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Chapter 1. Introduction 

At present, olive (Olea europaea L.) cultivation occupies an important position 
within the agricultural sector. The popularity of olive-based products has exploded in the 
last few decades, mainly due to their gastronomic qualities, and the well-proven health 
benefits of their consumption. As a result, olive farming has spread all over the world 
beyond the Mediterranean basin [1], where most of the traditional producer countries are 
concentrated, and the production of olive oil and table olives, as well as its related market, 
has grown significantly [2]. Indeed, in accordance with the International Olive Council1 
(IOC), olive oil production has doubled in the last 30 years, and it is estimated to be 
around 3,144,000 tonnes in the 2019/20 campaign [3]; the growth in table olive yields is 
even more significant, having almost tripled over the same period, with an estimated 
world production of 2,925,500 tonnes for the 2019-20 crop year [4]. 

Olive sector must face multiple challenges to deal with the given scenario. In fact, 
the yield increasing of horticultural commodities to satisfy a growing demand, while 
maintaining acceptable production costs and approaching farming activities in an 
environmental sustainable way is a cross-cutting problem in modern agriculture, 
regardless the type of crop [5,6]. Specially since population growth expectations suggest 
that worldwide food demand could be increased by 100% in 2050 [7].   

Technology plays a key role in addressing this situation. In recent decades, the 
modernisation of farming activities has been developed within the paradigm of precision 
agriculture (PA). This discipline promotes the improvement of the overall agricultural 
activities by using objective measures regarding the temporal and spatial variability 
observed in the crops, for optimising the use and management of farming inputs [8]. 
Because of its data-driven nature, this agricultural system has historically benefited from 
Remote Sensing technologies, as well as from the advances that Computer Vision has 
experienced in recent years [9–12].  

Indeed, the use of Computer Vision-based techniques has gained momentum within 
agriculture and the agro-food industry, due to their capacities for automatically extracting 
knowledge from previously captured data, and their subsequently applicability within PA 
environments. Hence, Computer Vision in agriculture has currently drawn the attention 
of research community, and it can be found a vast amount of publications related to the 
study and applicability of this technology, within the field of smart farming and the 
treatment and handling of horticultural products. Issues addressed are very diverse. Early 
yield prediction [13–15], crop mapping [16], quality inspection [17,18] or automated 
grading [19,20] are just some examples of topics undertaken within this subject. Thus, 
results that can be consulted in the literature highlight the possibilities of Computer Vision 
within the agriculture sector, enabling the generation of image analysis-based frameworks 
for enhanced crop phenotyping, or supporting the automation of both farming and post-

 
1 International Olive Council's website: https:/www.internationaloliveoil.org/ 
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harvest tasks, thus providing effective tools with a potential impact in terms of 
productivity and sustainability improvement. 

Given this context, this Thesis, presented as a collection of high-impact published 
articles, comprises a research conducted during the last three years, with the objective of 
assessing the use of these kind of technology within the olive sector. Certainly, over the 
last decades important technological advances have been introduced to improve the olive 
growing activity. However, even today, some of these innovations generate some 
uncertainty in terms of profitability, and they appear insufficient to meet the challenges 
faced by the olive industry. Thus, there is ample room for the improvement of olive sector 
under the scope of precision agriculture and the new data-driven technologies. Hence, in 
this study, different issues related to olive growing were addressed. This, in order to 
devise and develop different image analysis-based methodologies, potentially integrable 
into real Machine Vision systems, aimed at supporting and automating different tasks 
related to the phenotyping of olive cultivars, as well as the postharvest handling of olive 
fruits.  

On the basis of the above-mentioned objective, three different lines of research were 
addressed. Hence, investigation was initially focused on the use of Computer Vision 
techniques to support post-harvest tasks. Automated fruit grading is a fairly important 
research niche in this field [19], and the olive-manufacturing industry could benefit from 
systems that could carry out fruit size-categorisation in an autonomous and non-invasive 
way [21,22]. Therefore, it was proposed the development of methodologies for the 
detection of olive-fruits in digital images taken in laboratory, and the estimation of 
morphological features of each of them, thus enabling the possibility of automating their 
grading and size-based categorization. Thus, after successfully testing the feasibility of 
applying image analysis techniques and linear feature modelling for the purpose of 
detecting and estimating the mass and size of olive fruits, Deep Learning (DP) 
technologies were explored in an attempt to increase the capacities of the developed 
methodology. Indeed, different Convolutional Neural Network (CNN) architectures were 
tried for the purpose of generating image classifiers, capable of categorising each 
individual fruit-pixel region regarding olive variety. As an end result, it was achieved a 
comprehensive framework for accurately detecting and grading olive fruits, and for 
classifying them attending to their variety, with the possibility of being implemented in 
real environments, integrated into the conveyor belts which transport the fruits. 

As a second milestone, research was aimed at developing a methodology for 
detecting fruits on the trees themselves, in images of entire olives directly taken in the 
orchards, as a first step in the development of a solution to automate the in-the-field- yield 
estimation by means of Computer Vision techniques. Indeed, early preharvest yield 
estimation is a valuable measure for farmers [23], but they have traditionally addressed 
such task subjectively, by visually analysing the amount of visible fruit directly in the 
field. That said, the investigation resulted in an Artificial-Vision algorithm able to detect 
visible olives in digital images of olive trees captured directly in the field, at night-time 
with artificial illumination, by applying CNN-based image classifiers. The procedure 
achieved is a promising first step in the prospective development of a comprehensive 
solution for olive-fruit yield estimation, in which image acquisition would be carried out 
by autonomous robotic platforms, currently under investigation.  
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Finally, the last issue addressed in the present dissertation was focused on the use 
of remotely sensed aerial imagery within the olive sector.  Aerial imagery has been 
strongly linked to agriculture since early 1970’s, from when the first modern works 
related to the use of satellite images for land cover classification date [24,25]. 
Notwithstanding, the popularisation of unmanned aerial vehicles (UAV) experienced in 
recent years has boosted the use of remote sensed aerial imagery in agricultural 
applications [26,27]. With the aim of assessing this technology in olive orchards, a set of 
experiments were conducted in an attempt to develop a methodology that would allow 
the identification of olives in aerial images, subsequently enabling the possibility of 
estimating individual tree features. Thus, this third line of investigation concluded with a 
novel methodology for transforming UAV-based multispectral captures into a binary 
representation by means of photogrammetry and morphological image analysis, 
individually segmenting the canopies of each tree appearing in such representations; thus 
enabling the estimation of dendrometric characteristics of each plant regarding its 
individual canopy. 

