjust or increase the delta time - the period over which
images are searched. By extending the search window beyond the default 5 days prior to
the current date, users can potentially access a broader dataset, increasing the likelihood
of finding images with minimal or acceptable levels of cloud cover. This user-driven
approach allows for greater flexibility in data retrieval, catering to the specific needs
and constraints of individual analysis scenarios. This feature underscores the system’s
adaptability anduser-centric design, enablingmore effective utilization of satellite imagery
for agricultural and environmental monitoring. By allowing users to dynamically adjust
search parameters in response to real-world challenges such as cloud cover, the system
improves its utility as a robust tool for accessing and analyzing satellite data.

3.7 Weather

Weather plays a crucial role in agricultural productivity and environmental sustainability,
influencing crop growth, water resource management, and ecosystem health. Given its
critical importance, the integration of accurate and timely weather data into agricultural
practices and environmental monitoring systems has become increasingly essential. This
chapter delves into the mechanisms for acquiring and using weather data through an
API connection, specifically focusing on Visual Crossing Weather Data & Weather API
[Cro03].
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The section begins byoutlining theAPI connection (3.7.2), detailing the process of estab-
lishing a link to the Visual Crossing platform to access comprehensive weather datasets.
Followed by the types of data retrieved (3.7.3), highlighting the diversity of available
weather parameters and their relevance to agricultural and environmental analyzes.

The subsequent sections cover the technical aspects of making requests to the API
(3.7.4) and the practical implementation of weather data in agricultural systems. These
discussions encapsulate themethodologies forqueryingweatherdata, handling responses,
and integrating this information into decision-making processes to improve agricultural
productivity and environmental stewardship.

The chapter concludes by emphasizing the importance of weather data for agriculture
(3.7.1). It outlines how accurate and timely weather information can empower farmers,
technicians, and environmental scientists to make informed decisions, optimize resource
use, and mitigate risks associated with weather variability.

3.7.1 Importance and usage

The importance of weather data in agriculture cannot be overstated. It plays an essen-
tial role in improving agricultural practices and promoting sustainable management
of environmental systems [Bai+22]. This importance covers several aspects, including
decision-making, operational planning, resource optimization, risk mitigation, improving
sustainability and promoting technological integration in the agricultural sector:

• Accurate and timely weather information enables agricultural professionals to
make strategic decisions related to planting, irrigation planning, pest management
and harvesting operations. By predicting weather conditions, farmers can optimize
the timing of these operations to improve crop yields, reduce resource waste, and
minimize the risk of damage from unexpected weather events.

• Advanced weather analysis facilitates efficient water use, allowing irrigation plan-
ning in accordance with current weather forecasts and soil moisture. This optimiza-
tion not only saves water but also ensures plants receive enough water at the most
beneficial times.

• Weather variability poses significant risks to agricultural productivity. Extreme
situations such as droughts, floods and heat waves can devastate crops, causing
significant economic losses. Access to detailed weather forecasts and historical
weather data allows for risk mitigation strategies, such as adjusting crop choices or
using soil conservation techniques.

• Sustainable agriculture seeks to balance the needs of food production with the
conservation of environmental resources. Weather data plays an important role in
this effort by providing information on measures to reduce environmental impacts.
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By adapting agricultural practices to weather conditions, agriculture can contribute
to environmental conservation and resilience to climate change.

• Integrating weather data with agricultural technology, such as precision farming
tools and decision support systems, marks a step forward in efficiency and effec-
tiveness productivity of agricultural activities. Technologies that leverage weather
analytics, such as automated irrigation systems and dynamic crop models, enable a
data-driven approach to agriculture that supports higher yields, good crop health
better and better economic results.

In short, the strategic use of weather data is an integral part of modern agriculture,
offering solutions to some of the most pressing challenges facing the industry. As the
climate continues to change, the reliance on accurate, detailed and timely weather infor-
mation will only increase, highlighting the need for continued innovation and investment
in weather analytics to support a sustainable future for agriculture and the planet.

3.7.2 API connection (Visual Crossing: Weather Data & Weather API)

Establishing a connection to Visual Crossing Weather Data & API is a straightforward
process thatopens access to crucialweather information foragricultural andenvironmental
applications. This subsection details the steps involved in using Visual Crossing Weather
API, a powerful tool for retrieving historical, current, and forecast weather data.

To begin, it is necessary to create a free account on Visual Crossing’s platform, which
grants the developer an API key essential for authenticating requests. This key acts as a
unique identifier, ensuring secure access to the service. The API uses a simple, yet flexible
request format that allows users to specify the location and time range for which they seek
weather data. The basic form of an API request to the Timeline Weather API is as follows:

1 ht tps ://weather . v i sua l c ro s s ing . com/VisualCrossingWebServices/
2 r e s t / s e rv i c e s/ t ime l ine /[ l o ca t i on ]/ [ date1 ]/ [ date2 ] ? key=API_KEY

Listing 3.8: API connection request

In this URL, [location] can be a specific address, a city name, a latitude/longitude pair,
or a postal code, offering versatile options for pinpointing the desired geographical area.
The [date1] and [date2] parameters define the time range for the query, which can span
from a single day to multiple years, depending on the user’s needs.

By crafting a request URL with the appropriate parameters and the API key, it is
possible to retrieve detailedweatherdata for their specified location andperiod. TheVisual
Crossing Weather API documentation provides comprehensive guidance on forming
requests, understanding the response structure, and exploiting the full potential of the
API. It offers examples, parameter descriptions, and troubleshooting tips, ensuring that
users can efficiently integrate weather data into their applications and analyses [Cro03].
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3.7.3 Data retrieved

The Visual Crossing Weather API returns data in a structured format, typically JSON,
containing a wealth of information such as temperature, precipitation, wind speed, and
muchmore, empowering users to analyzeweatherpatterns, assess climatic conditions, and
make informed decisions related to agricultural planning, environmental monitoring, and
resource management. This comprehensive dataset encompasses various metrics crucial
for agricultural decision-making, providing detailed weather information, including:

• Weather Data Arrays containing objects for each requested day, with day-specific
weather data such as temperature, precipitation, and more. Each day object can
contain an hour array, providing hour-by-hour weather details.

• Current conditions and alerts given at the time of the request, including temperature
and other relevant metrics.

• Detailed weather data elements through properties such as cloud cover, conditions,
temperature, humidity, and others, offering a full picture of weather at a given time.
Other fields such as moon phase, sunrise, sunset, and moon rise provide additional
context on celestial events.

• Statistical and forecastdata giveproperties suchas feels like, precipitationprobability,
and UV index that give insight into how the weather feels. The source attribute indi-
cates the origin of the weather data, whether it is observational, forecast, historical
forecast, or a combination thereof.

• Other metrics such as solar radiation and solar energy provide information on
solar radiation and energy, crucial for applications in solar power generation and
environmental monitoring.

This structured JSON response enables developers and analysts to integrate and pro-
cess weather data within applications, providing end-users with detailed and actionable
weather information tailored to specific locations and times. Each piece of data recovered
is tailored to help farmers, technicians, and researchers understand current and forecast
weather conditions. This information is crucial for planning agricultural activities, such
as irrigation, planting, and harvesting, ensuring that operations are carried out at optimal
times to maximize yields and minimize risks.

Visual Crossing Weather API offers a robust tool for accessing historical, current, and
forecasted weather data. By leveraging this API, is possible to integrate precise weather
information into agriculturalmanagement systems, enhancing its ability tomake informed
decisions based on the latest meteorological data.
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3.7.4 Requests

Implementing API queries to retrieve weather data is an essential function for applications
that require accurate and timely weather information. In the context of agricultural
and environmental monitoring, two essential types of queries have been implemented:
historical weather data retrieval and weather forecast data retrieval. These requests are
supported through a Python-based backend that leverages the Flask framework to create
API endpoints, which in turn communicates with the Visual Crossing Weather API.

