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Resumo

Os desafios crescentes na procura por alimentos, na variabilidade climatica e na escassez
de recursos evidenciaram a necessidade de solugdes tecnologicas inovadoras na agricultura.
Este trabalho apresenta uma plataforma de software de andlise de imagens multiespectrais de
terrenos agricolas para a Agricultura de Precisdo, com foco na melhoria da monitorizagao de

culturas e na gestdao de recursos.

A plataforma proposta integra dados recolhidos por Veiculos Aéreos Nao Tripulados
(UAVs) equipados com sensores multiespectrais para avaliar a saude da vegetagdo por meio de
indices de vegetagdo (VIs), como NDVI, SAVI, GNDVI e NDRE. Estes indices sdo calculados
automaticamente numa aplicagdo intuitiva, permitindo aos agricultores analisar o crescimento

das plantas, identificar condi¢des de stress e tomar decisoes de gestdo informadas.

A validacdo experimental, realizada com um conjunto de imagens multiespectrais de acesso
publico, demonstrou a capacidade da plataforma de identificar variagcdes no vigor das culturas
e no teor de clorofila ao longo de diferentes fases de crescimento. Os resultados destacam a
relevancia do uso de imagens multiespectrais como uma ferramenta fidvel, sem contacto e

econdmica para praticas agricolas sustentaveis.

De modo geral, esta investigacdo promove a transformac¢do digital na agricultura,
oferecendo uma plataforma de apoio facil de usar que aumenta a produtividade das culturas e

incentiva o uso eficiente dos recursos.

Palavras-Chave: Agricultura de Precisio, Imagens Multiespectrais, indices de Vegetacio,

Veiculo Aéreo Nao Tripulado, Monitoriza¢ao de Cultivos, Processamento de Imagens
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Abstract

The growing challenges of food demand, climate variability, and resource scarcity have
highlighted the need for innovative technological solutions in agriculture. This work presents a
software platform for the analysis of multispectral images of agricultural fields for Precision

Agriculture, with a focus on improving crop monitoring and resource management.

The proposed platform integrates data collected from Unmanned Aerial Vehicles (UAVs)
equipped with multispectral sensors to assess vegetation health using spectral vegetation indices
(VIs), such as NDVI, SAVI, GNDVI, and NDRE. These indices are computed automatically
within a user-friendly desktop application, allowing farmers to analyse plant growth, identify

stress conditions, and make informed management decisions.

Experimental validation employing a publicly available multispectral dataset demonstrated
the platform’s capacity to identify variations in crop vigour and chlorophyll content across
various growth stages. The results highlight the relevance of multispectral imaging as a

dependable, non-destructive, and cost-efficient instrument for sustainable agricultural practices.

Overall, this research advances the digital transformation of agriculture by providing a user-
friendly decision-support platform that enhances crop productivity and encourages the efficient

utilisation of resources.

Keywords: Precision Agriculture, Multispectral Imaging, Vegetation Indices (VIs), Unmanned

Aerial Vehicle (UAV), Crop Monitoring, Image Processing
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CHAPTER 1

Introduction

1.1 Background and Motivation

The Internet of Things (IoT), despite seeming to be a recent topic, was first used in 1999 by
Kevin Ashton, a British technology pioneer. He used it to describe a system where, through
sensors, objects from our daily lives could be connected to the Internet [1]. These devices can
now be referred to as “smart” devices and their emergence has transformed today’s industries,

enhanced daily living, and redefined human interactions with the surrounding environment.

Nowadays, [oT is no longer a distant dream but the reality of our lives. It has contributed
to the economic growth, sustainability and increased efficiency in various areas, such as retail,
infrastructure, transportation, healthcare, energy, environment and agriculture [2], which are

the focus of this research.

Despite being one of the greatest sources of food in the world, agriculture still faces many
problems due to the world’s current state. In 1800, the world’s population reached its first
billion, 130 years later, its second, 30 years later its third, by 2011, it was already at 7 billion,
and, by 2050, it is expected to exceed 9.7 billion [3]. As a result, the global climate has changed,
causing significant fluctuations in the environment’s temperature, affecting not only people’s
well-being but also the crops as well [4]. t has also resulted in water scarcity, as less freshwater
is available for irrigation, which is essential for crop growth and is required in large quantities
[5]. Another consequence of global population growth is the need for urban expansion, which
has led to a further reduction in available arable land, as only 55% of ice-free land is currently

used for agriculture [6].

Over the years, agricultural efficiency has increased steadily; however, due to these factors,
it is still insufficient, leading to a greater use of fertilisers and pesticides to address this problem
[7]. However, this will eventually lead to a shortage of resources, and, combining that with most

farmers' low budget, such resources become something not to be wasted.

Several parameters influence crop health, including temperature, water availability, soil
nutrients, the presence of pests and weeds, chlorophyll content in plants, and weather conditions

[8]. The application of new technologies in agriculture, known as Precision Agriculture (PA),



focuses on the acquisition and analysis of data related to these parameters. This enables farmers
to identify which parameters are required to maintain crop health, as well as those that may
cause crop stress or deterioration, and to understand where, when, and in what quantities they
are needed. Thus, PA can help to reduce the waste of these resources by indicating when, where,

and how much is needed, helping farmers to reduce their expenditure on them.

To address these challenges, researchers have proposed the use of imagery to accelerate
issue identification. The most commonly used types include RGB, thermal, multispectral, and
hyperspectral imagery, which can be captured via UAVs, aircraft, or satellites. This topic will

be explored in greater detail later in Chapter 2.

This thesis aims to develop a tool for processing and analysing multispectral images,
transforming them into actionable insights to support farmers in monitoring and improving crop

health

1.2 Research Questions

The questions below emphasise the main elements that direct the analysis in this research:

e How can multispectral imaging improve the accuracy and scope of agricultural
monitoring?

e Which key vegetation indices and metrics can be derived from multispectral image data,
and how do they reflect crop conditions?

e How do spatial filtering techniques influence the accuracy of vegetation index—based
crop assessments?

e What potential environmental and economic benefits can result from adopting
multispectral imaging technologies in agriculture?

e How can user interface design enhance the accessibility and adoption of multispectral

image analysis tools by farmers?

1.3 Objectives

The main objective of this thesis is to develop a system capable of processing and analysing
multispectral imagery obtained via an Unmanned Aerial Vehicle (UAV). The platform was

designed to assess crop development and vegetation health through the computation of various



vegetation indices (VI). To accomplish this objective, the project was divided into two main

goals.

The initial objective was to establish a comprehensive image analysis workflow capable of
efficiently managing multispectral data. This includes facilitating the upload, processing, and
visualisation of multispectral images, as well as integrating automated computation of essential

VL

The second objective was to design and develop an intuitive and interactive platform
interface that enables users to perform analyses at various levels. This approach aims to provide
flexibility in examining vegetation conditions across different spatial contexts, thereby aligning

the system with the practical needs of PA.

1.4 Research Method

The research method chosen to address this dissertation was the Design Science Research
Methodology (DSRM). Its iterative nature makes DSRM ideal for this research, as it enables
continuous refinement of the system by revisiting previous stages whenever complications

arise, ultimately leading to the best possible solution [9].

This method consists of six different stages. On the first stage, its intent is to identify the
problem this work has chosen to focus on: the waste of limited agricultural resources and
farmer’s poor economic situation. The second phase is about defining the objectives to be
achieved with this work. These can be found in the objectives chapter of this study. The next
stage focusses on the design and development of the prototype proposed in this thesis. Firstly,
the problem is analysed, and, with the help of a literature review, the best possible hardware
and software was chosen in order to design the ideal prototype to fight the problem that is the
subject of this work. Finally, the prototype was developed according to the previously made
choices. Then, comes the testing and evaluation stages, where the prototype will go under
evaluation through an extensive series of tests, to find any possible errors or possible
improvements. If the prototype does not fully meet the established requirements, earlier
methodological phases are revisited to refine the system’s design based on evaluation outcomes.
After going through all these stages, and cycle through them, until the best possible outcome

has been achieved, the last and final stage of this research method follows: the communication



stage. In this stage, the outcomes of the study are formally documented and disseminated. These

stages are represented in Figure 1.1.
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Figure 1.1 - Design Science Research Methodology [9]

1.5 Thesis Structure

This thesis is structured as follows:

e Chapter 1 (Introduction) — This section starts by introducing the subject under study and
giving some context about its background and motivation for its study. To provide clear
direction, the research questions and objectives are then presented. And finally, the
research method and thesis structure.

e Chapter 2 (Literature Review) — This chapter presents some understanding of the
concepts discussed in this work, as well as information on previous work that may
improve the one done in this thesis.

e Chapter 3 (Vegetation Indices) — This chapter explains the theoretical foundations and
mathematical formulations of the vegetation indices used in this study. Each index is
examined in terms of its principles, uses, and limitations.

e Chapter 4 (Software) — This section describes the development of the designed platform.
It covers the system's architecture, key functionalities, and user interface.

e Chapter 5 (Results and Discussion) — This chapter presents and discusses the findings
derived from the analysis of multispectral images. The evaluation is conducted at three
distinct levels, with comparative analyses performed to assess the system's performance

and reliability.



e Chapter 6 (Conclusion and Future Work) — The final chapter summarises the principal
findings and contributions of the study. It additionally delineates the primary limitations

faced during the project and proposes future improvements.