1.1. Overview of the Thesis structure 

This Thesis is composed of six themed chapters. Thus, the Thesis is properly 
introduced in Chapter 1, stablishing the context in which the related research was carried 
out, as well as the motivations for which it was undertaken. In addition, a list of the main 
scientific contributions derived from this research is proposed, giving a brief review of 
them, and highlighting the major innovations achieved.  

Chapter 2 begins by laying out the objectives to be achieved during investigation, 
identifying the three main focuses of interest related to the olive farming around which 
this Thesis was carried out. Then, Section 2.2 is concerned with the experimental 
approach employed for reaching each of those initial objectives, presenting the different 
frameworks and methodologies adopted for that purpose. 

The third chapter focuses on the materials and methods that were necessary for the 
execution of the conducted experiments. Therefore, in Section 3.1, those cultivation areas 
in which, depending on the nature of the experimentation, either image capture was 
performed, or fruit samples were collected for their later study in laboratory, are 
presented. Section 3.2 contains a brief description of the equipment used for image 
acquisition, while Section 3.3 focuses on the processing and analysis of those images 
acquired, overviewing the main related techniques approached during the research as well 
as the tools exploited for that purpose. 

In Chapter 4 the main scientific works derived from the research are included in 
their entirety, highlighting the five articles published in high-impact journals within the 
fields of engineering and computing, and which support this Thesis.  Additionally, some 
related contributions to national and international congresses are also included. 

Finally, Chapter 5 brings together the principal findings of the conducted 
experiments, summarising and discussing the most significant achievements of this 
Thesis. 
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1.2. Scientific contributions of the Thesis 

This Thesis is presented as a collection of publications. In this vein, six articles 
published in high-impact indexed journals are proposed as the core of the dissertation. 
They are the result of the different milestones reached during the conducted research, in 
accordance with the lines of argument originally raised. These works are listed below, 
providing information regarding their publication, and giving a brief review of them as 
well as their major novel contributions to the state of the art.  

 
 Article 1. Olive-Fruit Mass and Size Estimation Using Image Analysis and 

Feature Modeling. 

Authors: J. M. Ponce, A. Aquino, B. Millan, J. M. Andújar. 
Journal: Sensors (ISSN: 1424-8220). 
Reference: vol. 18, no. 9, p. 2930. 
DOI: https://doi.org/10.3390/s18092930. 
Year: 2018. 
Quality index (Journal Citation Reports®, 2018): 23/84 (Q2) in the 
category “Analytical Chemistry”, 12/26 (Q2) in “Electrochemistry” and 
15/61 (Q1) in “Instruments & Instrumentation”. Impact Factor of 3.031. 

This work comprises the first step in the development of a comprehensive solution 
for the automated individual categorisation of olive fruits once they have been 
collected, with a potential applicability in real scenarios supporting postharvest tasks. 

In this sense, the initial goal was to evaluate the viability of applying image 
analysis techniques and linear feature modelling for the purpose of estimating 
different characteristics of the fruits. Specifically, it was attempted the estimation of 
size and mass of individual fruits. With this aim in mind, it was designed an algorithm 
which, based on the image of a group of olive fruits photographed from above, is 
capable of providing an accurate estimate of the number of them that appear in the 
image, as well as their individual mass and size. 

Unlike what happens with other types of crops, research based on the application 
of image analysis techniques for the characterization of the fruits is quite limited in 
the case of the olive. Indeed, as far as the authors' knowledge goes, no research can 
be found that approached the automation of olive-fruits grading, regarding their mass 
and size, by means of image processing and analysis. This, along with the promising 
results obtained during the development of this study, invited further exploration of 
this line of research.  

 
 Article 2. Automatic Counting and Individual Size and Mass Estimation of live-

Fruits Through Computer Vision Techniques. 

Authors: J. M. Ponce, A. Aquino, B. Millan, J. M. Andújar. 
Journal: IEEE Access (ISSN: 2169-3536). 
Reference: vol. 7, pp. 59451-59465.  
DOI: https://doi.org/10.1109/ACCESS.2019.2915169. 
Year: 2019. 
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Quality index (Journal Citation Reports®, 2019): 26/90 (Q2) in the 
category “Telecommunications”, 35/156 (Q1) in “Computer Science, 
Information Systems” and 61/266 (Q1) in “Engineering, Electrical & 
Electronic”. Impact Factor of 3.745. 

Given the findings derived from the previous study, this second article is based on 
the research conducted for the purpose of improving the framework initially proposed 
for the estimation of morphological features of individual olive fruits.  

Firstly, the number of varieties under study were increased from two to nine, in 
order to strengthen the generality of the proposed solution. In addition, a more realistic 
scenario was faced, aiming at processing images in which the fruits were 
stochastically distributed on the capturing area. 

In order to meet the goal of improving the performance of the methodology 
despite the increased complexity of the images to be processed, an ad-hoc image 
acquisition chamber with a LED-based lighting system was crafted. This device was 
designed to facilitate the capture of images, increasing the contrast between the 
background and the fruits themselves, and thus favouring their subsequent 
segmentation. 

The use of this framework for image capture, a new segmentation algorithm based 
on mathematical morphology, and a novel way of approaching the mass of the fruits 
based on pixel-weighting representation contributed to substantially improve the 
results obtained in the previous work. 

 
 Article 3. Olive-Fruit Variety Classification by Means of Image Processing and 

Convolutional Neural Networks. 

Authors: J. M. Ponce, A. Aquino, J. M. Andújar. 
Journal: IEEE Access (ISSN: 2169-3536). 
Reference: vol. 7, pp. 147629-147641. 
DOI: https://doi.org/10.1109/ACCESS.2019.2947160. 
Year: 2019. 
Quality index (Journal Citation Reports®, 2019): 26/90 (Q2) in the 
category “Telecommunications”, 35/156 (Q1) in “Computer Science, 
Information Systems” and 61/266 (Q1) in “Engineering, Electrical & 
Electronic”.  Impact Factor of 3.745. 

The third work was a new step in the line of research explored in the previous 
studies. In this case, the aim was to increase the capacities of the developed framework 
to be able to estimate not only the weight and size of each fruit photographed, but also 
the variety to which it belongs. To that end, Deep Learning techniques were explored, 
so different Convolutional Neural Network architectures were tried for the purpose of 
generating image classifiers capable of categorising each individual fruit-pixel region 
regarding olive variety. 

The classification models obtained proved to be highly accurate with the seven 
varieties considered in the study. Therefore, its integration with the procedures 
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proposed in the previous works results in a comprehensive framework for the 
automated individual characterization of olive fruits regarding their variety, mass and 
size, thus comprising a Machine Vision solution with potential applicability in the 
olive sector. 