3.7.4.1 Historical Weather Data

The getHistoryWeatherData function is designed to retrieve weather data from 14 days
ago to the present day for a specified city. This historical weather data is important for
analyzing trends, comparing and understanding past weather conditions that may have
affected agricultural productivity or environmental conditions.

1 response = reques ts . get ( ap i_ur l )
2 historyWeatherData [ d i s t r i c t ] = response . j son ( )
3 historyWeatherData [ d i s t r i c t ] [ ’ last_updated ’ ] = date
4 return historyWeatherData [ d i s t r i c t ]

Listing 3.9: History Weather Data

This query involves constructing an API URL with the district name and the date
range, then making a GET request to the Visual Crossing Weather API. The response,
formatted as JSON, is processed and stored, with the last_updated timestamp ensuring the
data’s freshness.

3.7.4.2 Weather Forecast Data

The getForecastWeatherData function is intended to provide weather forecast information
for a specific city. These forecast data are essential for planning future agricultural
activities, predicting weather-related risks, and taking proactive measures to mitigate
adverse impacts on crops and livestock.

1 response = reques ts . get ( ap i_ur l )
2 weatherData [ d i s t r i c t ] = response . j son ( )
3 weatherData [ d i s t r i c t ] [ ’ last_updated ’ ] = date
4 return weatherData [ d i s t r i c t ]

Listing 3.10: Future Weather Data

Similarly to historical data retrieval, this function constructs a request to the Visual
Crossing Weather API and processes the JSON response. The data includes a wide range
of forecast weathermetrics, which are thenmade available for further analysis and display.

To make these weather data retrieval functions more accessible from the front-end
application, Flask API endpoints were implemented. These endpoints allow for dynamic
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retrieval of historical data and weather forecasts based on user requests from the frontend.
The data can then be displayed as tables or graphs, allowing users to interact with
and analyze weather information relevant to their agricultural or environmental needs.
This integration of weather data through Flask API endpoints illustrates the power of
combiningweather analyticswithweb technology to support data-driven decisionmaking
in agriculture and beyond.
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4

Prototype

This section focuses on the design and development of the website SmartData, as well as
its integration with an already developed and tested application named AgriDash. The
prototype developed for SmartData allows the creation and monitorization of agriculture
fields using the architecture defined in section 3.1. The SmartData frontendwas developed
to meet the specifications detailed in section 1.3 and to showcase the application use cases
discussed in section 3.4.

This chapterdetails the development and functionalities of the prototype application its
design decisions and available features, giving extra focus on the integration architecture
of the resultant application, available features, such as screens, navigation properties and,
data management.

4.1 SmartData

In this section, we delve into the SmartData platform, a key component of our integrated
digital agriculture solution. SmartData is designed to empower farmers and agricultural
professionals with the tools needed to efficiently create, manage, and monitor agricultural
fields. It serves as the interface for our comprehensive agriculture management ecosystem,
integrating seamlessly with AgriDash, a previously developed application, to provide a
holistic view and management capabilities for agricultural operations.

4.1.1 Design decisions

The development of SmartData was guided by several key design decisions aimed at
fulfilling the project’s vision, as described in section 1.3, and effectively addressing the use
cases discussed in section 3.4. These decisionswere instrumental in shaping the platform’s
architecture, user interface, and functionality.

User-Centric Design

SmartData’s interface was created with the end user in mind. Aware of the varying
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technological skill levels of the target user base, the platform has an intuitive and easy-to-
navigate user interface. This design choice ensures that users can easily access and use the
platform’s features without requiring in-depth technical knowledge, thereby expanding
accessibility and usability of platform.

Integration with AgriDash

A key design decision was the seamless integration with AgriDash. By leveraging
and extending AgriDash capabilities, SmartData provides a unified platform that not only
facilitates the creation and monitoring of agricultural fields but also improves decision
making through analytics comprehensive data. The integration architecture has been
carefully designed to ensure data consistency, real-time synchronization, and a consistent
user experience across both applications.

Scalable Architecture

Understanding the dynamic nature of agricultural management and the potential for
future expansion, the platform has been developed with a scalable architecture. This
approach allows adding new features, integrating new data sources, and meeting the
needs of a growing number of userswithout compromising performance. The architecture
is detailed in the 3.1 section, using modern development methods and technologies to
ensure flexibility and scalability.

Focus on Data Management

SmartData emphasizes effective data management. The platform supports the cre-
ation, modification and visualization of agricultural field data, providing users with the
necessary tools to manage their operations effectively. Features such as real-time data
updates, comprehensive analytics, and good visualisation techniques are an integral part
of the platform, allowing users to make informed decisions based on accurate information
and update.

4.1.2 Available Features

SmartData is equipped with a range of features designed to meet the specific needs of the
agriculture sector.

4.1.2.1 Satellite View

SmartData’s Satellite View function provides a powerful and intuitive tool to view agri-
cultural fields from a panoramic perspective, using advanced geospatial technologies to
improve agricultural management, as seen in Figure 4.1. Leveraging high-resolution satel-
lite imagery, this capability is critical formonitoring crop health, assessing field conditions,
and accurately planning agricultural operations. Users can obtain up-to-date visual data
about their field, allowing for detailed inspection and informed decision-making.
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Figure 4.1: Satellite view

This feature integrates Mapbox [Map10] for visualization and map creation, utilizing
the "satellite-v9" style provided by the API. This style is created from images from various
satellites, which does not guarantee its currency. To address this, SmartData provides the
option to view the terrain directly from the Sentinel-2 satellite, ensuring more up-to-date
images for users.

Map controls are visibly positioned in the upper right corner, allowing users to engage
in a rich map experience through a full-screen view, and to create or delete polygons
directly on the map. This improves user interaction and spatial analysis within the app.

On the opposite corner, options for viewing satellite layers are displayed, along with
toggle buttons for markers. This layout helps accessing different data layers and visibility
markers, allowing users to customize their viewing experience based on specific needs or
preferences.

This integration of Mapbox, combined with user-friendly map controls and layer
display options, demonstrates SmartData’s commitment to providing advanced tools for
agricultural management. With these features, SmartData ensures that users have access
to the most relevant and up-to-date geospatial information to make informed decisions in
their agricultural operations.

4.1.2.2 Field Creation and Management

The Field Creation and Management feature is designed to allow users to easily define
and manage their agricultural fields within the platform, provides a comprehensive set of
tools for drawing field boundaries and manage field data over time, figure 4.2. Through
its intuitive interface, users can locate fields directly on the satellite view, ensuring an
accurate and up-to-date representation of their agricultural lands. This functionality is
essential to support efficient agricultural operations and data-driven decision making.

In addition to the basic capabilities, the feature includes several advanced functions
for field management:

• Polygon Editing: Once polygons are drawn to represent field boundaries, they can
be modified. This allows users to adjust their field shape as needed to accurately
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Figure 4.2: Agriculture field creation

reflect boundaries as seen in Figure 4.3b.

• Multiple Polygons with Distinct Borders: Users can draw multiple polygons, each
delimited by a border of a different color. This visual distinction makes it easy to
identify separate fields or areas within a view as seen in Figure 4.3a.

• Polygon Selection: It is possible to select from the different polygons drawn. This
functionality is essential for managing multiple fields or parcels simultaneously,
providing a streamlined way to focus on specific segments as seen in Figure 4.3c.

• Polygon Dragging: Users have the ability to drag polygons across the satellite views.
This feature allows field boundaries to be repositionedwithout having to be redrawn,
providing flexibility in managing field layouts as conditions or requirements change.