CHAPTER 2

Literature Review

2.1 Systematic Review

For this research, multiple studies were analysed in order to establish the background context.
The article databases utilised included Scopus, Google Scholar, IEEE Xplore, MDPI and
Elsevier. To obtain relevant results, a search was conducted based on some keywords, such as
“Multispectral Images”, “Precision Agriculture”, “Machine Learning”, “Remote Sensing”,
“Image Processing” and “Plant Disease Detection”. Since not all results were directly relevant,
a filtering process was applied, restricting the selection to articles available for free or within
ISCTE’s scientific license, written in English, and from the year 2014 to 2025. To obtain the
papers with relevant information for this study, the PRISMA (Preferred Reporting Items for

Systematic Reviews and Meta-Analyses) methodology was used.

Initially, 889 papers were obtained based on the combination of keywords and the specified
criteria. Then the duplicates were removed, resulting in a total of 434 articles. Subsequently,
the abstracts were reviewed, and 328 articles were excluded, leaving 106 articles for analysis.
A thorough examination of these articles was conducted, ultimately selecting 31 for inclusion

in the study. The flowchart of the research is represented in Figure 2.1.
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Figure 2.1 - Systematic Review Flowchart

2.2 Related Works

This chapter will provide an overview of existing studies relevant to this research. Topics like
the various applications of IoT in PA, various sensing techniques employed in farming, types
of imagery used in agriculture, along with their optimal applications, will be addressed in order

to establish some essential background for the study.

2.2.1 Internet of Things Applications in Precision Agriculture

By integrating [oT into agriculture, farmers are able to overcome a great number of challenges,
such as resource management, climate change, and food security, among others. With the help
of IoT technologies such as smart sensors, real-time analytics, and automated irrigation
systems, farmers can monitor crop conditions, optimise water management, regulate chemical

application, and even detect the presence of diseases in their fields.



These applications, therefore, not only increase the efficiency of agriculture but also

contribute to a more sustainable food system for future generations.

2.2.1.1 Smart Monitoring

One IoT application in PA is Smart Monitoring, which enables farmers to collect real-time data,
such as soil conditions, environmental changes, crop health, and more. By collecting and
analysing this data, farmers can make accurate decisions to improve crop yields and overall

farm management.

For instance, M. Mondal et al. [10] developed an IoT-based intelligent agriculture field
monitoring system. His goal was to enable farmers to make informed decisions regarding
irrigation schedules and crop management, thereby optimising water usage and improving
overall crop yield. He focused on monitoring various environmental parameters such as soil

moisture and temperature, which have the greatest impact on irrigation needs and crop growth.

Similarly, S. Tenzin et al. [11] also aimed to enhance crop management and sustainable
agricultural practices. However, he instead developed a weather monitoring system. With it, he
not only could monitor the soil moisture and temperature, but also relative humidity, wind speed

and direction, precipitation and light.

Moreover, A. Triantafyllou et al. [12] proposed an architectural model for a smart farming
monitoring system in which he combined the use of sensors with thermal cameras on UAVs.
With the sensors, he could monitor moisture content, temperature, humidity, soil chemical
properties and environmental parameters such as wind speed and solar radiation. With the
thermal cameras, he would instead monitor soil and vegetation characteristics, such as colour,
chlorophyll content and overall crop health. The combination of these two technologies could

significantly improve plant production and growth.
2.2.1.2 Smart Irrigation

With the support of IoT technologies such as weather forecasting services, soil moisture
sensors, and automated irrigation systems, farmers can determine the amount of water required
by crops and the optimal timing for irrigation. In practice, Smart Irrigation solutions are

typically implemented through dedicated software platforms or decision support systems that



integrate sensor data stored in local or cloud-based databases, together with external data

sources such as meteorological services.

A. D. Boursianis et al. [13] and S. Roy et al. [14] were two of many authors who worked
on this topic. Both developed a smart irrigation system where, based on the monitored data,
they could schedule an irrigation for when their crops needed it most. Their intent was to
optimise the farmer’s water usage, thereby reducing water wastage and improving irrigation

efficiency.

Similarly, A. Al-Naji et al. [15] developed a smart irrigation system to enhance water
efficiency. However, instead of monitoring soil conditions, he came up with the idea of using
RGB cameras to monitor soil colour variations. He then used this data to train an artificial neural

network, thereby being able to tell more accurately whether irrigation was needed or not.

2.2.1.3 Smart Fertilisation

Smart Fertilisation is conceptually similar to Smart Irrigation, with both employing automated
systems tailored to irrigation and fertilisation. This IoT application enables optimised fertiliser

management, leading to lower chemical inputs and reduced environmental impact.

An example of this technology is presented by M. Badreldeen et al. [16]. In their work, soil
conditions were monitored to support informed decisions regarding the timing and spatial
distribution of fertilisation, enabling automated system adjustments and the selection of
appropriate fertiliser types according to crop nutrient requirements at different growth stages.

This approach reduces chemical inputs and improves resource utilisation.

Rather than automating fertiliser application, J. Sun et al. [17] focused on reducing human
involvement in the monitoring and decision-making processes associated with fertilisation.
Their approach involved monitoring soil nutrient levels, such as nitrogen (N), phosphorus (P),
and potassium (K). These parameters were classified into predefined levels, and when any value
fell below an acceptable threshold, the system automatically notified the user via email,

indicating the need for fertilisation and recommending the appropriate fertiliser type.
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2.2.1.4 Disease Detection

Diseases and pests cause massive yield losses, on average 17.2 % for potatoes, 21.4% for
soybeans, 21.5% for wheat, 22.6% for maize and 30.3% for rice, making them one of the most
impactful factors in yield losses. For this reason, researchers have begun to develop tools in

order to fight this problem and increase food security [18].

For instance, S. Ghosal et al. [19] developed a deep machine vision framework. This
framework utilised ML techniques in RGB images to identify, classify and quantify bacterial
and fungal diseases, chemical injuries, and nutrient deficiencies. By doing so, crop productivity
and plant breeding could improve significantly. L. C. Ngugi et al. [20] also used ML techniques,
more specifically, convolutional neural networks (CNNs), in RGB images collected from

mobile phones to detect leaf diseases.

Similarly, J. Su et al. [21] monitored yellow rust disease in wheat using unmanned aerial
vehicles (UAVs) equipped with multispectral cameras. He was later able to extract the spectral
characteristics and the Spectral Vegetation Indices (SVIs) from the recorded images and thus
distinguish the healthy from the diseased plants more precisely. A. di Nisio et al. [22] and M.
Kerkech et al. [23] also utilised UAVs equipped with multispectral cameras along with image
processing techniques, except that A. di Nisio used this technology to detect Xylella fastidiosa

in olive trees and M. Kerkech used it to identify diseased areas in vineyards.

In addition, S. Cubero et al. [24] developed a robotic platform capable of detecting and
monitoring pathogens in horticultural crops, more precisely, a disease known as CaLsol. In this
work, the robot he developed used not only RGB images but also hyperspectral ones, enabling

a more detailed analysis of the plant’s health.

J. S. Duhan et al. [25], unlike the other authors, utilised a different technology from ML in
images. Despite his purpose being the same as the others, he used nanomaterials, such as
quantum dots and nanoparticles, as biosensors to detect pathogenic organisms associated with

the various existing plant diseases.

2.2.2 Sensing in Agriculture

Ever since ancient times, when it was first created, agriculture has come a long way. One of the

causes for that evolution were the sensors. Before being used in this field, all tasks had to be
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done by humans. Today, with the help of sensors, many of these tasks have become automated

and those that were not, at least no longer require as much effort as before.

This technology can be categorised into two different types: in-situ sensing and remote

sensing.

2.2.2.1 In-situ Sensing

In-situ sensing consists of the act of detecting and monitoring the desired parameters directly
on site, which guarantees an almost immediate response time. With this approach, data such as
soil temperature, moisture and nutrient levels can be measured to make informed decisions

regarding the irrigation or fertilisation needs, as mentioned before.

For example, X. Pei et al. [26] utilised a multi-sensor named Veris P4000 to collect visible
and near-infrared spectral data, electrical conductivity, cone index readings and depth
information regarding soil properties. His goal was to estimate multiple soil profile properties

using in-situ sensor data acquired.

N. Nair et al. [27], also used an in-situ sensing approach in his work. Since conventional
methods of measuring soil pH are time-consuming and require sophisticated instruments and a
skilled operator, he developed an all-solid electrode, in-situ soil pH sensor in order to mitigate

these setbacks.

Although both studies achieved their respective objectives, limitations associated with the
in-situ sensing approach were identified. In particular, variations in soil properties, such as
structure, moisture content, and temperature, were observed to significantly influence

measurement accuracy.

2.2.2.2 Remote Sensing

Remote sensing consists of the act of measuring the physical characteristics of an area, but
instead of being right at its source, like in-situ sensing, this approach occurs far away from its
source. This method is mostly implemented with the help of three types of platforms: satellite,

aircraft or UAV.
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Each of these platforms has its limitations and advantages. A. Matese et al. [28], conducted

a study with that goal in mind. He compared the use of these three platforms in precision

viticulture and analysed both the economic and operational pros and cons of the platforms.