 
 Article 4. Identification of olive fruit, in intensive olive orchards, by means of its 

morphological structure using convolutional neural networks. 

Authors: A. Aquino, J. M. Ponce, J. M. Andújar. 
Journal: Computer and Electronics in Agriculture (ISSN: 0168-1699) 
Reference: vol. 176, p. 105616. 
DOI: https://doi.org/10.1016/j.compag.2020.105616. 
Year: 2020. 
Quality index (Journal Citation Reports®, 2019): 24/109 (Q1) in the 
category “Computer Science, Interdisciplinary Applications”. Impact 
Factor of 3.858. 

In Article 4 Deep Learning-based technology was also exploited, but in this case 
in a very different scope. As set out and discussed in the manuscript, early preharvest 
yield estimation can be a valuable statistic for farmers and producers. Hence, this 
study was focused on the development of a methodology for detecting olive fruits in 
images of the trees directly taken in the orchards, as a first step in the development of 
a solution to automate the in-the-field- yield estimation in olive farming by means of 
Machine Vision techniques. 

To that end, images of olive trees, individually photographed at night-time with 
artificial illumination, are processed on the basis of mathematical morphology for 
reducing the search space, thus generating a set of subimages, each of which is 
potentially representative of a fruit. The detection of this set of candidates is 
performed by exploiting the pattern of light reflection shown by the fruits in the 
images taken. Then, a CNN-based classifier, trained with an ad-hoc compiled dataset 
called OLIVEnet, is used for determining whether each of these subimages/candidates 
contains a fruit or not. The creation and sharing of the OLIVEnet dataset can also be 
considered as a contribution of this Thesis, as it is the first dataset of these 
characteristics put publicly available for the scientific community, which it is 
expected to contribute boosting research in this field. 

After testing the methodology on the basis of some of the most relevant CNN 
architectures at present, high accuracy classification rates were reached, reinforcing 
the viability of this solution as a promising starting point for the implementation of 
an actual framework for the automated early yield prediction in olive orchards. 

 

 Article 5. Automated Identification of Crop Tree Crowns from UAV multispectral 

Imagery by Means of Morphological Image Analysis. 

Authors: R. Sarabia, A. Aquino, J. M. Ponce, G. López, J. M. Andújar. 
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Journal: Remote Sensing (ISSN: 0168-1699). 
Reference: vol. 12, no. 5, p. 748. 
DOI: https://doi.org/10.3390/rs12050748. 
Year: 2020. 
Quality index (Journal Citation Reports®, 2019): 9/30 (Q2) in the 
category “Remote Sensing”. Impact Factor of 4.509. 

Given the importance that aerial imagery has acquired within Precision 
Agriculture in recent years, one of the goals initially established when planning the 
research from which this Thesis is derived, was to assess the applicability of remotely 
sensed aerial imagery in the olive sector. 

Therefore, a set of experiments were conducted in an attempt to develop a 
methodology that would allow the identification of olive trees in aerial images, 
subsequently enabling the possibility of estimating individual tree features. Article 5 
resulted from this investigation, proposing a novel methodology which, starting from 
multispectral aerial captures, uses Structure from Motion (SfM) and other 
photogrammetric techniques to generate three-dimensional representations of the 
olive orchards under study. Then, by exploiting the heigh information contained in 
these representations, it is able to provide accurate segmentations of the canopy 
coverage regarding the ground, and to estimate location points for each plant by 
analysing the morphology of the connected components resulting from such 
segmentations. 

It should be noted that, given the approach followed throughout the 
experimentation, based on exploiting elevation information instead of any colour 
feature or vegetation index to perform the plant projective cover segmentation, this 
methodology was actually conceived to be applicable not only with olive trees, but 
with any kind of crop tree cultivated with a regular planting pattern in intensive 
orchards. 

 

 Article 62. A Methodology for the Automated Delineation of Crop Tree Crowns 

from UAV-based Aerial Imagery by means of Morphological Image Analysis. 

Authors: J. M. Ponce, A. Aquino, D. Tejada, J. M. Andújar. 

This sixth article, yet to be published, rather extends the study carried out in the 
previous work, aiming at developing a mathematical morphology-based procedure for 
individually segmenting the crown projection area of each tree appearing in an aerial 
representation of an orchard, thus enabling the estimation of dendrometric 
characteristics of each plant regarding its individual canopy. 

On the other hand, and as already mentioned, results reported in Article 6 
suggested the potential applicability of the proposed methodology regardless the type 
of tree-crop. In this vein, the new solution here proposed was tested with olive trees, 

 
2 As of October 2020, in peer review process. 
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but also with lemon (Citrus limon L.) and orange trees (Citrus sinesis L.) in two 
different land plots. 

Thus, the methodology achieved a remarkable performance in all case studies 
tested, even in those with a high number of occurrences of severe overlapping 
between the canopies of adjacent trees. Therefore, it comprises a comprehensive 
solution for plant inventorying and individual characterization of tree crops, from 
UAV-based remotely sensed multispectral data. 
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Chapter 2. Objectives and Methodology 

2.1. Objectives 

This Thesis addresses the capabilities of Computer Vision-based technologies to 
provide solutions to the olive sector within the scope of Precision Agriculture. In a broad 
context, the ultimate goal behind the conducted research is the achievement of different 
methodologies based on the use of image analysis algorithms, aimed at automating the 
extraction of useful information to help farmers to optimise the management of farming 
inputs, as well as providing agronomists with efficient tools to support them in 
phenotyping tasks. To that end, different issues related to olive cultivation and olive-fruit 
postharvest handling were addressed during investigation, ranging from the development 
of solutions for automatically grading the fruits to the use of remotely sensed aerial 
photographs for mapping the orchards and individually characterising the olive trees in 
them. The specific objectives initially established for the development of this Thesis, and 
pursued during the whole investigation, are presented below: 

 Objective I. Development of models for automatically detecting fruits already 

harvested in images taken in laboratory, and for extracting information 

regarding their morphological features. 

Given a set of olive fruits located on a flat and homogeneous surface in terms of 
colour, photographed from above with artificial illumination, it was proposed the 
development of algorithms that, by processing the images obtained, were capable 
of detecting each of the fruits and extracting relevant information regarding the 
mass and size of each of them. Additionally, the aimed methodology was also 
intended to allow the estimation of the variety to which each photographed fruit 
belongs.  

 

 Objective II. Development of a methodology for automatically detecting olive 

fruits in olive-tree images taken in the field. 