(a) Multiple drawn polygon. (b) Select polygon. (c) Edit polygon.

Figure 4.3: Field management features

With accurate field delineation, easy editing, and clear visual field differentiation,
the platform ensures that users can efficiently manage their agricultural resources with
up-to-date and accurate geospatial data.

4.1.2.3 Satellite Layers Visualization

The Satellite Layers Visualization feature is a vital component of SmartData, allowing users
to overlay various satellite-derived indices on their agricultural fields. This functionality
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is exemplified by the MSAVI (Modified Soil Adjusted Vegetation Index) layer, a key index
for assessing soil and plant health, section 3.6.3.4. The MSAVI layer, shown in Figure 4.4,
helps in minimizing soil background effects on vegetation signals, providing farmers and
viticulturists with a clearer understanding of crop vigor and condition. With this feature,
users can base their decisions on a comprehensive analysis of satellite data, leading to
more informed and effective agricultural practices.

Figure 4.4: Visualization of MSAVI
(Modified Soil Adjusted Vegetation Index) layer

The image provided showcases an agricultural field with the MSAVI layer applied.
The visualization reveals various shades of green, indicating the vigor and health of the
vegetation. A legend on the right side of the image correlates the color intensity with the
index value, aiding in the interpretation of the data.

Key functions of the Satellite Layers Visualization feature include:

• Opacity Control: Users can adjust the opacity of the applied layer, allowing for
a customized view that can reveal both the satellite index information and the
underlying field details.

• Dynamic Legend: A legend is displayed and dynamically updated whenever a
polygon with an applied layer is selected. This helps users interpret the index values
represented on the map.

• Multiple Layer Visualization: There are five different visualization layers available,
each providing distinct insights into agricultural conditions. Section 3.6.3 for the
implemented layers.

• Layer Management Buttons: Two buttons are provided for managing the layers on
the selected polygon. One button clears the cache to remove layers, ensuring that
outdateddata does not interferewith current analysis. The other toggles the visibility
of the layers, allowing users to view the underlying satellite imagerywithout indices.

• Resource-Efficient Caching: Layers are stored in a cache system, conserving re-
sources from the Google Earth Engine (GEE) API and providing faster, easier access
to information.
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The complex layer management and visualization system as shown in Figure 4.4 plays
a significant role in modern precision agriculture. It allows for fast, efficient and resource-
efficient data analysis, providing agricultural professionals with timely access to valuable
information for optimal field management.

4.1.2.4 Weather Data Visualization

The ability to visualize weather data plays a significant role in agricultural planning
and management. The Weather Data Visualization feature in SmartData allows users to
graphically represent various weather parameters over time. As shown in the provided
image 4.5, this feature includes a chart that presents temperature data for a specific location
over a period of days in October.

Figure 4.5: Graph for weather data visualization

The graph in the image illustrates temperature changes over a span of two weeks, with
the line graph clearly showing the trend. Eachdata point represents one day, with arbitrary
vertical lines representing the range between maximum and minimum temperatures for
that day. Users can use this detailed weather information to make informed decisions
about planting, irrigating, and preparing for potential extreme weather events, ensuring
the resilience and productivity of their agricultural operations.

This feature employs reverse geocaching to determine the closest city to the center
coordinates of the selected polygon. It then utilizes the Mapbox API to retrieve the city
name, which is then used in an HTTP request to fetch weather data for that city (Section
3.7.2). Users can choose between forecasted and historical weather data, enabling them to
plan for future conditions as well as analyze past weather patterns.

Both forecast and historical data are available for a span of 15 days, and the interface
allows users to zoom in for a more detailed view of each day’s data. Within these options,
it is possible to select different types of data, such as temperature, humidity, wind speed,
and precipitation. Users can also choose to view the maximum, average, and minimum
values of these weather parameters.
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4.1.2.5 Disease Classification

The introduction of the Disease Classification feature in SmartData represents a notable
development in the field of agricultural technology. It employs image recognition and
machine learning algorithms to identify and classify common crop diseases from visual
data, figure 4.6. This tool empowers farmers with the capability to swiftly detect diseases
facilitating early intervention which is key to preserving crop quality and yield. The
application of this feature illustrates the convergence of AI and precision agriculture,
providing cutting-edge solutions for disease management.

Figure 4.6: Disease Classification

When uploading images of their crops, farmers receive immediate visual feedback as
the images appear on the left side of the interface. At the heart of this feature is a complex
classification algorithm, chosen for its effectiveness, as detailed in section 3.5. It examines
uploaded images, distinguishing patterns and abnormalities consistent with known signs
of disease.

The results of this analysis are presented to the user in a clear and concise manner.
In the central part of the screen, a text detailing the classification result—namely, the
disease label—emerges, accompanied by the confidence level expressed as a percentage.
This pivotal information is supplemented with additional text that, when interacted with,
directs users to the AVIPE website for a deeper understanding of Portuguese grapevine
diseases [AVI21].

To the right, the user is aided further by the inclusion of a reference image that
corresponds with the identified disease label. This image, sourced from the database that
was used to train themodel, serves as a visual guide, allowing users tomake a side-by-side
comparison with their uploaded image, thereby reinforcing the accuracy of the diagnosis.

Moreover, the tool offers an advanced feature for technicians: the option to refine
and train the classification model with the new image data provided during the upload.
This aspect of the tool ensures that the underlying algorithm continues to evolve and
adapt, enhancing its diagnostic precision with each new image analyzed. However,
in recognition of the varying levels of technical expertise, this advanced functionality is
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reserved for technicians and is accessible exclusively via the web version of the application,
underscoring a tailored approach to user access and experience. It is worth noting that
suggestions for refining the model are registered to be trained later along with several
requests, rather than undergoing immediate re-training.

SmartData’s Disease Classification tool embodies the integration of AI into agriculture,
providing innovative solutions for disease management that are not only accurate but
also user-centric, ensuring that farmers and agricultural professionals are equipped to
maintain crop health and optimize yield effectively.

4.1.2.6 Markers and other functionalities

The Markers and other functionalities section of SmartData reveals the application’s
advanced capabilities in enhancing agricultural monitoring with precision. The images
provided have two main aspects: the disease markers based on classification data figure
4.7, and the dynamic representation of satellite views figure 4.8.

Figure 4.7: Geospatial visualization of vineyard health.

In SmartData’s disease classification feature, once a machine learning algorithm
identifies a disease, metadata from the classified image is used to create a geospatial
marker on the map. This marker is more than just a static icon; it comes to life when
interacted with, displaying a pop-up window. The pop-up window contains the image,
date the image was taken, and title with the disease label assigned during triage. There
is also a “Treatment” button, which when clicked will remove the marker and confirm
that the disease or problem has been resolved. This action-oriented feature supports
agricultural workflows, moving from detection to action seamlessly.

Theuser interface is intuitive, withbuttons in the top left cornerof themap representing
the various diseases that can be marked. These serve as toggles to show or hide markers
related to each disease, with different colors providing an immediate visual distinction
between disease clusters. Such functionality is essential for farmers in monitoring many
large-scale outbreaks.

The second feature highlighted is the tilted map view, which offers a 3D perspective of
the terrain. Byproviding this angled satellite view, userswill gain a betterunderstanding of
the agricultural landscape, which can be important for planning andmonitoring purposes.
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Figure 4.8: Tilted Map View

Elevations and contours come into play in this angular view providing contextual depth
that a flat map cannot, making it an essential tool for those who need to understand the
nuances of the terrain image.

This innovative integration of markers and tilted map views highlights SmartData’s
commitment to provide comprehensive, user-friendly and useful agricultural information
that combines technology and practicality practices for effective agricultural management
and disease control.