Table 2.1 shows the technical specifications of the three platforms analysed in his work.

Table 2.1 - Platform's Technical Specifications [28]

UAV

Aircraft

Satellite

Platform

Camera

Number of channels
Dimension
Weight
Output data

Image Size

Flight quote AGL
Ground resolution
Ground image dimension

Totalframes

Mikrokopter OktoXL

Tetracam ADC Lite
3
114x77 x22 mm
0.2kg
10 bit RAW

6 MB

150 m
0.05 m/pixel
116.5x87.5m
100

Sky Arrow 650 TC/P68

ASPIS
12
270x 250 x 200 mm
10 kg
8 bit RAW

4MB

2300 m
0.5 m/pixel
1024x1024 m
2

RapidEye

REIS
5
656 x 361 x 824 mm
62 kg
16 bit NITF
462 MB/25 km along track for
5 bands
630 km
5 m/pixel
77 x45 km
1

In operational terms, the study concluded that satellite platforms offer superior range,

reliability, payload capacity, and mosaicking and geocoding capabilities, whereas UAV's

perform less effectively in these aspects. Conversely, UAVs provide greater flexibility, higher

spatial resolution, faster processing, and lower dependence on cloud cover, while satellite

platforms are less effective in these characteristics. Regarding endurance and processing time,

both aircraft and satellite platforms were found to be superior to UAVs. These comparisons are

summarised in Table 2.2.
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Table 2.2 - Platform's characteristics (++optimal, + good, o average, - poor) [28]

Characteristics UAV Aircraft | Satellite

Range = + ++
Flexibility ++ + -
Endurance - ++ T

Cloud cover dependency ++ + -
Reliability 0 + ++
Payload 0 + ++
Resolution ++ + 0
Precision ++ + o]
Mosaicking and geocoding effort - 0 ++
Processingtime 0 + +

Looking at Figure 2.2 from an economic perspective, it can be seen that the cost per area
increases for all platforms, with the exception of the satellite, whose cost per area is always the
same. UAVs are initially the most cost-effective option, however, as the surveyed area
increases, they eventually become the most expensive. The Aircraft, just like in operational

terms, remains the better-balanced option between all three platforms.

° -o-Satellite
5 3000 )
w

2000

1000

Sha 50ha
Figure 2.2 - Platform's costs [28]

Although UAV platforms typically exhibit limited range and endurance, the objective of
this work is to analyse plant- and leaf-level characteristics, for which high spatial resolution
and image precision are essential. UAV-based imagery is therefore particularly well suited to
this purpose, as it offers superior resolution, operational flexibility, and reduced dependence on

cloud coverage when compared to alternative platforms.

From an economic perspective, UAV operations tend to become more costly as the
surveyed area increases; however, the spatial scale relevant to this study does not exceed 5
hectares. Consequently, UAVs remain an appropriate reference platform for this type of
analysis.
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For these reasons, and in line with several related studies [12, 21-23], this work adopts
multispectral imagery acquired using UAV platforms. Due to practical constraints, the analysis
is conducted using a publicly available UAV-based dataset rather than imagery collected
directly within this study.

2.2.3 Applied Imagery in Precision Agriculture

One of the most innovative technological approaches in agriculture is the use of applied imaging
technologies. Through platforms such as satellites, aircraft, and UAVs equipped with cameras
and sensors, it is possible to capture detailed images of crops and soil, enabling the assessment
of plant health, optimisation of water and fertiliser use, and early detection of diseases before

they spread.

Since UAVs are the platform that is going to be used in this study, they will also be analysed.
In order to use applied imagery through UAVs, they need to be equipped with certain types of

cameras, which usually are: RGB, thermal, multispectral and hyperspectral.

2.2.3.1 Types of Imagery

Each type of cameras captures images with different characteristics. RGB cameras record in the
visible wavelength range of the spectrum and are therefore unable to acquire health-related
information [29]. Thermal cameras convert the radiation emitted from the surface of an object
into temperature, making them more suitable for temperature stress-related measurements [30].
Multispectral cameras can capture in the red, green, blue and near-infrared (NIR) bands of the
electromagnetic spectrum, which is very useful in agriculture since the NIR is highly reflected
by the vegetation [31]. In general, hyperspectral cameras are similar to multispectral ones, the

only difference being the hyperspectral ability to capture in a wider range of bands [32].

R. Guebsi et al. [33] and N. Delavarpour et al. [34] both conducted a study where their goal
was to analyse the different applications of each type of imagery used in UAVs. They concluded
that for RGB cameras, crop monitoring, health assessment, vegetation analysis and indexing,
3D mapping and structural analysis were the most common applications. Thermal cameras
excel in water stress and irrigation management, as well as in vegetation and thermal analysis.
For multispectral cameras, crop health and stress monitoring, VIs, and nutrient analysis were

this camera’s speciality. Lastly, hyperspectral cameras were highly proficient in plant
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identification, biochemical and nutritional analysis, and soil and vegetation analysis. These

conclusions are described in Table 2.3.

Table 2.3 - Camera's common applications [33-34]

Camera Type

Common Applications

RGB

Crop monitoring
Health assessment
Vegetation analysis and indexing
3D mapping
Structural analysis

Thermal

Water stress and irrigation management
Vegetation and thermal analysis

Multispectral

Crop health and stress monitoring
Vegetation indices and nutrient analysis

Hyperspectral

Plantidentification
Biochemical and nutritional analysis
Soil and vegetation analysis

As previously mentioned, the aim of this work is to monitor crop health and stress. Thus,

the type of camera and, consequently, imagery to be used is multispectral, as it best suits this

study’s objectives.
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CHAPTER 3

Vegetation Indices

As mentioned before, multispectral images take a big role in precision agriculture and crop
monitoring. They are able to do so because of the radiance values extracted from the various
wavebands captured by the multispectral cameras. They can capture the normal RGB image
and in five bands: Blue, Green, Red, RedEdge, and Near-Infrared (NIR), as shown in Figure
3.1. The values extracted are usually collected simultaneously and reflect the vegetation state
from which they were acquired. By combining these values, researchers are capable of creating

vegetation indices (VI) [35].

R e T L

Figure 3.1 — DJI Phantom 4 multispectral camera [36]

These formulae play a vital role in precision agriculture and crop monitoring, since they
offer a cost-effective, contactless and simple yet reliable way of crop monitoring, providing an
accessible and environmentally sustainable means of assessing crop health and condition.
Depending on the selected VI, different insights can be obtained regarding plant growth and
development. Some give information about the leaf area, others about the chlorophyll content
of the crop, there are some that provide data about the canopy structure and some even about
water status [37]. Different vegetation indices are suited to different analytical purposes: some
are applicable to a wide range of objectives, while others are designed for more specific

assessments. And since they demonstrate different sensitivities, making them more appropriate
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for specific stages of the crop growth cycle, some have a better performance on the early stages
of the plant’s growth, and others on the later stages [38]. If used correctly, the information
obtained from the VIs can then be utilised to optimise fertiliser and pesticide application, and

irrigation, in other words, precision agriculture.

3.1 Normalised Difference Vegetation Index
The Normalised Difference Vegetation Index, or NDVI, is, historically, the most widely used

VI due to its simplicity and robustness.

This index combines the red and near-infrared (NIR) reflectance in order to exhibit leaf

anatomy and chlorophyll content. The following equation represents it:

NDV] — NIR — Red |
" NIR + Red (1

NDVI can range from -1 to +1, as water sources usually correspond to negative values, values
close to zero correspond to bare soils, and positive values to vegetation [35, 39]. Since it
depends greatly on the spectral behaviour of green vegetation, where the chlorophyll absorbs
radiation in the red region of the electromagnetic spectrum and the leaf structures reflect
radiation in the near-infrared region of the spectrum, areas with elevated vegetative productivity

are categorised by lower red and higher near-infrared reflectance [40].

NDVI values are greatly related to key biophysical parameters, such as leaf area index,
vegetation percentage cover, green biomass, and overall plant health and vigour. It can be used
to evaluate vegetation activity temporarily and spatially, allowing the detection and
determination of environmental disturbances such as fire, flood, drought, and frost [41]. From
an agricultural perspective, it is capable of providing significant insights about food security
and ecosystem productivity, because of the plant stress, photosynthetic capacity, and

agricultural crop yield assessment features [37].

Despite being the most used VI, NDVI also has its own limitations. For instance, aspects
like sensor calibration differences, atmospheric conditions such as scattering and haze, and
directional reflectance effects related to sun-sensor geometry, make its values vary significantly
[39]. Another disadvantage consists of the fact that the topographic relief can further influence
the reflectance measurements, once the background effects are problematic when vegetation

cover is scarce, since soil reflectance greatly contributes to the overall canopy signal, making
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darker soils more prone to increase NDVI values, and consequently making it biased in
vegetation assessments [42]. Lastly, NDVI shows saturation in dense vegetation cover, where
chlorophyll content or biomass increases no longer mean proportional increases in the index

[39].