In order to achieve a Machine Vision-based solution for early yield estimation 
in olive production, it was sought the development of a methodology, again based 
on image processing and analysis techniques, for the detection of those fruits 
present on olive trees, previously photographed in the field.  

 
 Objective III. Development of a comprehensive solution for the automated 

detection and characterisation of olives trees from aerial imagery. 

The aim was to develop a comprehensive framework for acquiring and 
processing aerial images of olive-growing areas, taken with a UAV, in order to 
identify each of the trees in these images, thus enabling their automatic geolocation, 
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as well as obtaining information related to the morphological characteristics of their 
individual canopy cover. 

2.2. Methodology 

The methodologies approached during the research for the purpose of reaching 
those objectives just presented are overviewed below, briefly describing the specific 
procedures and techniques used throughout the experimentation. Reader is encouraged to 
consult the derived published documents, collected in Chapter 4, for a deeper study.
   

 Methodology for Objective I. Development of models for automatically 

detecting fruits already harvested in images taken in laboratory, and for 

extracting information regarding their morphological features. 

In short, the first step undertaken during the investigation was aimed at proving 
the use of image analysis-based techniques as a viable tool for estimating 
morphological features of olive fruits in an automated and non-invasive way. To 
that end, samples of olive fruits belonging to two different varieties were gathered. 
This set of fruits was intended to be representative in terms of variability with 
respect to the size and mass of the fruits.  

Then, the fruits were placed on a white regular surface, preventing them to be in 
touch, and photographed from above in laboratory, with controlled lighting and 
using a mirror-less RGB camera. After that, different approaches were assessed in 
order to achieve a proper segmentation of the fruits from the background in the 
images acquired. In this sense, different mathematical morphology-based artifacts 
and global statistical thresholding approaches were considered. 

Once an effective segmentation algorithm was obtained, representative data of 
the characteristics to be estimated for each fruit were extracted from the resulting 
binary images. Estimation models were subsequently generated by linearly 
correlating these data with objective measures of mass and size of each of the fruits, 
and tested by applying them on an external validation set. 

Attending to the promising results obtained, a second step was taken to improve 
the methodology. Therefore, there were introduced seven new olive-fruit varieties, 
and an ad-hoc image acquisition chamber, equipped with a LED-based lighting 
system, was designed to capture images of new fruit samples. With this new image 
acquisition framework, the quality of the initial captures was enhanced, thus 
enabling to address more complex scenarios, with olive fruits stochastically 
distributed over the capturing area. Meanwhile, the image analysis algorithm aimed 
at segmenting/binarizing initial captures was redesigned to cushion the changes 
made to the methodology. 

Finally, categorisation of the fruits regarding their variety was undertaken. Once 
initial captures were binarized, and all fruits individually segmented, the 
corresponding pixel regions were individually isolated in smaller subimages. This 
set of subimages, each of which contained the connected component corresponding 
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to a single fruit, was used to train different implementations of CNNs. In this sense, 
it should be noted that a rotation-based data augmentation was performed in order 
to increase this training dataset. The resulting image classifiers were tested, using 
an external validation set, yielding high rates of accuracy. 

 

 Methodology for Objective II. Development of a methodology for 

automatically detecting olive fruits in olive-tree images taken in the field. 

In the first instance, a framework for image acquisition was defined. With the 
aim of being able to control the illumination of the scene to be photographed, as 
well as to satisfy the operational requirements of a potential autonomous device that 
could in the future carry out the acquisition of images autonomously, the 
photographs were taken at night-time. The pictures were taken manually, using a 
mirror-less RGB camera and artificial illumination, individually photographing 
each of the olive trees considered in the study. 

This work was approached from the beginning as an image classification 
problem. Therefore, the initial idea was to find a way to discriminate those pixel 
regions that could potentially correspond to fruits, within the olive-tree images. 
From this point onwards, it would be necessary to develop classification models 
that would finally determine which of these candidates really corresponded to olive-
fruits. Thus, with the purpose of limiting the search space by somehow reducing the 
original image to a subset of pixel clusters, which could be approached as 
candidates to represent actual fruits, initial captures were processed by means of 
mathematical morphology, exploiting the pattern of light reflection occurred on the 
fruits’ surface as a differentiating feature of them with respect to the other artefacts 
present in these images. 

Once computed, these candidates were isolated in smaller subimages, and 
manually labelled according to whether they corresponded to an olive fruit or not. 
These labelled subimages were compiled, thus comprising a dataset called 
OLIVEnet, intended to be used for training and validation of CNNs, in order to 
finally obtain the image classifiers. 

Using disjoint subsets of OLIVEnet for training and validation, implementations 
of five different CNN architectures were tested, for the purpose of determining the 
most suitable topology for the problem addressed.  

 
 Methodology for Objective III. Development of a comprehensive solution for 

the automated detection and characterisation of olive trees from aerial 

imagery. 

This line of investigation was aimed at assessing the use of UAV-based aerial 
imagery for mapping olive-tree cultivation areas. In this sense, the first undertaken 
task during investigation was to develop an appropriate framework for image 
acquisition. After considering and testing different alternatives, it was finally 
decided to use a quadcopter equipped with a 5-band multispectral camera, At the 
same time, a well-defined flight configuration was established, aimed at capturing 
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images with forward and lateral overlaps of 85% and 65% respectively, and a GSD 
of 0.05 m/pixel. 

Once this framework was decided, and after image acquisition was performed 
photographing an olive orchard, it was undertaken the design and development of 
an image analysis methodology for transforming multispectral aerial captures into 
a binary aerial representation of this cultivation area, in which olive-tree canopy 
projections would appear segmented from the ground. To that end, during an initial 
stage of preprocessing, the multispectral captures were transformed into a unique 
3D point cloud-based representation of the orchard, by using photogrammetry. 
Then, this data structure was interpolated, yielding a Digital Heigh Model (DHM) 
of the land plot under study. 

Elevation information contained in the DHM, which was approached as a 
greyscale image, was exploited in order to segment those pixel areas belonging to 
tree crown projections from the background. This was accomplished by using 
morphological image analysis and statistical thresholding. Then, individual tree 
location points were subsequently estimated by analysing the morphology of the 
connected components resulting from the segmentation. It was proposed an ad-hoc 
procedure to automatically compute this estimation.  

In a second iteration, two new cultivars were introduced for the purpose of 
assessing the capacities of the achieved methodology for detecting other crop-trees 
beyond olives. Therefore, image acquisition was carried out in two new cultivation 
areas, in which lemon and orange-trees were farmed. The methodology was tested 
considering these two new case studies. 