4.2 AgriDash Integration

The integration of SmartData with AgriDash signifies a perfect union of data collection,
visualization and analysis relevant to precision agriculture. AgriDash, a tool previously
developed to leverage various data methods for agricultural management, aligns with the
goals of this project by providing a user-centric platform designedwithHuman-Computer
Interaction (HCI) techniques.

(a) Login. (b) Menu. (c) Side bar menu.

Figure 4.9: AgriDash interface
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This section explores the collaboration features between the two platforms, illustrating
how data synchronization and analytics can improve agricultural operations. The co-
creation approach, involving farmers and technical advisors, has been fundamental to
AgriDash’s development, allowing it to effectively respond to specific user needs. Its
interface, as shown in Figure 4.9, emphasizes user-friendly interaction.

Within the AgriDash application, this integration effort will focus on the "Data" section
as shown in themenu (Figure 4.9b). This area of the applicationwill be especially important
as it will be expanded to display a suite of data analytics and visualizations needed to
enable farmers and technicians to make data-driven decisions. The integration will ensure
that the "Dados" section has access to the rich dataset provided by SmartData, allowing
for comprehensive monitoring and analysis of agricultural data.

This collaborative ecosystem will effectively report issues and promote conditions
through a backend API, converting them into useful notifications for users, thereby
simplifying the decision-making process. AgriDash will interact with this API to retrieve
and display analysis results, ensuring that farmers and advisors have access to relevant
data visualizations.

4.2.1 Architecture Integration

Figure 4.10: Architecture of the integrated solution.

Combining the robust features of SmartData with AgriDash has created a complex yet
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efficient system architecture. The core of this integration is depicted in the Figure 4.10
above, where both platforms’ backend operations—SmartData’s FlaskAPI andAgriDash’s
Node.js—are connected to a shared database. This ensures seamless data flow and real-
time updates, facilitating a dynamic and interconnected experience for the user.

AgriDash, initially developed using Flutter for frontend development and Node.js
for the backend, posed a unique challenge in integrating features with SmartData. This
required the continuation of the existing frontendversion forAgriDash in Flutter, ensuring
the replication of SmartData’s functionalities while preserving its own identity and user
experience.

The result is a comprehensive architecture that combines SmartData’s real-time field
monitoring and management capabilities with AgriDash’s analytics capabilities, creating
a unified system that meets the diverse needs of modern agriculture. This integrated
approach not only streamlines operations but also paves the way for future improvements
and scalability.

4.2.2 Satellite Screen

Following the integration of SmartData’s robust features into the AgriDash application,
the Satellite Screen section highlights an important development, providing users with an
advanced interface to analyze satellite datawithin the system. Integrating these features as
part of AgriDash represents a smooth combination of technologies, enhancing application
functionality and user experience.

(a) Satellite View. (b) Satellite Layers. (c) Layer Exception. (d) NDVI layer

Figure 4.11: AgriDash Satellite

The satellite view section within AgriDash is a significant improvement over its
predecessor SmartData, providing userswith amore personalized and efficient experience.
Upon logging into the AgriDash application and selecting the satellite option, the interface
immediately shows the user their associated agricultural parcels. This custom view, as
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depicted in figure 4.11a, is the result of the Flask API fetching information from the
database regarding the lands owned by the user. These plots are initially highlighted in
blue for easy identification.

Improving the human-machine interaction, when a user selects one of their plots, the
interface visually changes the border color to red. This visual cue is not just for aesthetics;
it is a thoughtful design choice that simplifies the identification of active selections and
assists users in navigating through their lands within the application.

Moreover, in keeping with the need for precise and directed actions, the Satellite View
in AgriDash restricts the interaction with layers to only when a plot is selected. Should
a user attempt to engage with the layers without a selected polygon, the application will
proactively respond, issuing a warning. This ensures that users are reminded to select
a polygon first, streamlining the process and maintaining a focus on specific areas for
analysis or intervention. This approach avoids the potential confusion of interacting with
multiple layers without a clear context, therebymaintaining a structured and user-friendly
environment.

The satellite layers feature represented in figure 4.11b is further enhanced by a user-
controlled temporal aspect. While users have the ability to overlay different indices (section
3.6.3) to gain valuable insights into crop health and environmental conditions, they are also
afforded the flexibility to manipulate the time frame for which these layers are displayed.

At the top of the layer selection, two green buttons allow users to adjust the display
of satellite data to show only the data from the last x days, rather than selecting specific
date ranges. This temporal control is crucial for users who need to analyze trends over
recent periods or focus on specific time frames that may correspond to important events
or anomalies in agriculture.

By offering the ability to adjust the duration for which indices are presented, AgriDash
provides users with a more dynamic and customizable tool for precision agriculture and
sustainable resource management. This feature not only aids in the immediate assessment
of current field conditions but also in historical analysis, providing a more comprehensive
understanding of a crop’s growth and response to environmental factors over time.

The layer exception handling feature within AgriDash, as depicted in figure 4.11c,
is an innovative response to the limitations introduced by satellite imagery, specifically
those discussed in section 3.6.4. This mechanism is important to ensure the reliability
and usability of satellite data within the application, especially when satellite images are
obscured by clouds.

When users encounter a satellite image in which land is not visible, the layer exception
handling is triggered. This event occurs if it is not possible to select bands in the image
that accurately represent the parcel, a situation in which even removing clouds does not
yield a usable image.

This proactive approach to handling exceptions ensures that users are not left without
options or guidance. By recognizing the inherent challenges in using satellite data and
providing clear, actionable responses, AgriDash reinforces its role as a valuable tool for
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modern agricultural management, enabling users to navigate around natural limitations
and maintain continuity in their data analysis and decision-making processes.

Lastly, the NDVI Layer feature, shown in figure 4.11d, allows for a detailed view of
vegetation health within the agricultural fields. By assessing the density and health of
crops, users can optimize their cultivation practices, enhancing yield and reducing the
risk of crop failure.

Each of these figures represents a snapshot of the comprehensive features available in
the AgriDash application, following its integration with SmartData. The architecture of
this integrated solution, detailed in section 4.2.1, facilitates the interoperability between
SmartData’s detailed satellite imagery functionalities and AgriDash’s user-focused ana-
lytical tools. This powerful combination in a single application environment provides a
valuable tool-set to the agricultural industry, ensuring accuracy and ease of use for all
stakeholders involved.

4.2.3 Disease Classification Screen

The disease classification screen in AgriDash, shown in figure 4.12, mirrors the disease
classification feature of SmartData (section 4.1.2.5), providing equivalent functionalities
and operating in a similar manner. This continuity ensures that users familiar with Smart-
Data will find the AgriDash environment intuitively accessible, maintaining consistency
across platforms.

(a) Classify view. (b) Classification.

Figure 4.12: AgriDash Disease Classification

Upon navigating to this screen, users can upload images of their crops for analysis.
Images are placed prominently at the top of the screen, making them easy to reference.
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Once the classification algorithm processes the image, the diagnosis result is displayed
as text below the image. Accompanying the textual result is a representative image
corresponding to the disease label attributed to the uploaded photo.

A distinct feature that improves the user experience is the interactive blue text, which,
when selected, redirects users to the AVIPE disease database [AVI21]. This link provides
users with awealth of information, allowing them to better understand the specific disease
affecting their crops and explore potential treatments or management strategies.

This integration between AgriDash and the AVIPE database exemplifies the appli-
cation’s commitment to providing comprehensive solutions for disease management in
agriculture. By empowering users with immediate classification results and resources
for further education, AgriDash positions itself as a critical tool for farmers aiming to
safeguard and improve the health of their crops.