3.2 Soil-Adjusted Vegetation Index

The Soil-Adjusted Vegetation Index (SAVI) was first introduced by Huete et al. [43] as an
improvement to the NDVI, designed to decrease the influence of soil background reflectance
on vegetation monitoring, particularly in sparsely vegetated environments. SAVI integrates a
soil-adjustment factor, represented by L, which accounts for the proportion of vegetation cover

within a scene. This index is expressed by the following equation:

savi= IR —Red 441 2)
= X
NIR+Red+L <D

NIR and Red correspond to near-infrared and red reflectances, respectively, and L can range
from 0 to 1 depending on the vegetation density. When vegetation cover is complete, L
approaches zero, and SAVI becomes equal to NDVI. On the other hand, in sparsely vegetated

areas, larger L values are used in order to mitigate soil brightness [43].

SAVI has been widely applied in ecological and agricultural studies where soil visibility
strongly makes a difference in vegetation assessments. SAVI has also proven effective in
mapping rangeland and dryland vegetation, where indices like NDVI tend to miscalculate
greenness due to soil background effects [43-44]. Additionally, this index is also frequently
used for land degradation, desertification, and ecological restoration efforts assessment,
offering better sensitivity to variations in green vegetation under circumstances of low canopy
density [45]. By reducing the soil background reflectance influence, SAVI provides more

reliable information on vegetation dynamics in environments where NDVI is less accurate.

Despite its improvements over NDVI, SAVI still has its own limitations. A crucial
constraint lies in the selection of the L factor, as a fixed value provides only a pragmatic
compromise and may not be optimal across different vegetation densities or soil backgrounds
[46-47]. SAVI’s accuracy also depends on the soil line parameters, with deviations in slope or
intercept reducing its reliability [47]. Similar to NDVI, SAVI also suffers from saturation at
dense vegetation cover sites, where further increases in vegetation biomass or chlorophyll

content are no longer captured proportionally. Moreover, the index also does not correct for
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atmospheric effects such as scattering or for bidirectional reflectance effects caused by
illumination variations and viewing geometry. Its accuracy also differs depending on soil type,
illumination conditions, and sensor spectral characteristics, which limit its universality [43, 46-

47].

3.3 Green Normalised Difference Vegetation Index

The Green Normalised Difference Vegetation Index (GNDVI) is a variation of the usual NDVI
that replaces the green spectral band for the red band with the purpose of enhancing sensitivity
to chlorophyll content and mitigating index saturation under high vegetation cover [48]. It is

represented by the following equation:

CNDVI = NIR — Green 3
" NIR + Green )

NIR represents near-infrared reflectance, and Green represents the green reflectance. The
foundation for GNDVI lies in the fact that healthy vegetation, which is abundant in chlorophyll,
reflects strongly in the green region and weakly in the red. Consequently, GNDVI has a stronger
linear correlation with chlorophyll concentration, leaf area index, nitrogen content, and overall

biomass when compared to NDVI [49].

GNDVI, due to its enhanced sensitivity to chlorophyll and nitrogen content, has been
strongly used in agricultural, ecological, and remote sensing studies. In precision agriculture, it
1s commonly used to monitor crop nitrogen status, track chlorophyll concentration, and assess
vegetation vigour, more specifically during the mid to late growth stages when NDVI often
saturates [48]. Outside agriculture, GNDVI is also used for leaf area index estimation, biomass
accumulation, and the proportion of photosynthetically absorbed radiation. Some studies
comparing GNDVI with NDVI have shown that GNDVI can offer similar spatial patterns to
NDVI while providing greater discernment in dense vegetation cover conditions, making it
useful in applications such as rangeland monitoring, habitat condition assessment, and

ecological restoration projects [50].

GNDVI, like all indices, also has its own limitations that constrain its applicability. As a
two-band index, it remains sensitive to atmospheric effects, adjacency influences, and
shadowing, which can cause variability unrelated to vegetation properties. As already
mentioned, although it saturates more slowly than NDVI, GNDVI may still have saturation in

vegetation-dense crops, limiting its effectiveness in highly productive ecosystems.
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Additionally, its dependence on the green band increases vulnerability to scattering effects, soil
background contributions, and understorey vegetation signals, which may influence canopy

reflectance estimates in heterogeneous landscapes [48-49].

3.4 Normalised Difference Red Edge Index
The Normalised Difference Red Edge Index (NDRE) was invented to enhance sensitivity to
leaf chlorophyll and nitrogen content, particularly under conditions where NDVI tends to

saturate [51]. This index is expressed by the following equation:

NDRE — NIR — RedEdge )
~ NIR + RedEdge

NIR refers to near-infrared reflectance, and RedEdge to the reflectance in the red-edge portion
of the spectrum. Unlike GNDVI, which uses the green band, NDRE employs the red-edge band
that pierces deeper into the leaf, making it more effective for assessing chlorophyll in dense
vegetation [51-53]. Therefore, NDRE is best suited for mid to late stages of crop growth, when
chlorophyll content is high and NDVI becomes less responsive [51-53]. The values of this index
can range from -1 to 1, with higher values reflecting greater chlorophyll and nitrogen

concentration [54].

NDRE has become widely applied in crop nitrogen management, offering information
about canopy nitrogen dynamics and supporting more accurate fertiliser recommendations,
mostly during mid to late growth stages [53-54]. NDRE has also been successfully used to
perceive nitrogen-limited areas in crops such as wheat, corn, soybeans, and tree seedlings,
allowing early intervention in order to optimise plant nutrition and yield [53-54]. And just like
NDVI, NDRE is also used in ecosystem and vegetation assessments, where its capability to
detect variations in chlorophyll and canopy structure offers more reliable data on plant vigour

and stress conditions [54].

Regarding its limitations, NDRE is also sensitive to atmospheric effects, sensor calibration,
and illumination conditions [54]. And although it reduces saturation relative to NDVI, it can
still be less responsive under great vegetation cover or high biomass conditions, where
reflectance variations in the red-edge and near-infrared regions are lessened [54]. Just like
GNDVI, this index may also be influenced by leaf structure, shadows, soil background, or

mixed pixels, which can introduce noise in heterogeneous landscapes [54]. Lastly, the
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effectiveness of NDRE is strongly growth stage-dependent, making it less accurate at early

growth stages when chlorophyll content is relatively low [53].
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CHAPTER 4

System Software

This chapter describes the desktop application created and its backend and frontend
functionalities. This application was developed with the purpose of giving farmers a platform
to upload their own multispectral images and analyse them according to the indices they select.
It was designed with a focus on user experience (UX), explicitly addressing the needs of farmers
and their difficulties in identifying the necessities of their crops. This approach allows for faster
and more targeted decision-making, which can, in turn, contribute to a continuous increase in

crop productivity and a decrease in resource waste.

4.1 System Architecture Tools

To create this platform, three key tools were used: Python for backend development, Electron
and React for the frontend, and SQLite for the database. Together, these tools form the
foundation of the system and define its overall architecture. The following sections provide a

detailed description of each tool and its role within the platform.

4.1.1 Python

Python is one of the most used programming languages in scientific research, data analysis, and
software development. Its simple interface and wide standard library make it an easy tool that
is able to support both rapid prototyping and large-scale applications. During the development
phase, a preliminary assessment of several programming languages was conducted to determine
the most suitable option for this platform. Python was ultimately chosen because it provides a
balanced combination of simplicity, flexibility, and a comprehensive ecosystem of libraries that
support efficient data processing and integration with analytical processes, while its strong
community support and broad range of specialised packages further enhance its capabilities,
especially in areas like numerical computation, image processing, and machine learning. In this
project, Python was employed for backend development, serving as the main language

responsible for handling data processing, image processing and system logic.
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4.1.2 Electron and React

Electron is a framework that allows developers to build cross-platform desktop applications
using web technologies, such as HTML, CSS, and JavaScript. This framework, combined with
React, a component-based JavaScript library for building user interfaces, makes it possible to
create desktop applications which are as visually responsive as functionally reliable. This
approach allows the use of just one codebase to run on different operating systems, such as
Windows, macOS, and Linux, while maintaining consistent performance and design. In this
project, Electron and React were used to develop the frontend of the platform, offering an

intuitive interface through which farmers can upload multispectral images and analyse them.

4.1.3 SQLite

SQLite is a small, fast, self-contained, highly reliable, full-featured, serverless, relational
database management system widely used in desktop and mobile applications. In contrast to
server-based databases, SQLite stores data in a single file, making it easy to integrate into
applications without requiring a separate database server or internet access. It can withstand
standard SQL queries, transactions, and indexing, therefore providing reliable data storage and
retrieval. In this project, SQLite was used as the database for the platform, managing the storage

of multispectral images.

4.2 Database Creation

As mentioned before, SQLite was chosen as the database engine for this project. It was chosen
primarily because of its serverless architecture, since one of the goals of this thesis was to
provide farmers with a platform capable of analysing multispectral images in real time, and
since internet access cannot always be guaranteed in agricultural settings, a serverless database

was the most appropriate choice.