Additionally, it was attempted the improvement of the segmentation algorithm. 
So, in this final stage, it was designed and implemented a novel procedure, based 
on morphological image analysis techniques, aimed at individually segmenting 
each tree canopy, delineating them even in those cases in which the crowns of 
adjacent trees appear overlapped.
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Chapter 3. Materials 

The case studies considered in the various investigations carried out, as well as the 
equipment used during the execution of the experiments, and the main image analysis 
techniques approached are presented in the following subsections. 

3.1. Case studies 

As stated above, the research from which this Thesis derived addressed three 
different lines of investigation. With regard to the part of such research focused on 
achieving those goals pursued in Objective 1, it is appropriate to specify certain aspects 
and characteristics related to the fruits that were harvested to be photographed in the 
laboratory. In this respect, it should be noted that up to nine varieties were considered 
thorough the experimentation. Originally, only two olive-fruit varieties, Arbequina and 
Picual, were studied. Samples of both varieties were hand-picked in high-density olive 
orchards located in Lagar Oliveira da Serra (Ferreria do Alentejo, Portugal) in the DMS 
coordinates 8°10'28.7"W and 38°05'17.2"N, in January 2018. Once the scope of the 
investigation was extended, new samples were needed. In this second iteration, fruits were 
collected again by hand in orchards located in Gibraleón, province of Huelva (Andalusia, 
Spain), in the DMS coordinates 7°02'26.4"W and 37°20'25.9"N, in October 2018. In this 
case, samples of nine different olive varieties were gathered: Arbequina, Arbosana, 
Picual, Ocal, Changlot Real, Verdial de Huévar, Lechín de Sevilla and two experimental 
ones, respectively named as 967 and 1030.  

Regarding the experiments conducted to achieve potential Machine Vision-based 
solutions for early yield estimation, images of the olive trees were also taken in the latter 
mentioned orchard. In this case, the olive variety under study was Picual, and image 
acquisition was performed in September 2018 (two months prior harvesting). 

Finally, the works related to the use of remotely sensed multispectral imagery for 
individually characterising crop-trees were developed around three different cultivation 
areas. On all of them, intensive row-based planting patterns are applied. The first one was 
located in Gibraleón, province of Huelva (Andalusia, Spain). Specifically, the land plot 
assessed can be found centred in the DMS coordinates 7°02'48.44"W and 37°20'39.80"N, 
and it has an approximate extent of 17.5ha. The second orchard considered, in which 
lemon-trees are farmed, is located nearby village of La Redondela, Isla Cristina, province 
of Huelva (Andalusia, Spain), centred in the coordinates 7°17'06.93"W and 
37°14'07.24"N. In this case, an area of 1.37ha was photographed. In the same locality it 
can be found the last orchard under study: an orange groove centred in the coordinates 
7°18'06.75"W and 37°13'49.55"N. In this case study, a subplot of 1.94ha was considered. 
Fig. 1 shows aerial images of each of these intensive orchards. 
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Figure 1. Aerial images of the case study sites: (a) lemon tree orchard; (b) orange tree orchard; 
(c) olive orchard. Note in each case, enclosed in yellow, the corresponding land plot under study. 

3.2. Image acquisition equipment 

Image acquisition played a key role during investigation. Indeed, given the aimed 
objectives, all of them focused on the development of different Computer Vision-based 
solutions with applicability in the olive sector, the choice of sensors and other related 
equipment, as well as the planning of appropriate frameworks for capturing the images, 
were critical issues when addressing the experimental design. Therefore, the main devices 
and systems used for this purpose are presented hereafter. 

For photographing fruits under laboratory conditions, during the experiments 
carried out to develop algorithms for estimating their morphological characteristics by 
means of image analysis, a NMOS sensor camera was initially used; specifically, a 
LUMIX DMC-GH4 digital single-lens mirrorless camera (Panasonic, Kadoma, Osaka, 
Japan). As the research progressed, this capturing device was replaced by a Sony α7-II 
digital mirrorless camera (Sony Corp., Tokyo, Japan), for a second phase of data 
collection. It has 24 Mpx CCD stabilized sensor, and it was equipped with a Zeiss 
24/70mm lens (Carl Zeiss AG, Oberkochen, Germany) with optical stabilization. In this 
case, this camera was installed at the top of an ad-hoc imaging chamber designed and 
crafted for isolating the capturing area from any external light source, and which included 
its own LED-based illumination system. In Fig. 2 is illustrated this image acquisition 
setup.  
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Figure 2. Image acquisition system for capturing images of olive fruits in laboratory. 

The above-mentioned Sony α7-II camera was also used when photographing olive 
trees during execution of the research aimed at developing algorithms for detecting fruits 
directly in digital images of the trees.  

Regarding the third line of investigation, carried out around remotely sensed aerial 
imagery, the aerial captures of the cultivation areas considered in the study were collected 
with a MicaSense RedEdge-M (MicaSense, Inc., Seattle, WA, USA) 5-band multispectral 
camera. This multispectral device can capture information in five different discrete 
spectral bands within the visible and the infrared spectrum. Its spectral sensitivity is 
illustrated in Fig. 3. In all cases, this camera was equipped with a dedicated GPS module, 
enabling georeferencing of the captured images, and a 5-band downwelling light sensor 
(DLS), for image correction in the event of changing light conditions. In addition, a 
MicaSense reflectance panel was used for determining the solar irradiance on the ground. 

 

* Picture taken from MicaSense RedEdge-MTM Multispectral Camera User Manual, Rev 01 – 

November 2017, © 2017 MicaSense, Inc. 

Figure 3. MicaSense RedEdge-M spectral response. 

This multispectral camera was mounted on two different UAVs, depending on the 
case study. It should be remembered that the research carried out to develop image 
analysis procedures for the detection and characterisation of trees from aerial imagery 
was tested in three different orchards, in each of which is farmed a different type of crop. 
Thus, a DJI Matrice 100 (SZ DJI Technology Co., Ltd., Shenzhen, Guangdong, China) 
quadcopter was used for photographing the olive orchard. In the two remaining cases, due 
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to the significantly smaller extent of the plots to be studied, it could be used a UAV with 
lower operational range. Therefore, a DJI Phantom 3 Advance (SZ DJI Technology Co., 
Ltd., Shenzhen, Guangdong, China) was used for data collection. Fig. 4 shows both 
vehicles, together with the rest of the equipment necessary to carry out the image capture. 