4.2.4 Markers Screen and other functionalities

The Markers Screen and other functionalities in AgriDash is closely parallel with the
section 4.1.2.6 previously discussed for SmartData. In AgriDash, users can visualize all
markers that pertain to their landholdings, which could represent various conditions, not
limited to diseases (for example tractors, water points etc.).

(a) Markers menu. (b) Markers menu. (c) Disease Marker. (d) Marker popup.

Figure 4.13: AgriDash Markers

The markers menu, as shown in Figures 4.13a and 4.13b, illustrates the application’s
interactive list of potential issues that can be tagged on the map, such as different diseases.
The options presented are directly relevant to the user, displaying only the markers that
are available in their plots. If a particular disease marker is not present on the user’s
database, the option to view or toggle thatmarker is disabled, thus providing a clutter-free
and focused user experience.
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The simplistic red marker depicted in Figure 4.13c exemplifies a disease marker, in this
case for ESCA, placed on the map. It serves as a straightforward and distinct visual cue
for users to identify and locate specific concerns within their fields.

Figure 4.14: Tilted Map View.

Upon selecting a marker, a detailed popup appears as illustrated in figure 4.13d. This
popup contains information such as the image of the affected area, the date of the recorded
issue, and of course the name of the present disease. The popup is an essential feature that
provides context and facilitates the decision-making process regarding disease treatment
or further investigation.

Lastly, AgriDash includes an "extra function" as shown in Figure 4.14, which allows for
a tiltedmap view similar to SmartData’s 3D representation. This immersive view enhances
the understanding of the terrain and the spatial distribution of markers. Markers in this
mode are rendered in 3D, providing a more clearer sense of the location and extent of the
problems represented by the markers.

AgriDash’s approach to markers and functionality integration extends the practical
and analytical capabilities of SmartData, focusing on an intuitive and streamlined user
experience that is both responsive and contextually aware. This alignment of features
across platforms ensures users can transition smoothly between SmartData and AgriDash,
enjoying a consistent and powerful tool-set for agricultural management.
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Evaluation and Results

This chapter presents the results and the assessments from evaluating the performance
of the developed models and the final application through two distinct phases. The first
phase, focuses on the technical evaluation of the models, where various performance
metrics are evaluated. This phase employs a thorough approach to test the models’
abilities to classify vineyard diseases accurately. The second phase redirects the focus
to the practical implementation of the models in an application aimed at the end user,
bringing the technology into the hands of those who will use it directly in the field.
It is important to highlight that, at this stage, feedback was rigorously collected and
valued, especially from a key user, a technical agronomist from AVIPE, who played a
critical role in testing the application and providing professional insights. Application
functionality, usability and overall end-user satisfaction were assessed with his essential
contribution, ensuring that specific stakeholder needs and expectations were met and
refined as necessary.

The process of testingwill be detailed in the section 5.1. Themodels, initially developed
and trained, will be subjected to a set of tests using both the validation and test datasets.
It involves evaluation of the CNN models, encompassing the custom CNN, the ResNet50,
and MobileNetV2 implementations based on various metrics such as accuracy, precision,
and f1-Score. Additionally, this section will set the stage for the end users’ tests, providing
an overview of how these tests will be conducted, the demographic of the test group, the
metrics for evaluation, and the methodology for collecting and analyzing feedback.

Following the evaluation, the section 5.2 will present a thorough analysis of the results.
Dedicated to present the findings from both phases of evaluations. It will compare the
performance of the various models, interpret the importance of the results, and discuss
their implications for the field of precision agriculture.

5.1 Evaluation

The evaluation of CNN models and the end-user application constitutes the main focus
of this dissertation and is essential to understand their effectiveness and impact in the
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real world. This section describes the evaluation of convolutional neural network (CNN)
models designed for the classification of vineyard diseases and the subsequent usability
tests of the application that incorporates these models.

5.1.1 Model evaluation

The evaluation of the CNN models is organized by providing a detailed analyzes of their
performance. This evaluation will cover the three models described in the 3.5.3 section:
a custom-designed CNN, the modified ResNet50, and the modified MobileNetV2. Each
model will be tested using the same criteria to ensure comparability of the results.

Each model will be evaluated on a test set made up of unseen vineyards images. This
serves as an indicator of the accuracy of their classification in real-world scenarios.

Validation techniques were implemented to evaluate the stability and reliability of the
models. This step is designed to protect against overfitting and ensure that the models
are robust across multiple subsets of data.

The performance of the models was quantified using the main evaluation metrics:
Accuracy, Precision, Recall and F1-Score. These metrics were used to evaluate themodels
both after the direct tests on unseen images and after the cross-validation steps to ensure
that the models performance is reliable and consistent across multiple scenarios.

5.1.1.1 Test set

Eachmodelwill be evaluated using a distinct test set that themodels have not encountered
during their training. This ensures an unbiased assessment of their performance. The
test set is a collection of vineyard images that represents 20% of the original data set (see
section 3.5.2). This dataset will serve as the benchmark for themodels’ ability to generalize
and perform in real-world scenarios similar to those that is encounter post-deployment.
The following code represents the steps taken to evaluate the models in the test set.

1 def evaluate_model (mod, tes t_ images ) :
2 r e s u l t s = mod. evaluate ( test_images , verbose =0)
3
4 print ( " Test_Loss : ␣ { : . 5 f } " . format ( r e s u l t s [ 0 ] ) )
5 print ( " Accuracy_on_the_tes t_set : ␣ { : . 2 f }%"
6 . format ( r e s u l t s [ 1 ] * 100 ) )
7 print ( f "Top−1_Accuracy : ␣ { r e s u l t s [ 2 ] } " )

Listing 5.1: Model evaluation function on test set

5.1.1.2 Cross-Validation

Cross-validation (CV) is an important technique inmachine learning to evaluate a model’s
generalization capability, or its ability to perform consistently across different sets of
data. This concept reflects the human ability to recognize patterns and objects, such
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as identifying a dog even if we have never seen that breed before. However, achieving
similar generalization in machine learning models can be challenging, it needs rigorous
evaluation. Cross-validation achieves this goal by allowing the model’s performance to be
evaluated and compared, ensuring that it does not degrade significantly when exposed
to new data from the same distribution as its training set.

This process involves dividing the dataset into a training set and a test set, training
the model on the training set, and validating it on the test set. This procedure was
repeated multiple times as per the Stratified K-folds cross-validation (Cross-Validation
(CV) ) method, which was selected for its effectiveness in handling imbalances in the
target variable. Although the dataset used, consisting of 3000 images evenly distributed
across four classes of vineyard diseases, appears balanced as detailed in section 3.5.1,
the choice of Stratified K-folds anticipates future applications. In real-world situations,
the distribution of vineyard disease images may not remain uniform across all classes,
with some diseases likely being more prevalent than others. Adopting Stratified K-folds
ensures that the model’s performance is robust, offering/providing a realistic preparation
for potential future scenarios where the data may be imbalanced.

In the context of Deep Learning (DL), implementing cross-validation presents diffi-
culties because of the significant computational resources needed to train several models.
Therefore, it is usual to set aside a portion of the data for hold-out validation rather than
using k-Fold or other cross-validation techniques. The Keras library allows for a validation
split or data to be defined specifically for this reason. The dataset is typically split into
three parts: one for training, one for validation during training, and one for final testing of
the model. This method ensures that deep learning models are tested for their ability to
generalize, making them ready for real-world use despite the difficulties associated with
cross-validation in these cases.

The following code snippet illustrates the implementation of cross-validation using
Stratified K-Fold, illustrating how to prepare the dataset and how to train and validate the
models in different folds. Each model has its own createModel function, where a model
matching the number of classes is created for each fold. The code serves as a generic CV
implementation framework that can be adapted to different models by customizing the
model creation phase.