This database was designed based on the type of information farmers are likely to require
in real-life analyses. To address these needs, a set of objects was created to support the storage,
organisation, and processing of multispectral image data. These objects include tables for
essential entities, junction tables to manage the relationships between the objects, and default

entries to enable VI calculations immediately after initialisation.
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4.2.1 Objects

The main object of this project is the ImageDTO, which represents the multispectral image
selected by the user for analysis. This object stores the image name, the timestamp indicating
when it was captured, and an optional description field that allows users to record comments
for later reference. In addition, it maintains references to the spectral bands available in the
image, the farm to which the image belongs, and the plant types contained within it. The code

used to create the ImageDTO table in the database is represented in Figure 4.1.

cursor.execute("""
CREATE TABLE IF NOT EXISTS ImageDTO (
id INTEGER PRIMARY KEY AUTOINCREMENT,
name TEXT NOT NULL,
capturedaAt TEXT,

bandsId INTEGER,
description TEXT,
farmId INTEGER,
plantId INTEGER

Figure 4.1 - ImageDTO creation code

Considering the need for structured data organisation, the FolderDTO object was designed
to allow users to flexibly group and organise images. A folder can contain multiple ImageDTO
objects or even other FolderDTO objects, thereby building a hierarchical structure. Similar to
ImageDTO, this object also includes fields for name and description, as well as references to
the farm and plant types associated with its contents. A crucial feature of this object is that
updates to these references are automatically propagated to its children, ensuring data

consistency across the whole hierarchy.

To manage the spectral band information associated with each image, the BandsDTO object
was created. The visible field stores the path to the JPEG file of the image, while the cog field
stores the path to the Cloud Optimised GeoTIFF (COGQG) file, which consolidates all spectral
bands into a single file. The remaining fields (blue, green, red, redEdge, and NIR) are used to
specify the availability of each band, where a value of 1 indicates that the band is available and

0 indicates that it is unavailable.
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Finally, to complement the information stored in images and folders, the FarmDTO and
PlantDTO objects were created. Each object contains a single field, name, whose purpose is to
serve as its identifier. What differs in these two is their purpose: FarmDTO is used to track

farms, while PlantDTO is used to track plant types.

Lastly, to support the image analysis, VegetationIndicesDTO object was created. This
object stores the formula of each VI, enabling the platform to process the reflectance values of
images correctly. Additionally, it stores the index name for easier identification and a
description to inform the user about the purpose and calculation of each index. All the objects

mentioned are described in Table 4.1.

Table 4.1 — Database created objects and corresponding descriptions

Objects Description
ImageDTO Represents a multispectral image
FolderDTO Organises and groups images or other folders hierarchically
BandsDTO Stores the spectral band information for each image
FarmDTO Represents a farm entity to which images or folders can be
associated
PlantDTO Represents a plant type contained in the images or folders
VegetationIndicesDTO Stores vegetation index formulas, names, and descriptions

4.2.2 Structure

After the objects were defined, attention was given to the overall structure and relationships
between them. The database was designed to reflect the real-world associations among images,
folders, farms, and plant types. One-to-many and many-to-many relationships were
implemented using foreign keys and junction tables to keep data integrity and support complex

queries.

To support the hierarchical structure that was wanted for folders, the parentFolderld field
was add to the FolderDTO object. This field is a foreign key referencing the ID of another folder
in the same table, allowing a folder to contain multiple child folders while maintaining a link
to its parent folder. To enable folders to also store images, the junction table named
FolderImages was created. This table allows a one-to-many relationship between FolderDTO

and ImageDTO.

To track the relationship between plants and images or folders, the ImagePlants and
FolderPlants junction tables were created, supporting many-to-many associations. Each record

in these tables links a single ImageDTO or FolderDTO entry to a specific PlantDTO, allowing
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a single image or folder to reference multiple plant types and, on the other hand, a single plant
type to be associated with multiple images or folders. Just as FolderImages, these tables also
ensure that each reference is valid through foreign key constraints, while cascading updates and

deletions maintain consistency across the database.

Similarly, to track the relationship between images or folders and farms, junction tables for
ImageFarms and FolderFarms were created. Each record in these tables links a single
ImageDTO or FolderDTO entry to a specific FarmDTO, establishing a one-to-many
relationship: a single image or folder can reference only one farm, while a single farm can be

associated with multiple images or folders.

At last, to manage the spectral bands required by each VI, the VegetationIndexBands
junction table was created. This table establishes a many-to-many relationship between the
VegetationIndicesDTO, and the corresponding spectral bands used in their formulas. Each

record specifies the index identifier, the band name, and its positional order within the formula.

Figure 4.2 displays the complete database schema, showing the objects, their main

attributes, and the relationships established between them.

e =
id& integer 051 £ folderld & integer
0 ImageDTO e
*
name varchar NN e integer 901—(—< imageld & integer
description varchar name varchar [RiE]
*
parentFolderid & integer . varchar
*
— < ntezer *
bandsid & nteger < imageld & integer
BandsDTO Al varenar plantid & integer
id2 integer 901—
ImageFarms
q *
e Integer M < folderld ® integer y S
M < imageld# integer
green integer * - i
y— < g .
[ETi integer farmid & integer
red integer
rededge integer
*
cog ETEET Y« folderid & integer
*
—— farmid & integer
PlantDTO |
e MeeT 0.1 VegetationindexBands VegetationindicesDTO
*
e ——— vegetationindexid & integer 0l e integer
*
f———— < bandid# integer name varchar NN
m bandOrder integer display_name varchar NN
0.1 J formula varchar NN
id &2 integer —&-
description varchar

name varchar NN

Figure 4.2 — Database Model
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4.3 Design and Functionalities

This application was designed with one goal in mind: to provide farmers with an intuitive and
efficient tool for analysing multispectral images. During its development, several aspects were
carefully considered to ensure that the final product would be both easy to use and accessible
in environments without internet connectivity. The platform integrates data organisation,
visualisation, and analytical capabilities within a user-friendly interface, allowing users to
easily navigate between image organisation, VI calculation, and result analysis. This section
presents the main functionalities of the application alongside its interface design and the overall

flow of user interaction through the platform.

4.3.1 Functionalities and Interface

One of the main functionalities of the application is its ability to easily upload and manage
multispectral images directly from local storage. The interface for this feature was designed to
make the process as straightforward as possible, allowing users to import images or folders in
supported formats. During this process, the system automatically generates a COG file
containing the available bands and stores all related metadata in the local SQLite database. The
user has the ability to choose between uploading a single image or an entire folder. In the case
of a single-image upload, the user may be unaware of the spectral band to which the image
corresponds. In that case, the platform will automatically perform this process, identify it, and
create an ImageDTO object. Suppose the user chooses to upload a whole folder. In that case,
the platform performs a recursive analysis, creating a FolderDTO object for the selected
directory and for each nested subfolder that exists within it. It also groups the related .tif and
Jpeg files and generates an ImageDTO object for each group. The image/folder upload modal

is represented in Figure 4.3.

f b

Upload Multispectral Images *

Uplaad Mods

Select Folder Containing Images

Figure 4.3 — Upload Multispectral Images Modal
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Moving on to the home screen, since the entire platform was designed with ease of use in
mind, this page was no exception. Therefore, it was decided to use a design that most people
were familiar with, being similar to the appearance of most computer desktops. Here is where

the entire data organisation will take place, as shown in Figure 4.4.

MultiView A

Filiers 08/06 n/jo7 21106 MULTLIMG 1 DJI_0190

Figure 4.4 — Platform s data organization page

By clicking on the button with the pencil icon in the top right corner, the user enters edit
mode. There, he 1s capable of organising the FolderDTO and ImageDTO objects as he wants
by dragging one into the other, similar to how it is done on a computer desktop. He can also

right-click on the folder or image objects, and a small menu will open, as shown in Figure 4.5.

(® Move Up
2108 & Rename
(O Information

[l Delete

Figure 4.5 — Folder s options menu

It contains three or four options, it always includes the “Rename”, “Information”, and
“Delete” options, and the “Move Up” option appears if the object is not located at the root of

the storage. By clicking on that option, that object will move one place up on the path. The
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“Rename” option allows the user, as the name suggests, to rename the object. “Delete” will
delete the object recursively, including all objects contained within it, if it is an instance of

FolderDTO. “Information” option opens the modal shown in Figure 4.6.

Information X

Basic Information

Name

{ DJI_0190 ]
Farm Plants

{ Farm 1 ] { Soy ]
Captured At

{ Jul 11, 2022 ]

Description

Soy captured in July 11

Band Information

Elue Green Red Red Edge NIR

Available Available Available Available Available

D=

Figure 4.6 — Information Modal

This modal is divided into two sections: “Basic Information,” which is common in both
folder and image objects, and “Band Information”, which only appears in image objects. In the
first section, the user can edit the object's info. There, he can rename it, associate the farm to
where the object belongs, associate the different plant types that the object contains, select a
date so he knows when the image was taken, and add a description in case he wants to leave
any comments about it. The “Band Information™ section is for informational purposes,

providing details on which bands are available.