 

Figure 4. Aerial image acquisition equipment: (a) DJI Matrice 100-based configuration; (b) DJI 
Phantom 3 Advance-based configuration. 

3.3. Image processing and analysis 

Being image acquisition a fundamental part in all the studies included in this Thesis, 
the real core of the investigation was the development of different algorithms for 
automatically processing the captured images, and for subsequently generating analytical 
models aimed at extracting meaningful information from them. The following 
subsections present the main techniques related to digital image analysis that were 
approached to devise these algorithms, as well as the necessary equipment for their 
implementation. 

3.3.1. Image analysis techniques 

3.3.1.1. Mathematical Morphology 

In short, Mathematical Morphology is a theory for the processing and analysis of 
spatial structures, that dates back to the late sixties [28], with great applicability in digital 
image processing. Indeed, this theory, which is in turn based on set theory, lattice algebra 
and topology among others, actually comprises a set techniques that has been proven to 
be extremely useful when solving a huge range of image analysis-related problems [29], 
such as segmentation, granulometries, feature extraction, image enhancement or object 
recognition. Hence, morphological image analysis has been applied in countless fields, 
including medical imaging [30,31], materials science [32,33], industrial inspection [34], 
precision agriculture [15,35], geoscience [36], etc. 

Mathematical Morphology-based digital image processing was originally aimed at 
treating binary images, approaching them as sets. But later, it was also developed for 
processing greyscale images, considering them as proper functions mapping a Euclidean 
space. In any case, the basic idea behind this technique is always the same, regardless of 
the type of image to be treated. Thus, morphological image analysis is rather built on the 
basis of transforming the image to process by probing it with a simpler structure, called 
structuring element (also known structuring function in greyscale morphology). This 
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structuring element, with a shape and size a-priori known, is transferred to the image to 
process, and it is applied in a similar way as convolution kernels are used in linear image 
filtering. So, after positioning the structuring element at all possible locations, and 
executing some pre-defined operation at each step, initial image is transformed. Those 
parts of the image that share well-defined morphological characteristics will be more or 
less affected depending on their affinity with the structuring element used. The way these 
structuring elements are applied defines a series of basic operators, from which most 
morphological image analysis procedures are developed. These operators are Erosion, 
Dilation, Opening ang Closing. Reader is encouraged to consult related literature for 
deeper study [29,37]. 

As already mentioned, Morphological Image Analysis has played a key role in the 
development of the works presented here. Indeed, all algorithms proposed for image 
processing and analysis use operators and transformations based on Mathematical 
Morphology; from simple morphological openings for noise filtering at postprocessing, 
to complex procedures based on the Watershed transform, for the segmentation of 
different artefacts. All of them can be consulted in detail in the works compiled in Chapter 
4. 

3.3.1.2. Convolutional neural networks 

Convolutional Neural Networks are a form of Deep Learning widely used in digital 
image processing. Indeed, because of its well-proven capabilities when performing image 
classification and pattern recognition, it has rather become the state of the art in Computer 
Vision applications, being explored in many different fields, as robotics [38], medical 
imagery [39,40] or smart farming [11,41] among others. 

CNNs were initially conceptualized in the eighties [42], when Kunihiko Fukushima 
introduced the concept of Neocognitron inspired by previous neuroscience studies 
conducted by David H. Hubel and Torsten N. Wiesel [43]. Then, this technology was 
actually formalised in early nineties, when the first modern work related to CNNs was 
published [44]. Notwithstanding, it has been in the last decade when CNNs have exploded 
as trendy image analysis framework, mostly due to the increase of computational 
capabilities offered by modern graphics processing units (GPU) [45], and the 
popularisation of large-scale public datasets as ImageNet [46], making available a vast 
amount of labelled images, thus facilitating research activity in this field. 

Unlike what happens with classical neural networks, CNNs can be directly fed with 
raw images. Therefore, instead of preprocessing entry data by means of feature 
engineering for obtaining a set of descriptors with which to perform the learning process, 
CNN directly operates on the proper images, which is a major improvement over more 
classical approaches.  

As a rule, a CNN architecture usually consists of two parts. The first one 
corresponds to a convolutional structure, aimed at extracting a set of high-level features 
from the entry image. This convolutional structure usually comprises sets of kernels 
(convolutional layers) which are convolved over the layer entry looking for characteristic 
patterns. In general, these convolutional layers are alternated with pooling layers for 
reducing the spatial dimensionality and subsequently streamlining training process, and 
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activation layers, usually based on rectifier linear activation functions. There is a second 
main structure typically implemented as a fully connected multilayer perceptron which, 
after conveniently trained, is the responsible for carrying out the eventual image 
classification. Fig. 5 proposes a schematic representation of the architecture of a generic 
CNN. 

 

Figure 5. CNN generic architecture composed of a convolutional structure and a fully connected 
multilayer perceptron. 

In this Thesis, CNNs have been used when addressing two of the main topics 
considered during the investigation conducted: the automated classification of olive-fruits 
regarding their variety, and the detection of them directly in images of olive-trees. In both 
cases, implementations of different CNN architectures were tried, in an attempt to 
determine the most suitable configuration for each case study. The CNN architectures 
approached during investigation are AlexNet [47], Inception V1 [48], Inception V3 [49], 
Resnet [50], Inception-ResNetV2 [51] and VGGNet [52]. Further detail is given in 
Chapter 4, specifically in Article 3 and Article 4. 

3.3.2. Equipment for image processing and analysis 

In order to implement the different image analysis algorithms and methodologies 
devised in the Thesis, some different software and development environments were 
needed. The most relevant are listed herebelow, according to the topic addressed when 
used:  

 Codding/Implementation of image analysis algorithms, and automated 
procedures for testing and validation: 

- MATLAB (The Math-Works Inc., Natick, Massachusetts, USA), releases 
2016 a, 2018a and 2018b. 

- MATLAB Image Processing Toolbox. 

- MATLAB Deep Learning Toolbox. 

 UAV flight planning and execution: 

- DJI Flight Planner (SZ DJITM Technology Co., Ltd., Shenzhen, 
Guangdong, China). 
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- Litchi (VC Technology, Ltd., London, UK). 

 Photogrammetry: 

- Pix4Dmapper (Pix4D S.A., Prilly, Switzerland). 

With regard to the hardware, it should be noted that most of the developments did 
not require any special equipment. However, some tasks with greater computational 
demand, such as the training of CNNs, did require the use of a high-performance 
workstation. The main characteristics of this computer are presented below: 

 CPU: Intel I9 7900x (Intel Corporation, Santa Clara, CA, USA). 