1 # S t r a t i f i e d K−Fo ld
2 skf = S t r a t i f i edKFo ld ( n _ sp l i t s =5 , shu f f l e=True , random_state =1)
3
4 # S e p a r a t e in c r o s s − v a l i d a t i o n da t a and t e s t d a t a
5 cv_df , t e s t _d f = t r a i n _ t e s t _ s p l i t ( image_df , t e s t _ s i z e =0 .2 ,
6 s t r a t i f y =image_df [ ’ Label ’ ] , random_state =1)
7
8 # Conver t l a b e l s t o c a t e g o r i c a l i n d i c e s
9 cv_df [ ’ Label_encoded ’ ] = LabelEncoder ( )
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10 . f i t _ t r ans fo rm ( cv_df [ ’ Label ’ ] )
11 num_classes = len ( np . unique ( cv_df [ ’ Label_encoded ’ ] ) )
12
13 # Main c r o s s − v a l i d a t i o n l o o p
14 r e s u l t s = [ ]
15
16 for t ra in_ index , val_index in
17 skf . s p l i t ( cv_df [ ’ F i l epa th ’ ] , cv_df [ ’ Label_encoded ’ ] ) :
18
19 t r a in_d f = cv_df . i l o c [ t ra in_ index ]
20 val_df = cv_df . i l o c [ val_index ]
21
22 t ra in_genera to r = create_gen ( t ra in_df , ’ Label ’ )
23 va l_generator = create_gen ( val_df , ’ Label ’ )
24
25 model = createModel ( num_classes )
26
27 h i s to ry = model . f i t (
28 t ra in_genera tor ,
29 epochs =50 ,
30 va l ida t ion_da ta=val_generator ,
31 verbose=1
32 )
33 r e s u l t s . append ( h i s to ry . h i s to ry )

Listing 5.2: Cross-Valiadation implementation

5.1.2 Users evaluation

Following the models assessment, they are integrated into a final user-facing application,
marking the beginning of the second phase of evaluation. This phase involves testing
with end users who represent the potential real-world users of the application. The
demographic for this test group is varied, it includes technicians as well as winegrowers
who may interact with such applications in everyday scenarios.

The user evaluation is organized to measure the application’s ease of use, functionality,
andoverall user satisfaction. Key aspects such as the user interface design, the intuitiveness
of the navigation, and the clarity of the information presented are considered. Feedback
is solicited through questionnaires and tasks, allowing users to provide insights into their
experiences with the application.

The application performance is also evaluated in real-world conditions, exclusively
through observation questionnaires and user feedback, focusing on user experience as-
pects.
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The feedback collection method uses both quantitative and qualitative methods. Ques-
tions were created on Google Forms to facilitate data distribution and synthesis, they
divided into sections corresponding to the tasks identified in table A.1. These tasks have
been carefully selected based on their importance and relevance to the use cases that
matter most to the success of the application. Some of these tasks are specific to features
found only in SmartData platform, while others are common to both SmartData and
AgriDash platforms.

Each section of the questionnaire refers to different aspects of the application, ensuring
that feedback is focused and relevant to particular functionalities. As users engage with
the tasks, they are asked to rate their experiences using a Likert scale, which provides a
quantitative measure of their satisfaction.

The notes described in the table A.1 serve as a guide for the observer to capture
the details of the user’s interaction with the application. These notes will include any
difficulties users encounter, the intuitiveness of the interface, and how well the tasks
matched the users’ expectations and real-world needs. Observations will be systematically
recorded to identify any recurrent patterns or singular issues that could inform potential
improvements. The results of this evaluation process will provide an overview of the
project success and its areas for improvement.

5.2 Results

Following the evaluation of both the convolutional neural network (CNN) models and
the end-user application, this section presents the results and their analysis. This section
is divided into two phases: evaluation of the model and testing of the final application’s
usability by end users. These stages were meticulously designed to not only test the
effectiveness of the CNN model in classifying diseases in vineyards, but also to evalu-
ate real-world applicability and user satisfaction with the application of the developed
application.

As discussed in the previous section, the evaluation process included subjecting the
custom CNN, ResNet50 and MobileNetV2 models to testing on a test set of previously
unseen vineyard images. This is done to evaluate their accuracy, precision, recall and
F1-score, thus determining its effectiveness in real-life situations. This evaluation metrics,
calculated based on model performance on the test set and through cross-validation
methods, provide information about the robustness and reliability of each model.

At the same time, evaluating the usability of the application includes a series of
user experience tests. These tests, designed around key tasks derived from the most
relevant use cases allow us to collect valuable feedback from diverse groups of end-users,
including technicians and winegrowers. The feedback obtained through Google Forms
and organized by tasks described in table A.1 was analyzed to extract quantitative and
qualitative data related to the application’s functionality, ease of use, and overall user
satisfaction.
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This section aims to summarize the results of the two evaluation phases. It will
detail the performance of each CNN model, comparing their strengths and weaknesses
across different metrics. Additionally, it will consider user feedback, highlighting how the
application meets the needs of its intended users and where improvements can be made.

5.2.1 Models

The evaluation results of the CNN models – custom CNN, ResNet50 and MobileNetV2
are divided into two parts: initial testing on a test set and further evaluation through
cross-validation.

First, the performance of each model is examined on a test set composed of images not
seen during training (see code in Listing 5.1). This step evaluates the models’ ability to
generalize to new data, a crucial factor for real-world applications.

Secondly, cross-validation is implemented to provide deeper insight into the reliability
and consistency ofmodels across different data splits (see code in Listing 5.2). Thismethod
helps to mitigate any bias and check the robustness of the models.

For both testing phases, metrics such as accuracy, precision, recall and F1 score were
calculated to evaluate themodels. Thesemetrics are calculated directly from test set results
offering a bigger understanding of each model’s strengths and limitations in classifying
vineyard diseases.

5.2.1.1 Test set results

Here, are presented the results of the evaluation of CNN models on the test set, with and
without the application of cross-validation techniques. To ensure a fair comparison, all
models were trained and evaluated under the same conditions, including the number of
epochs as 50, optimizer settings as Adam optimizer with learning rate 0.0001, and a batch
size of 32.

First, the performance of the models directly on the test set is discussed to evaluate
their prediction ability on unseen data. Next, the results obtained through cross-validation
are further explored, providing a clearer view of the consistency and reliability of each
model in different subsets of data.

Without cross-validation

The custom CNN model achieved a Top-1 accuracy of 97.21%, demonstrating a high level
of precision in correctly predicting the main class for each image.

The modified ResNet50, which was adapted for this specific task, attain an almost
perfect Top-1 accuracy of 99.70%. A high Top-1 value indicates that the model is extremely
reliable in classifying vineyard diseases. With a minimum value of 0.005 than the other
models, is indicative of the model’s precise predictions and its effectiveness for domain-
specific tasks.

80



5.2. RESULTS

Similarly, themodifiedMobileNetV2model gives great resultswith a Top-1 accuracy of
99.33%. Combined with a low test loss of 0.03, MobileNetV2’s performance demonstrates
its capabilities as a powerful model for applications where size and speed are as important
as accuracy.

CNN model modified ResNet50 modified MobileNetV2
Test Loss 0.098 0.005 0.03

Top-1 Accuracy 97.21% 99.70% 99.33%

Table 5.1: Results on the test set without cross-validation.

These results, especially the high Top-1 accuracy score andminimal test loss, highlight
the potential of these models to become reliable tools for disease detection in vineyards.
Whendecidingwhichmodel to adopt forpractical implementation, is necessary to consider
additional factors such as its efficiency, ease of integration, and scalability. With great
performance and low check loss, the modified ResNet50 emerges as the correct choice for
model implementation in "Disease Classification"use case.