Looking back at Figure 4.4, on the left side of the home page, a sidebar is available. There,
the user is provided with two buttons: one to create a new folder object and the other to open
the upload modal, along with some filters. Through these options, the user can filter the
displayed objects by farm or plant and also sort the objects alphabetically or chronologically,

in either ascending or descending order.
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Moving on to another platform functionality, when the user left clicks on an image object,

the platform opens the image analysis page, as illustrated in Figure 4.7.

MultiView

Select Index [}

eE

NORE

Figure 4.7 — Platform s image analysis page

As shown in Figure 4.7, the page initially displays the .jpeg file associated with the selected
ImageDTO object. On the right side of the interface, the user is presented with six buttons: the
first returns to the home page, the second opens the information modal shown in Figure 4.6, the
third activates selection mode, allowing the user to choose a specific area of the image, and the
remaining three buttons let the user zoom in or out as desired and reset the image to its original
state. On the left side of the interface, similarly to the previous page, there is also a sidebar. It
starts by providing the user with four default indices to choose from for analysis, where they

can also find a button with a plus icon that opens the modal shown in Figure 4.8.
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Create Custom Index X

Index Name
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Formula

Enter formula using bands and operators...

Calculator
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7 8 ] (
] & e -
Available Bands
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[ Red Edge I [ NIR I
P £

Figure 4.8 — Create Custom Index Modal

Here, the user can add an index of its choice. The first two inputs allow the user to define
the index’s name and description. Below, they write the equation associated with the index

using the embedded calculator and band buttons.

Returning to the analysis page, when the user selects one of the already defined indices or
one that they add themselves, the platform will process the image using the associated equation
and calculate the corresponding value for every pixel, resulting in something similar to what is

represented in Figure 4.9.
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Figure 4.9 — Platform's analysis page with NDVI index selected

After calculating each pixel’s value, the app paints them using a gradient from red to green,
where red represents the minimum value calculated and green represents the highest, usually
corresponding to unhealthy and healthy vegetation, respectively. Note that, if the user has

selected a specific area, the platform will only paint that area, as shown in Figure 4.10.

Figure 4.10 — Specific area analysis

After selecting a VI, additional features become available in the sidebar. The first of these
is two sliders that set the minimum and maximum values of the calculated index, as displayed
in Figure 4.11 a). By adjusting them, users can specify the value range to display. For example,

setting the minimum to 0 and the maximum to 0.75 will display only those pixels with values
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within that range, as shown in Figure 4.11 b). This helps users concentrate on specific VI value
ranges that are most relevant to their analysis. Another feature, designed to assist users in
interpreting results, includes a histogram that displays the pixel value distribution over the area,

highlighting the most predominant values, also shown in Figure 4.11 a).

Min: -0.63
@

Max: 0.74
]

Selected Area Distribution

-0.63

b
.
0.74

a)

Figure 4.11 — a) Min and max sliders and pixel histogram; b) Specific area
analysis with min slider set to 0 and max slider set to 0.74

Additionally, clicking the analysis button opens a modal showing the mean index value of
the area. When a default index is selected, the modal provides a brief interpretation of the result,
the healthy percentage area, and guidance on how the farmer should proceed to treat the
analysed area based on the area's health assessment, the healthy percentage, and the chosen
index. To help the farmer know the exact location of the analysed area, it also shows the area's
coordinates obtained from the multispectral images' metadata. For instance, selecting NDVI
might indicate whether the area has healthy or stressed vegetation, as illustrated in Figure 4.12.

All these functionalities work in both the whole image and in a specific selected area.
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Lon
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50.038502°
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o> =]
Figure 4.12 — Vegetation Analysis Statistics Modal

4.3.2 User Flow
In order to have a simple and intuitive user-system interaction, the application features a clear

and logical workflow that reflects the natural order of image analysis steps.

The interaction starts on the home page, where the user begins to upload new multispectral
images or folders from local storage. After importing the desired images, they are automatically
processed and saved in the database, keeping the same organisation that they had when

uploading.

Once they are uploaded, the user can navigate through the created folders and images and
select one for analysis. Having chosen one, the application opens the analysis page, where the
user can visualise the corresponding .jpeg image and select the index they want to use for
analysis. Here, he can also adjust value ranges through maximum and minimum sliders,
visualise histograms of pixel distributions, and evaluate mean index values or system-generated

assessments.

After an analysis is completed, the workflow may be repeated for additional images.
Previously uploaded data persist within the platform across multiple executions, enabling
successive analyses without the need for data re-import. This process is illustrated in Figure

4.13.
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Figure 4.13 — User Flowchart
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CHAPTER 5

Results and Discussion

This section presents the results obtained through the analysis of multispectral images using the
developed platform. The main goal of this analysis is to assess the accuracy and utility of the
platform’s analytical features in real-life agricultural scenarios, alongside evaluating how

various VIs behave throughout the different plant growth stages.

To start this analysis, a collection of multispectral images was necessary. Due to limited
access to drones with the required capabilities, the decision was made to utilise a public dataset.
The dataset used in this study was obtained from an article authored by Maulit et al. (2023)
[55], which offers multispectral drone imagery collected in the East Kazakhstan region of the
Republic of Kazakhstan, near the city of Ust-Kamenogorsk, at coordinates 50°02° N 82°35” E.
This dataset was chosen due to its completeness and diversity, as it includes images captured at
various crop growth stages and from different crop types, thereby facilitating a dependable

evaluation of the platform.

This dataset covers an area of 27 hectares, cultivated with wheat, barley, and soybean at
various stages of their growth, utilising a DJI Phantom 4 multispectral UAV equipped with a 6
% 1.29-inch CMOS multispectral camera. It consolidates images from five aerial multispectral
photography sessions conducted on 17 and 18 May 2022, 8 and 9 June 2022, 21 and 22 June
2022, 11 and 12 July 2022, and 25 and 26 July 2022. During each session, substantial efforts
were made to ensure consistent weather conditions, characterised by clear sky coverage,
captured at approximately the same time with closely matched temperature, sun elevation,

azimuth angle, and wind speed.

For this study, the sessions selected for analysis were the ones conducted on 8 and 9 June
2022, 21 and 22 June 2022, and 11 and 12 July 2022, as these dates most accurately represented
the various stages of crop growth, namely early to mid, mid, and mid to late stages, respectively.
The earliest and latest sessions available within the dataset were excluded, as these
corresponded to periods when the plants were either too young or too old, thereby making them

less suitable for vegetation development analysis.

37



5.1 Image Analysis

To achieve the objective of this chapter, an analysis of a specific area across the three growth
stages was conducted at three distinct levels: initially, the entire images were examined;
subsequently, a specific area was analysed; and finally, an analysis of a particular masked area
was performed. The VIs introduced in the Indices chapter were used throughout all analyses to

assess crop development and vegetation health.

5.1.1 Image Analysis Over the Entire Area

The evaluation started by analysing the entirety of the image for each selected date. This step
was taken in order to provide a general idea of vegetation vigour throughout the different crop
growth stages using the VIs implemented in the platform and introduced previously, namely
NDVI, SAVI, GNDVI, and NDRE. Through these indices, it was possible to obtain an

assessment of plant health, canopy structure, and chlorophyll content.

Figures 5.1-5.3 display the generated index maps for the three analysed dates (8 June, 21
June, and 11 July 2022) corresponding to the early to late growth stages. Each one of the index’s
maps was generated by the platform, using the corresponding multispectral image bands. Areas
indicated in green represent regions of higher vegetation vigour. In contrast, orange or red tones

correspond to zones of lower vegetation vigour or areas of bare soil or senescent vegetation.

Analysing the images from Figure 5.1, it is possible to observe that in all four indices, a
substantial area of green tones is already present in the upper half of the images. Nevertheless,
some still exhibit visible regions of orange and red tones, indicating bare soil or very early crop

development. This pattern aligns with the expected conditions during the initial growth stage.
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a) b) c)
d) e)

Figure 5.1 — JPEG image and index maps for 8 June from whole image analysis; a) JPEG image; b)
NDVI; ¢) SAVI; d) GNDVI; ¢) NDRE

At this stage, the differences between the upper and lower halves of the images are still
evident, as shown in Figure 5.2. The upper half continues to display mainly green tones,
whereas the lower half mainly displays red tones. In comparison with the previous stage, there
has been a reduction in the orange and red regions across all indices. The NDVI and SAVI maps
show these tones have almost completely vanished, indicating a more vigorous canopy.
Although some orange and red areas persist in the GNDVI and NDRE maps, their diminution
signifies an increase in chlorophyll content. This suggests that most of the field has progressed
to a more advanced vegetative state, with only a few isolated zones of bare soil or low

chlorophyll activity remaining.

a)
d)

Figure 5.2 — JPEG image and index maps for 21 June from whole image analysis; a) JPEG image; b)
NDVI; ¢) SAVI; d) GNDVI; e) NDRE

b) )
e)
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In the final stage, a general decline in vegetation vigour is observed across all indices,
closely resembling the initial stage, as displayed in Figure 5.3. The NDVI and SAVI maps,
which previously showed highly green dense areas, now display reduced green areas and
increased red tones. The NDRE and GNDVI indices similarly demonstrate lower overall values,
indicating a decline in chlorophyll content. This behaviour aligns with the anticipated growth

stage of the crops at this point in the season.