 GPU: Nvidia GeForce GTX 1080 (Nvidia Corporation, Santa Clara, CA, USA). 

 Memory: 64GB DDR4 3300Mhz. 
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CHAPTER 4: Results 

 

Los trabajos científicos, que forman parte del apartado Chapter 4: Results, han sido 
retirados de la tesis debido a restricciones relativas a derechos de autor. En sustitución 
de los artículos y ponencia a congreso ofrecemos la siguiente información: referencia 
bibliográfica, enlace al documento y resumen. 
 
- Aquino Martín, A., Ponce Real, J.M., Millán Prior, B., Andújar Márquez, J.M.: “Post-
Harvest Olive-Table Characterisation by Means of Image Analysis”. En: 10th EUROSIM 
Congress on Modelling and Simulation. Logrono, La Rioja, Spain, July 1-5, 2019. 
PROCEEDINGS. (ISBN: 978-3-901608-92-6). 
 
Enlace al texto complete del congreso: 
https://www.eurosim.info/fileadmin/user_upload_argesim/ARGESIM_Publications_O
A/Reports/arep.58.pdf 

 
RESUMEN: 
Post-harvest table-olive classification according to size and mass is especially important 
when pursuing high-quality outcomes. This paper presents a new methodology aimed 
at supporting accurate automatic olive-fruit grading by using artificial vision. To this end, 
3,600 olive-fruit samples from nine varieties were imaged using an ad-hoc designed 
capturing chamber; the individuals were randomly distributed on scene. Then, an image 
analysis algorithm, based on mathematical morphology, was designed to individually 
segment olives and extract descriptive features to estimate their major and minor axes, 
and their mass. Next, by linearly correlating the data obtained by image analysis and the 
corresponding reference measurements, models for estimating the three features were 
computed. Then, the models were tested on 2,700 external validation samples, giving 
relative errors below 0.80% and 1.05% for the estimation of the major and minor axis 
length for all varieties, respectively. In the case of estimating olive-fruit mass, the models 
provided relative errors never exceeding 1.01%. The ability of the developed algorithm 
to individually segment olives stochastically positioned, along with the low error rates 
of around 1% reported by the estimation models for the three features, makes the 
methodology a promising alternative to be integrated in a new generation of improved 
and noninvasive olive classification machines. 
 
 
 
- Aquino Martín, A., Ponce Real, J.M., Andújar Márquez, J.M.: “Identification of olive 
fruit, in intensive olive orchards, by means of its morphological structure using 
convolutional neural networks”. Computers and Electronics in Agriculture. Volume 
176, September 2020, 105616. https://doi.org/10.1016/j.compag.2020.105616 
 
Enlace al texto complete del artículo: https://doi.org/10.1016/j.compag.2020.105616  
 
 

https://www.eurosim.info/fileadmin/user_upload_argesim/ARGESIM_Publications_OA/Reports/arep.58.pdf
https://www.eurosim.info/fileadmin/user_upload_argesim/ARGESIM_Publications_OA/Reports/arep.58.pdf
https://www.sciencedirect.com/science/journal/01681699
https://www.sciencedirect.com/science/journal/01681699/176/supp/C
https://www.sciencedirect.com/science/journal/01681699/176/supp/C
https://doi.org/10.1016/j.compag.2020.105616
https://doi.org/10.1016/j.compag.2020.105616


RESUMEN: 
Accurate yield estimation is a greatly desired objective in oliviculture due to the high 
economic value of its production. This paper presents a methodology aimed at achieving 
that end. It comprises an artificial-vision algorithm able to detect visible olives in digital 
images of olive trees captured directly in the field, at night-time and with artificial 
illumination. These images were taken in an intensive olive orchard of the Picual Olea 
europaea L. variety in September 2018 (two months prior to harvesting). Regarding the 
methodology, first, the images are pre-processed to generate a set of sub-images with 
high probability of containing an olive, thus reducing the search space by a magnitude 
of 103. Next, these sub-images are classified by a convolutional neural network (CNN) 
as olive, if they are centred in an olive fruit, or as other in any other case (even if they 
contain peripheral fruits). To train and validate the CNN, a special database called 
OLIVEnet was compiled with two disjoint sets integrating these sub-images. A training 
and a validation set was built with 234,168 and 299,946 olive and other sub-images, 
respectively. Five different CNN topologies were tested, correctly classifying the best 
performing one in 83.13% of olive instances, with a precision of 84.80%, and 99.12% of 
other instances; measured accuracy and F1 Score were 0.9822 and 0.8396, respectively. 
As far as the authors' knowledge goes, this article presents the first image analysis 
approach to automatically identify olive fruits in an image of the entire tree directly 
taken in the field. The obtained results constitute a first and solid step towards the 
implementation of an automatic system for yield estimation of olive orchards. 
 
 
 
- Ponce Real, J.M., Aquino Martín, A., Tejada Guzmán, D.: “A Methodology for the 
Automated Delineation of Crop Tree Crowns from UAV-based Aerial Imagery by means 
of Morphological Image Analysis”. (As of October 2020, in peer review process). 
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Chapter 4. Results 

In the following section, the five articles published in high-impact journals that 
comprise this Thesis are compiled, organised according to the topic addressed. It is also 
included a final work yet to be published, as well as some related studies which have been 
presented in different congresses and symposia. 

4.1. Postharvest individual fruit characterisation 

4.1.1. Article 1 

 

 

 

Olive-Fruit Mass and Size Estimation Using Image Analysis and Feature Modeling 

J. M. Ponce, A. Aquino, B. Millan, J. M. Andújar 

 

 

 

Published in: 

Journal: Sensors (ISSN: 1424-8220) 

Editorial: MDPI 

Reference: vol. 18, no. 9, p. 2930 

Year: 2018 

DOI: 10.3390/s18092930 

Quality index (Journal Citation Reports®, 2018): 23/84 (Q2) in the category 
“Analytical Chemistry”, 12/26 (Q2) in “Electrochemistry” and 15/61 (Q1) in 
“Instruments & Instrumentation”. Impact Factor of 3.031. 
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4.1.2. Article 2 

 

 

 

 

 

 

 

Automatic Counting and Individual Size and Mass Estimation of live-Fruits Through 
Computer Vision Techniques  

J. M. Ponce, A. Aquino, B. Millan, J. M. Andújar 

 

 

 

 

 

Published in: 

Journal: IEEE Access (ISSN: 2169-3536) 

Editorial: Institute of Electrical and Electronics Engineers (IEEE) 

Reference: vol. 7, pp. 59451-59465 

Year: 2019 

DOI: 10.1109/ACCESS.2019.2915169 

Quality index (Journal Citation Reports®, 2019): 26/90 (Q2) in the category 
“Telecommunications”, 35/156 (Q1) in “Computer Science, Information 
Systems” and 61/266 (Q1) in “Engineering, Electrical & Electronic”.  Impact 
Factor of 3.745. 
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Chapter 5. Conclusions 

The most relevant findings and conclusions that can be drawn from the 
investigation conducted around the different topics addressed in this Thesis are 
summarised herebelow. 