With cross-validation

For the custom CNN model, the cross-validation procedure showed a mean training
accuracy of 99.97% and a mean validation accuracy of 98.21%. These high percentages
suggest that the model has learned the necessary features to identify vineyard diseases
with a high confidence. Although the average validation loss was slightly higher at 0.07
compared to the training loss at 0.002, the custom CNN model demonstrated strong
classification accuracy, making it a candidate for practical applications.

The modified ResNet50 model shows greater results, achieving a perfect average train-
ing accuracy and an average validation accuracy of 99.84%. This near-perfect performance
is further highlighted by an almost negligible average authentication loss of 0.0068. The
consistency between training and validation results shows that the modifed ResNet50
model learned effectively to generalize the training data to new unseen images without
overfitting.

Similar to the previous model, the modified MobileNetV2 model also performed
very well, with perfect training accuracy and a mean validation accuracy of 99.44%.
Although there is a small drop in validation accuracy compared to ResNet50, it still
remains significantly high. Amean validation loss of 0.0209, while higher than ResNet50’s,
is still low enough to be considered good in most cases.

CNN model modified ResNet50 modified MobileNetV2
Test Loss 0.08 0.002 0.008

Top-1 Accuracy 98.04% 99.96% 99.75%

Table 5.2: Results on the test set with cross-validation.
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When examining the results presented in Table 5.2, it is clear that each model has its
advantages. Although the custom CNN model did not achieve validation accuracies as
high as the modified ResNet50 or MobileNetV2, its strong Top-1 accuracy on the cross-
validated test set demonstrate its competence. However, based on the cross-validation
results, the modified ResNet50 model stands out for its balance between high accuracy
and low loss, showing its superior performance and readiness for deployment in vineyard
disease detection.

5.2.1.2 Metrics results

The comprehensive evaluation of our CNN models is illustrated by a set of critical perfor-
mance metrics—accuracy, precision, recall (sensitivity), and the F1-Score—both with and
without the application of cross-validation techniques. These metrics provide an in-depth
look at the models’ performance, extending beyond mere accuracy rates to gauge the
quality of the predictions made.

Evaluation of the CNN models, carried out according to the code snippet provided in
Listing 5.3, allows a detail analysis of each model’s ability to accurately classify vineyard
diseases. Using this code, critical performance metrics, including accuracy, precision,
recall, and F1 score, are calculated for each model (as seen in Table 5.3).

1 # Eva lu a t e t h e Model on t h e t e s t s e t :
2 pred i c t i ons = model . p red i c t ( tes t_ images )
3 pred_ labe l s = np . argmax ( predic t ions , ax i s =1)
4
5 accuracy = accuracy_score ( numer i ca l _ t e s t _ l abe l s , pred_ labe l s )
6 prec i s i on = prec i s i on_sco re ( numer i ca l _ t e s t _ l abe l s , pred_labels ,
7 average= ’weighted ’ )
8 r e c a l l = r e c a l l _ s c o r e ( numer i ca l _ t e s t _ l abe l s , pred_labels ,
9 average= ’weighted ’ )
10 f 1 _ s co r e _ r e su l t = f1_score ( numer i ca l _ t e s t _ l abe l s , pred_labels ,
11 average= ’weighted ’ )
12
13 print ( "Model␣Evaluat ion : " )
14 print ( " Accuracy : " , accuracy )
15 print ( " P rec i s i on : " , p rec i s i on )
16 print ( " Reca l l : " , r e c a l l )
17 print ( " F1−Score : " , f 1 _ s co r e _ r e su l t )

Listing 5.3: Metrics evaluation on test set

Accuracy, the most direct of these metrics, showed that the custom CNN model
achieved a high rate of correct predictions with 97.08%, while the modified ResNet50 and
MobileNetV2 models demonstrated superior accuracy of 99.79% and 99.33%, respectively.
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Precision reflects the proportion of true positive predictions against all positive calls made
by the models, with all models showing a high precision rate, echoing the high quality of
their predictive abilities.

Recall or sensitivity, which is vital in ensuring that no instance of disease is missed, was
also high for all models, a crucial feature for potential deployment in critical agricultural
settings where missing an instance of disease could have serious repercussions. The
F1-Score, which synthesizes precision and recall, further highlighted the well-balanced
nature of the models, with both the custom CNN and the modified models achieving
F1-Scores that closely mirrored their high accuracy rates.

CNN model modified ResNet50 modified MobileNetV2
Accuracy 97.208% 99.79% 99.333%
Precision 97.288% 99.79% 99.339%

Recall 97.208% 99.79% 99.333%
F1-Score 97.228% 99.79% 99.333%

Table 5.3: Evaluation metrics for each model.

Choosing the ideal model to deploy requires a balance between accuracy and per-
formance. The modified ResNet50 leads the way with outstanding accuracy, making it
a top candidate for situations where accuracy is critical. However, the commendable
accuracy of the MobileNetV2 model, combined with its computational efficiency, makes
a case for its use where computational resources are limited or processing demands fast
environments. Ultimately, the choice between the two models will be determined by the
specific requirements of the application context, such as the need for real-time analytics or
available computing power. One possible solution is to integrate the MobileNetV2 model
locally into the AgriDash application, capitalizing on its strengths in real-time analytics
and its suitability for environments with limited computational resources. In contrast, the
ResNet50 model could/should be reserved for scenarios within the SmartData platform
where accuracy is essential and computational resources are abundant, allowing slightly
higher precision to be used without being limited.

5.2.2 Users

This section summarizes the feedback received from the expert technical agronomist after
his interaction with the application, focusing on domain-specific issues that arose during
use. These questions were prepared based on detailed notes and observations recorded
while carrying out the tasks, as described in Table A.2 and the SystemUsability Scale (SUS)
described in [Mar+15], see Table A.3 for the detailed questions. SUS scores, combined
with qualitative feedback, serve to map areas for refinement in the application, both in
the dataset and in the user interface.

The following tasks were highlighted for evaluation, each accompanied by respective
feedback:
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• Satellite Layers Visualization Task - From domain-specific questions, feedback
indicated a clear preference for higher resolution satellite imagery, although Sentinel-
2 datawas considered sufficient forfieldworkers and technicians. The user expressed
the need for capabilities to set viewing dates, emphasizing that while current data
is useful, access to historical data is essential for effective fieldwork. His insight also
pointed out that this module takes more into account the needs of technicians than
farmers, where the NDVI index is the most used. This suggests that the main users
of this module will, in fact, be agronomic technicians.

• Disease Classification Task - The user noted the need for improvements to the
dataset, such as including photos from the back of the plants, to better distinguish
between similar diseases for example downymildew and black rot. It also suggested
adding a new classification layer to differentiate between diseases and nutritional
needs, pointing to the potential for expanding the dataset to capture more disease
patterns. Additionally, specific diseases such as downy mildew, powdery mildew,
black rot and botrytis are crucial for inclusion. Contrary to what was said in the
previous task, plant disease classification features are more aimed at farmers to help
them correctly identify plant diseases and problems that are often difficult to detect
with the naked eye.

• FilterandSelectMarkerTask -Althoughsomediseasesdonothavedirect treatments
and only require notification, the application could also be extended to the detection
of pests and potential nutritional deficiencies.

Overall feedback on the interface was positive, suggesting that although the algorithm
and data set need improvement, the current configuration is still fit for its intended use.
There was consensus that the application showed promise, with recommendations for
refining its capabilities based on the comprehensive feedback collected.
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6

Conclusion and Future Work

This chapter presents the conclusions of the work developed as part of this dissertation.
Additionally, these findings allow for further analysis of the impact this work had on the
contributions defined in Chapter 1. Finally, the chapter provides improvement ideas that
may enhance the system’s usability and performance.