¢
e)

Figure 5.3 — JPEG image and index maps for 11 July from whole image analysis; a) JPEG image;
b) NDVI: ¢) SAVI: d) GNDVI; ¢) NDRE

a) b)
d)

Table 5.1 presents the mean values computed by the platform for each VI for the whole

image analysis, along with the qualitative assessment generated based on predefined thresholds.

The qualitative assessments associated with each vegetation index are derived from
predefined threshold intervals applied to the mean index values. These thresholds were defined
within the platform to provide an intuitive interpretation of vegetation condition, reflecting
commonly accepted ranges reported in the literature. For NDVI and SAVI, the intervals
represent overall vegetation health, ranging from “Very Poor Health” at values below 0.1 to
“Excellent Health” at values equal to or above 0.6. GNDVI and NDRE thresholds are instead
oriented toward chlorophyll content, with lower or negative values indicating non-vegetated or

low-chlorophyll areas and higher values corresponding to increased chlorophyll concentration.
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Table 5.1 — Whole image analysis results

Date
Indices 08/06/2022 21/06/2022 11/07/2022
NDVI Mean' 0.1197 0.0979 0.0104
Analysis Poor Very Poor Very Poor
SAVI Mean 0.0417 0.0374 0.0050
Analysis Very Poor Very Poor Very Poor
GNDVI Mean. -0.0142 -0.0411 0.0086
Analysis Non-Vegetated Non-Vegetated Low
Mean -0.0311 -0.0448 -0.0039
NDRE -
Analysis Very Low Very Low Very Low

Analysing the table, it can be seen that all indices present relatively low mean values. NDVI
and SAVI show a decline from 0.1197 and 0.0417 on 8 July 2022 to 0.0104 and 0.0050 on 11
July 2022, respectively. This decline suggests a reduction in the field's overall vigour. Similarly,
GNDVI and NDRE exhibit near-zero or negative values across all dates, corresponding to

“Non-Vegetated”, “Very Low” or “Low” assessments by the platform.

These results demonstrate that, although the platform effectively captures the overall
temporal progress of vegetation conditions, the presence of non-crop areas, such as soil paths

and roads, significantly impacts the mean values, thereby lowering the overall assessments.

5.1.2 Image Analysis of a Specific Area

To mitigate the influence of non-crop areas, an identical assessment was conducted on a
designated region of the image. This evaluation followed the same methodology, applying the

NDVI, SAVI, GNDVI, and NDRE indices to the designated area for each examined date.

Figures 5.4-5.6 present the index maps generated for the three examined dates (8 June, 21

June, and 11 July 2022), corresponding to the early to late growth stages.

At this stage, different from the whole image analysis, green tones are much more abundant
than red ones across most indices, as represented in Figure 5.4. This observation indicates that
the selected area predominantly corresponds to actively vegetated regions. The decreased
presence of red tones in the NDVI, SAVI, and GNDVI indices suggests limited bare soil or non-
vegetated zones, which aligns with early-stage crop development, as previously indicated.

Nevertheless, in the NDRE map, several regions exhibiting red tones remain visible, implying
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that the crops have not yet reached full maturity and that chlorophyll concentration remains
relatively low. This behaviour corresponds with NDRE’s heightened sensitivity to subtle
variations in leaf structure and chlorophyll content, thereby reducing its performance during

early growth stages.

d) e)

Figure 5.4 — JPEG image and index maps for 8 June from specific area analysis; a) JPEG
image; b) NDVI; c) SAVI; d) GNDVI; e) NDRE

Similar to the second date in the whole image analysis, this stage also demonstrates an
increase in green-toned areas and the disappearance of most red zones within the vegetated
regions, as displayed in Figure 5.5. NDVI and SAVI maps display red-toned zones exclusively
where bare soil is present, whereas GNDVI and NDRE continue to exhibit some red zones
within the vegetated areas. Compared to the previous date, NDRE shows an increase in green-
toned regions, reflecting its higher sensitivity to chlorophyll content and confirming its

enhanced performance during later stages of crop development.
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d) e)

Figure 5.5 — JPEG image and index maps for 21 June from specific area analysis; a) JPEG
image; b) NDVI; c) SAVI; d) GNDVI; e) NDRE

At this stage, the NDVI, SAVE, and GNDVI maps once again show the return of the red-
toned zones within the vegetated area, indicating a decrease in vegetation vigour as the crops
reach the end of their development, as shown in Figure 5.6. In contrast, the NDRE map presents
an even greater prevalence of green-toned zones relative to the previous stage, once more

proving its enhanced performance during the latter phases of crop development.

d) e

Figure 5.6 — JPEG image and index maps for 11 July from specific area analysis; a) JPEG
image; b) NDVI; ¢) SAVI; d) GNDVI; e) NDRE

Table 5.2 presents the mean values computed by the platform for each VI for the specific

region analysis, along with the qualitative assessment generated based on predefined thresholds.
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Table 5.2 — Specific area analysis results

Date
Indices 08/06/2022 21/06/2022 11/07/2022
NDVI ean. 0.2 1'21 0 35'74 0.1777
Analysis Fair Fair Poor
SAVI Mean. 0.0792 0.1343 0.0693
Analysis Very Poor Poor Very Poor
Mean 0.0487 0.1505 0.1436
DVI
GNDV Analysis Low Moderate Moderate
NDRE Mean. -0.0280 0.0101 0.0387
Analysis Very Low Very Low Very Low

Upon analysing the results presented in the table, it is evident that the mean values increased
between 8 June and 21 July across all indices, indicating an enhancement in crop vigour and
chlorophyll content as the crops progress in growth. By 11 July, the mean values for NDVI,
SAVI, and GNDVI either declined or remained relatively stable. This observation suggests that,
as the crops reach maturity, NDVI and SAVI tend to saturate, whereas GNDVI and NDRE

continue to reflect their responsiveness to chlorophyll concentration.

Similar to the whole image analysis, these results, despite having improved, are still
influenced by the presence of non-crop areas, potentially affecting the crop condition

assessment by the platform.

5.1.3 Masked Analysis of the Selected Area

To further mitigate the influence of non-crop areas, the previous analysis was repeated with a
mask excluding zones with reflectance values of zero or below. As these correspond to non-

vegetated areas, an increase in the mean values and an improved assessment are anticipated.

Figures 5.7-5.9 present the index maps generated for the three examined dates (8 June, 21

June, and 11 July 2022), corresponding to the early to late growth stages.

At this stage, after applying the mask, all the background noise caused by bare soil or non-
vegetated areas was eliminated, as represented in Figure 5.7. The NDVI and SAVI maps now
display no red-toned zones and close to none yellow and orange-toned zones in comparison to

the unmasked analysis, indicating that the mask has effectively enhanced the visualisation of
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vegetation vigour. However, the NDRE map displays several scattered regions of non-toned

areas, as its sensitivity to chlorophyll remains limited during early growth stages.

d) e)

Figure 5.7 — JPEG image and index maps for 8 June from specific area with mask analysis;
a) JPEG image; b) NDVI; ¢) SAVI; d) GNDVI; e) NDRE

During the mid-growth stage, the masking effect becomes more evident, as shown in Figure
5.8. The elimination of zero and negative pixel values emphasises the healthy crop regions,
leading to predominantly green-toned areas across all indices. Compared to the unmasked
analysis, the differences between indices are now more subtle, for example, NDVI and SAVI
maps are nearly indistinguishable. Meanwhile, the NDRE and GNDVI maps display a stronger
correlation with chlorophyll content, thereby confirming that the applied mask enhances the

accuracy of vegetation assessment.

7" A\
Figure 5.8 — JPEG image and index maps for 21 June from specific area with mask
analysis; a) JPEG image; b) NDVI; ¢) SAVI; d) GNDVI; e¢) NDRE
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In the final stage, the NDVI and SAVI maps exhibit a slight decrease in reflectance values,
with the emergence of yellow to orange-toned regions, indicating a decline in vegetation vigour
as the crop approaches its maturity, as displayed in Figure 5.9. At the same time, NDRE
continues to demonstrate high sensitivity to chlorophyll, displaying a greater area of green

Zones.

d) e)

Figure 5.9 — JPEG image and index maps for 11 July from specific area with mask
analysis; a) JPEG image; b) NDVI; ¢) SAVI; d) GNDVI; e) NDRE

Table 5.3 presents the mean values computed by the platform for each VI for the specific

region with mask analysis, along with the qualitative assessment generated based on predefined

thresholds.