Thus, research conducted for characterisation of individual olive fruits, aimed at 
developing Machine Vision systems for automated grading, resulted highly productive. 
Regarding the image acquisition framework proposed, it should be remarked that the ad-
hoc imaging chamber resulted very effective for the purpose of capturing high contrast 
images in terms of luminosity between the fruits and the background. In addition, the 
LED-based illumination system made it possible to avoid the appearance of any potential 
shadow cast by the fruits when photographed. This facilitated the initial background-
foreground segmentation of the captures and significantly contributed to streamlining 
their processing, thus reducing the overall computational cost. Given that the proposed 
methodology was developed with the ultimate aim of being integrable into actual systems 
for automated fruit-grading, which should operate in real time, computational complexity 
was a critical issue to bear in mind. 

Regarding feature estimation models, initial assumption of characterising the size 
of each fruit from the pixel-dimensions of the ellipse with the same normalized second 
central moment than the corresponding connected component resulted a smart approach, 
attending to external validation results. Indeed, variety-dependent models never exceeded 
relative errors of 0.80% and 1.05% when respectively estimating the major and the minor 
diameters of the fruits. The same conclusion can be drawn for mass estimation models, 
especially after introducing a pixel-weighing approach for mimicking the sphericity of 
the fruits from their plain binary representations, thus enhancing individual mass 
characterisation and consequently providing accurate estimates, with relative errors 
always below 1.16%. Nevertheless, with regard to these latter estimators, the better 
performance of variety-dependent models versus independent ones should be highlighted. 
In this sense, the higher error obtained after testing the variety-independent models can 
be explained by differences in physical characteristics related to the mass the fruits, as 
fruit density, stone-fresh ratio, or fat content, each of which may differ from one variety 
to another. In short, external validation results suggest that mass-size relationship may 
vary among olive varieties. This could enable a new line of investigation, so further 
research may explore non-linear modelling approaches in order to express this 
dependency when developing variety-independent mass estimation models. 

Automated categorisation of olive-fruits according to variety was another challenge 
faced at this stage of research. In this vein, this issue was approached as an image 
classification problem, proposing a methodology based on the training of six different 
CNN implementations, and aimed at discriminating between seven varieties of olive-fruit. 
Image classifiers obtained reached remarkable results, hitting an overall top accuracy of 
95.91% in the case of the Inception-Resnet V2 CNN implementation. In addition, this 
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developed technology is fully compatible with those mass-and-size predictive models 
above-mentioned. Hence, the integration of both methodologies into a single system 
opens up the possibility of developing a Machine Vision-device that could be installed 
into the conveyor belts where olive fruits are transported, with the capacity of carrying 
out the counting, and the categorisation of each of them according to its mass, size and 
variety. 

Another topic of interest addressed in the Thesis has been the assessment of 
potential solutions, based on Computer Vision techniques, that would allow early yield 
estimation in an automatic and non-invasive way. To that end, the development of a 
procedure for detecting visible olive fruits in digital images covering entire olive-trees, 
directly taken in the field at night-time, and with artificial illumination, was undertaken. 
This issue was again approached as an image classification problem; in this case, by 
categorising a set of sub-images obtained during preprocessing according to whether they 
contain a fruit or not. 

Different CNN architectures were considered and tested for that purpose. In this 
case, Inception-ResNetV2 outperformed other alternatives and resulted the most balanced 
topology, correctly classifying during external validation the 83.13% (sensitivity, SE) of 
those subimages/candidates which actually contained an olive-fruit; with a precision (PR) 
of 84.80%, and yielding a measured accuracy and F1score of 0.9822 and 0.8396, 
respectively. In any case, results reported support the validity of this approach as the core 
from which to developed a comprehensive system for image analysis-based early yield 
estimation, consisting of an autonomous vehicle that would automatically perform data 
acquisition, photographing olives from a lateral view, thus providing those images in 
which would be carried out automated fruit detection. In order to accomplish this 
objective in further research, some issues may be addressed. In this sense, and for the 
purpose of improving the overall performance of the algorithm proposed, it should be 
increased the size of the training set, with the inclusion of new samples rather than by 
using data augmentation techniques. On the other hand, the methodology could benefit 
from a new lighting system for image acquisition, which could provide a more 
homogeneous canopy illumination, facilitating the detection of fruits located in the 
peripheral zones of the trees. 

In addition, the development of the OLIVEnet dataset, publicly available to the 
scientific community for supporting further research in this subject, should be highlighted 
as an important contribution of this work. 

On the other hand, the last line of argument considered in the Thesis is the one 
related to the use of UAV-based aerial imagery in conjunction to image analysis 
techniques for developing mapping solutions for monitoring, inventorying and 
phenotyping crop-trees. The corresponding research carried out resulted in a 
comprehensive framework for the automated detection and geolocation of crop-trees, 
from the processing of multispectral images remotely sensed by using a UAV. 
Additionally, individual segmentation of each tree-crown present in the aerial 
representations was achieved, thus providing information about individual canopies, and 
enabling the possibility of estimating morphological characteristics of them.  
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It should be noted that the initial idea was to develop this technology to be 
applicable in olive orchards, but potentially extensible to other tree-based cultivars too. 
Because of that, it was intended tree identification by exploiting elevation information 
from 3D-based representations of the orchards, instead of using vegetation indices or any 
type of Deep Learning approach that could strengthen the dependence between the 
models achieved and the case studies from which they were developed. 

Results obtained after testing the methodology in different cultivars reinforce the 
validity of the above-mentioned initial assumption. Indeed, the methodology performance 
was assessed in three different orchards, in each of which is farmed a different type of 
crop. In all case studies, detection rates resulted highly positives, and individual tree-
canopies segmentation very accurate. Even in the orange grove case, in which it could be 
found numerous occurrences of overlapping between the canopies of adjacent trees, 
performance was rather remarkable, achieving a precision of 99.87%, and a recall of 
97.82% when individually identifying the trees in the land plot surveyed. Despite these 
promising results, further investigation could address the study of new cultivars, with the 
aim of increasing the confidence in the generality of the solution proposed here. 
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