6.1 Conclusion

The work developed throughout this dissertation aimed to fulfill the motivations outlined
in Chapter 1 and at the same timemake significant advances in the integration of advanced
technologies into sustainable agricultural practices. Exploring Precision Agriculture (PA)
techniques reveals potential insights into how IoT and machine learning could enhance
farming efficiency and sustainability. The development of a robust API and a user-friendly
interface, coupled with geo-locational mapping through GPS technology, has facilitated
a deeper understanding of agronomic conditions. Furthermore, the interpretation of
Sentinel-2 satellite data through advancedmathematical algorithms has providedvaluable
insights into soil health and vegetation vigor, thus aiding in informed decision-making
processes.

The implementation ofdeep learning techniques for the detection of grapevine diseases
has proven to be a important advancement. By developing models that leverage the
capabilities of CNN, ResNet50 and MobileNetV2, it has been demonstrated that it is
possible to achieve high accuracy in disease identification, which is crucial for timely
interventions and outbreak prevention. The continuous learning model ensures that the
system evolves and improves its diagnostic capabilities over time, based on data and
images provided by the user.

The evaluation of these technologies, both from a technical and end-user point of view,
has produced promising results. The models have demonstrated remarkable F1 accuracy,
precision, and accuracy in classifying vineyard diseases, underlining their potential for
real-world applications. Although the modified ResNet50 emerged as the most accurate,
making it ideal for situations that require high precision, the efficiency of MobileNetV2
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has proven to be beneficial for real-time analysis and situations where computational
resources are low. The choice of model for implementation in a practical environment will
depend significantly on the specific requirements of the application context, taking into
account the need for accuracy versus the availability of computational resources. As such,
the strategic approach involves incorporating ResNet50 into the SmartData framework
for model processing locally, while adopting MobileNetV2 for the AgriDash application
allows for remote model execution on mobile devices.

In turn, user feedback highlighted the practicality of the application, emphasizing its
ease of use, functionality and the value it brings to technicians and winegrowers. The
user evaluation phase provided critical insights into the real-world applicability of the
developed application. The technical agronomist’s feedback confirmed the application’s
potential to improve decision-making in vineyard management. The ability to review
historical and current data, the preference for higher resolution images, and the call for a
broader spectrum of disease and plant deficiency detection were among the highlighted
areas for improvement. The interface’s positive reception suggests a promising start, while
suggestions for improvements offer a clear direction for refinement.

In conclusion, from a general perspective, it is safe to assume that the contributions
initially outlined in Chapter 1 have been realized. This dissertation represents a significant
contribution to the field of precision agriculture. By effectively marrying technology with
traditional agricultural practices, it was possible to offer a model that not only increase
the efficiency and sustainability of agriculture, but also open new paths for research and
development in the agricultural sector. The positive feedback from technical evaluations
and end-user testing highlights the real-world applicability and potential impact of this
work on the agricultural community.

6.2 Future Work

Despite the satisfactory performance and feedback of the developed system, there is
still room for improvement in some of its areas. The following list depicts a series of
modifications that can improve overall system performance:

• Enhanced Satellite Imagery Resolution: While Sentinel-2 satellite imagery has
been sufficient, acquiring higher-resolution images could significantly enhance the
level of detail and accuracy in analyses. Efforts to access or purchase improved
satellite imagery should be considered to augment the application’s capabilities in
monitoring and managing vineyard health.

• Sensor Integration for Real-time Data Collection: Incorporating sensors to collect
real-time data on soil moisture, temperature and other environmental factors can
provide more dynamic information to models, improving their accuracy and the
granularity of the insights provided. This would also enable the development of
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predictive models that can predict disease outbreaks or adverse conditions before
they occur.

• Expanded User Testing: Conducting more comprehensive user testing involving a
broaderdemographic of end-users, including farmers, agronomists, and agricultural
technicians, can yield deeper insights into the application’s usability and areas for
improvement. This feedback is crucial for refining the user interface, improving
data visualization tools, and adapting the application to the varied needs of its users.
To support this process, reference is made to the SUS Table A.3, which details the
specific questions to be addressed to users during testing. These questions aim to
evaluate performance, satisfaction and any difficulties encountered when using the
application, ensuring a comprehensive analysis of the user experience.

• Dataset Enrichment and Expansion: Enhancing the dataset with images of diseases
under varying conditions and stages of development, as well as including images
from different angles, can improve the model’s diagnostic capabilities. Expanding
the dataset to include other crops and diseases would also increase the application’s
utility across the agricultural sector.

• Integration with Agronomic Information: Linking the application with existing
agronomic information could provide users with amore comprehensive tool set. For
instance, integrating detailed vineyard meta-information, such as grape variety and
planting density, can enhance disease predictionmodels andoffermore personalized
management recommendations.

• Development of a Pest and Nutrient Deficiency Module: Extending the applica-
tion’s capabilities to include the detection of pests and the identification of nutrient
deficiencies would provide farmers with a more holistic tool for crop management.
Thiswould involve the development of newmodels and the expansion of the existing
dataset to include pest manifestations and symptoms of nutrient deficiencies.
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APPENDIX A. API EVALUATION MATERIALS

Tasks Steps to follow

Map
interaction

1. After logging in, access the “Satellite”
window under “Data”;
2. Zoom in and zoom out;
3. Double “click” on the screen;
4. Select polygons/plots;
5. Drag map;
6. Tilt satellite view (3D);

Create
polygons

1. Select polygon creation icon;
2. Define on map at least three points fully connected;
3. Drag polygon;
4. Edit polygon border;
5. Select polygon;
6. Return to step 1 for multiple polygon creation;

Satellite Layers
Visualization

1. Select polygon;
2. Choosing a satellite index to view:

2.1. Successfully:
2.1.1. Interact with map;

2.2. Unsuccessful:
2.2.1. Read warning;
2.2.2. Increase viewing days;

3. Return to step 2 or 1;

Disease
Classification

1. After logging in, access the “Disease Classification”
window under “Data”;
2. Select the “Submit image” button;
3. Choose image to classify;
4. Select the “Run classification algorithm” button;

Filter and select
markers

1. Access the “Satellite” window in “Data”;
2. Select button Marker symbol;
3. Choose a filter for viewing;
4. Select a white/normal marker;
5. Select a disease marker (non-white):

5.1. Select the “Treaty” button;

View
weather data

1. Select or create a polygon;
2. Select which weather type to view;
3. Select which weather feature to view;
4. Select which value to view (max, min, avg);
5. Zoom in and zoom out;
6. Return to step 1, 2 or 3;

Table A.1: End-users tasks to be evaluated
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Tasks Notes

Map
interaction

- Check if zoom min and max are adequate.

- Check if interactions are adequate.

- Check if polygons selection color is noticeable.

Create
polygons

- Only for SmartData.

- Check if polygon border color are noticeable.

- Check dificulty on editing polygons.

Satellite Layers
Visualization

- Check if satellite indices are sufficient.

- Check if index legend is perceptible.

- Check if the colors of the satellite layers are perceptible.

- The information in the error window is adequate.

- Check if the buttons to adjust the viewing
days are appropriate.

Disease
Classification

- Check if the image provided remains legible.

- Check if the result text is adequate and sufficient.

- Check if the image provided as an example
of disease remains legible and perceptible.

Filter and select
markers

- Check if the filter is appropriate and intuitive.

- Check if the marker colors are legible.

- Check if the information contained in the marker
pop-up is sufficient and legible.

View
weather data

- Only for SmartData.

- Check if graph is clear and intuitive.

- Check location weather data accuracy.

Table A.2: Tasks notes
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