Table 5.3 — Specific area with mask analysis results

Date
Indices 08/06/2022 21/06/2022 11/07/2022
Mean 0.2956 0.4717 0.2465
DVI
NDV Analysis Fair Good Fair
SAVI Mean. 0.1134 0.1776 0.0949
Analysis Poor Poor Very Poor
Mean 0.1318 0.2429 0.1994
GNDVI Analysis Moderate Moderate Moderate
NDRE Mean. 0.0577 0.1040 0.1051
Analysis Very Low Low Low

Analysing the table indicates that the application of a mask to eliminate reflectance values

associated with non-vegetated areas resulted in higher mean index values across all dates and
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indices in comparison to previous analyses, thereby enhancing assessment outcomes. Both
NDVI and SAVI exhibit increased mean values, reaching a maximum of 0.4717 and 0.1776,
respectively, on 21 June, corresponding to “Good” and “Poor” classifications by the platform.
By the final date, both indices demonstrate a decrease in their mean values and classifications
(reverting to “Fair” and “Very Poor”), which is expected as the crops reach maturity. GNDVI
and NDRE also show an increase from 8 to 21 June, reflecting an increase in chlorophyll
content during the growth stages. Similar to NDVI and SAVI, GNDVI decreases by the final
date. In contrast, NDRE exhibits a slight increase, maintaining its “Low” classification, thereby

evidencing its sensitivity and reliability in monitoring crop health during later growth phases.

5.2 Comparative Discussion

Figures 5.4-5.7 present a comparative visualisation of the mean vegetation index values
obtained from the three analysis approaches (whole image, specific area, and specific area with
masking) across all acquisition dates. These figures highlight the temporal evolution of each
index and enable a direct comparison of the impact of spatial filtering on vegetation assessment

results.

NDVI
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e Specific Area with Mask

Figure 5.10 — Temporal evolution of mean NDVI values for the whole image, specific area, and specific area with masking
across the three acquisition dates
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Figure 5.11 — Temporal evolution of mean SAVI values for the whole image, specific area, and specific area with masking
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Figure 5.12 — Temporal evolution of mean GNDVI values for the whole image, specific area, and specific area with masking

across the three acquisition dates
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Figure 5.13 — Temporal evolution of mean NDRE values for the whole image, specific area, and specific area with masking
across the three acquisition dates

Comparing the results obtained from the three analyses, it is possible to observe a clear
improvement in the mean index values and their associated classifications. Going from the
whole image to the masked analysis demonstrates how excluding non-vegetated zones
significantly influences the overall outcomes. In the initial analysis, the mean index values
consistently remained low, resulting in classifications such as “Very Poor” or “Non-Vegetated.”
When the analysis was confined to a specific area, a notable increase in the mean index values
was already noticed. Still, it was when the mask was applied that these values reached their
peak. This once again demonstrates the impact of background elements on the results, thereby

contributing to a reduction in assessment accuracy.

Although the values show an improvement over time, they remain within the lower
qualitative classes defined by the adopted classification thresholds across all vegetation indices.
This difference may be attributed to external factors such as image resolution, sensor
calibration, or atmospheric conditions during image acquisition, which can result in decreased
spectral reflectance consistency. Future analyses may be improved by capturing imagery at
lower UAV flight altitudes to enhance image resolution and by implementing additional

atmospheric correction procedures to mitigate these influences even further.

As for the performance of the used indices, NDVI and SAVI displayed similar behaviour,
effectively capturing the overall vigour of the vegetation. Both indices reached their peak during
the mid-growth stage, indicating optimal canopy development. However, SAVI, despite
exhibiting lower values due to soil adjustment, continued to reflect NDVI’s temporal pattern,

thereby enhancing its reliability under conditions of partial vegetation cover. GNDVI, although
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expected to respond more strongly only during the later stages of growth, maintained consistent
performance throughout all stages. On the other hand, NDRE confirmed its superior sensitivity
during the later growth stages, as evidenced by increased mean values when other indices
declined, thanks to its capacity to penetrate more deeply into the vegetation and detect subtle

variations in chlorophyll concentration.

In conclusion, the utilisation of spatial filtering techniques, such as masking, enhances the
precision of vegetation assessments. By excluding the influence of non-vegetated areas, the
analysis more accurately represents actual crop conditions, thereby reducing errors across the

different growth stages.
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CHAPTER 6

Conclusion and Future Work

Agriculture remains one of the most essential sectors for global food production; however, it
faces numerous challenges, including population growth, climate change, and resource scarcity.
These issues have increased environmental variability, reduced water resources, and limited

arable land, thereby affecting agricultural productivity and sustainability.

The emergence of PA provides a practical solution to these challenges by facilitating data-
driven management of crops and resources. In this context, multispectral imaging has
demonstrated considerable viability, supplying both spatial and spectral data that improve the

oversight of crop development and vegetation health.

The main objective of this dissertation was to develop a platform capable of processing and
analysing multispectral imagery, enabling the generation of quantitative assessments of crop

growth and vigour through VlIs.

The following sections summarise the main conclusions obtained throughout the study, its

limitations and potential future work.

6.1 Conclusions

The following conclusions summarise the primary outcomes gained from the implementation
and validation of the developed platform for multispectral image analysis. Additionally, they
seek to address the research questions delineated in Chapter 1, which directed the progression

of this dissertation.

Firstly, the developed research demonstrated that the use of multispectral imaging in
agricultural monitoring enhances accuracy when compared to the traditional, manual methods.
By making use of the spectral bands, it becomes possible to obtain a more detailed assessment
of the crop’s physiological conditions, such as vegetation density and chlorophyll content.
These data allow farmers not only to monitor crop health but also to gain new insights regarding
vegetation development and stress levels, which would be difficult to determine through visual

inspection alone.
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Furthermore, the use of VIs, such as NDVI, SAVI, GNDVI, and NDRE, was determined to
be crucial for assessing crop conditions throughout various growth stages. Each index
demonstrated specific strengths, for instance, NDVI and SAVI exhibited greater consistency
during the early to mid-growth stages. In contrast, GNDVI and NDRE, due to their higher

sensitivity to chlorophyll and canopy structure, were more effective during the later stages.

Continuing, by using spatial filtering and masking techniques, it was possible to
significantly reduce the influence of non-crop elements, thereby producing more precise and
stable vegetation assessments. Consequently, it can be concluded that mean index values
derived from unfiltered imagery may result in misleading evaluations of crop vigour due to the
influence of irrelevant pixels. Additionally, it emphasised the importance of data preprocessing

in order to improve the precision of the results.

Regarding the environmental and economic implications, the platform facilitates a more
efficient and sustainable approach to crop monitoring, being capable of early detection of stress
conditions, nutrient deficiencies, or irregular growth patterns. This results in a reduction of field

interventions, thereby diminishing resource waste and operational costs.

From an operational perspective, the process of importing, organising, and analysing
multispectral images was greatly simplified with the developed platform. By offering a user-
friendly interface and an intuitive workflow, a once complex process has become
straightforward and accessible even to non-expert users. The integration of local storage via an
SQLite database further enhances its usability in agricultural regions with limited internet

acCcCess.

In conclusion, this study verified the effectiveness of a multispectral image analysis
platform designed for precision agriculture and demonstrated how integrating VIs can help
farmers monitor crops more efficiently. This result highlights the potential of multispectral
imaging as a basis for future developments in automated image analysis, real-time field

monitoring, and decision support systems in modern agriculture.

6.2 Limitations
Throughout the development of this dissertation, some limitations were encountered. These

will be addressed in the current section.
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One of the primary issues faced was the lack of available multispectral datasets that
conformed to the platform’s intended applications and technical specifications. Consequently,
it was imperative to utilise a dataset that, while suitable for testing the platform's
functionalities, offered a lower spatial resolution than optimal for comprehensive vegetation

analysis. This limitation may have impacted the precision of the computed Vls.

Another possible limitation could be the influence of atmospheric conditions during image
acquisition. Although the image acquisition of the chosen dataset was performed under similar
atmospheric conditions across all flight sessions, the images did not undergo previous
atmospheric correction procedures; variations in humidity, illumination, and haze may have
caused spectral distortions, which could have affected the consistency of reflectance between

dates, thereby contributing to the relatively low VI values observed in Chapter 5.

6.3 Future Work
To enhance the platform’s functionalities, usability, and analytical capabilities, several potential

future developments and improvements have been identified.

One of these enhancements involves the integration of cloud connectivity into the platform.
By establishing a connection to an online database, the platform would enable users to upload
their multispectral imagery, thereby facilitating access from multiple devices. Furthermore, user
authentication and registration functionalities could also be implemented to ensure secure data

management and personal data access control.

Currently, the platform requires users to download the acquired images from the UAV onto
a computer and subsequently upload them for analysis. By integrating the platform directly into
the UAV, this intermediate step could be eliminated, enabling real-time vegetation assessment
during flight. Such integration would not only improve operational efficiency but also allow for
iterative analysis and on-the-fly adjustment of data acquisition when preliminary results are
deemed insufficient, thereby increasing system autonomy and suitability for large-scale

agricultural operations.

Another interesting improvement would involve the integration of machine learning
algorithms to refine image pre-processing and analysis processes. These algorithms could be
employed to automatically detect and eliminate non-crop regions, thereby further minimising

their influence on VI outcomes. Furthermore, beyond filtering capabilities, machine learning
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algorithms could provide more refined and data-driven evaluations, replacing the platform’s

current mean-value methodology.

Lastly, the platform’s capabilities could be expanded by broadening its support to include
additional image types, such as hyperspectral, thermal, or RGB images. Incorporating these
types would enable the platform to analyse a wider range of agricultural metrics, including
disease detection, thermal stress assessment, and water content analysis. This enhancement
would deepen the system’s analytical capabilities and extend its applicability to various crops

and agricultural environments.
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