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Chapter 1. Introduction

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 Council®
(I0C), 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-

! |nternational Olive Council's website: https:/www.internationaloliveoil.org/
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Chapter 1. Introduction

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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Chapter 1. Introduction

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.

o Article 1. Olive-Fruit Mass and Size Estimation Using Image Analysis and
Feature Modeling.

Authors: J. M. Ponce, A. Aquino, B. Millan, J. M. Andjar.

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.

o 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. Andujar.
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.

o Article 3. Olive-Fruit Variety Classification by Means of Image Processing and
Convolutional Neural Networks.

Authors: J. M. Ponce, A. Aquino, J. M. Andgjar.

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.

e 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. Andtjar.

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.

e 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. Lopez, J. M. Anduyjar.
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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.

e Article 6°. 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. Andujar.

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:

e 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.

e 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.

e Objective II1. 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.

e 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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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°1028.7"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 Gibraleon, 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, Lechin de Sevilla and two experimental
ones, respectively named as 967 and /030.

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 Gibraleon, 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.

34



7°17°07"W 7°17°03"W

37°14°05"N 37°14'05"N

1711w

7°17°07"W

(a)

7°03'10"W

37°20'43"N R

37°20°33"N

Chapter 3. Materials

7°18'13"W

7°18'07"W 7°18°01"W

37°13'52"N 37°13'52°N

37°13'48"N 37°13'48"N

7°18'"13"W 7°18'07"W '01"W

(b)

7°02'30"W

37°20'43"N

37°20°33"N

7°03'10"W

7°02'30"W

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 a7-1I
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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semi-translucent
surface

LED lighting system

Figure 2. Image acquisition system for capturing images of olive fruits in laboratory.

The above-mentioned Sony a7-1I 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.
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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

36



Chapter 3. Materials

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.

(a)

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.

n input image /

,’j;}'\ a / .

Convolutional Structure

Fully Connected Multilayer
Perceptron

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:

e 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.

e UAV flight planning and execution:

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

e CPU: Intel 19 7900x (Intel Corporation, Santa Clara, CA, USA).
e GPU: Nvidia GeForce GTX 1080 (Nvidia Corporation, Santa Clara, CA, USA).
e Memory: 64GB DDR4 3300Mhz.
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Los trabajos cientificos, que forman parte del apartado Chapter 4: Results, han sido
retirados de la tesis debido a restricciones relativas a derechos de autor. En sustitucién
de los articulos y ponencia a congreso ofrecemos la siguiente informacidn: referencia
bibliografica, enlace al documento y resumen.

- Aquino Martin, A., Ponce Real, J.M., Millan Prior, B., Andujar Marquez, 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 Martin, A., Ponce Real, J.M., Andujar Marquez, 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 articulo: 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 Martin, A., Tejada Guzman, 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).

Abstract: The ability to estimate different crop field parameters directly from aerial images is
revolutionising modern farming management practises. The popularisation of new forms of aerial
remote sensing, mostly based on unmanned aerial vehicles (UAV), has boosted the capacities of
agronomists and researchers to offer farmers valuable data regarding the status of their crops. In
this paper, a novel methodology is proposed for the automated detection and individual delineation
of tree crowns in aerial representations of crop fields, providing accurate information about plant
population and canopy coverage in intensive-farming orchards with a row-based plant
arrangement. To that end, and after pre-processing initial aerial multispectral captures by means of
photogrammetry and morphological image analysis, a resulting binary representation of the land
plot surveyed, where tree canopy coverage is presumably segmented from the ground, is treated at
connected component-level in order to separate overlapping tree crown projections. An algorithm,
also based in morphological analysis, transforms each of those components in a set of seeds with
which, via Watershed segmentation, tree crowns are finally delineated, establishing the boundaries
between them when they appear overlapped. This solution has been tested in three different
orchards, in each of which is farmed a different type of fruit tree (olives, orange and lemon trees,
respectively), achieving semantic segmentations with Fae values always above 20%, when
analysing the results at pixel level. Regarding individual plant detection, trees were identified with
a precision above 99% in all cases, and Fae values up to 99.79%. Attending to the results achieved,
the developed methodology comprises a promising tool for automating the inventorying of plants
and eslimaling individual tree-canopy coverage in intensive lree-based orchards, regardless of the
crop farmed.
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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. Andujar

Published in: ﬁ Sensors
Journal: Sensors (ISSN: 1424-8220)

Editorial: MDPI

Reference: vol. 18, no. 9, p. 2930
Year: 2018

DOI: 10.3390/518092930

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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Olive-Fruit Mass and Size Estimation Using Image
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Abstract: This paper presents a new methodology for the estimation of olive-fruit mass and
size, characterized by its major and minor axis length, by using image analysis techniques. First,
different sets of olives from the varieties Picual and Arbequina were photographed in the laboratory.
An original algorithm based on mathematical morphology and statistical thresholding was developed
for segmenting the acquired images. The estimation models for the three targeted features,
specifically for each variety, were established by linearly correlating the information extracted from the
segmentations to objective reference measurement. The performance of the models was evaluated on
external validation sets, giving relative errors of 0.86% for the major axis, 0.09% for the minor axis and
0.78% for mass in the case of the Arbequina variety; analogously, relative errors of 0.03%, 0.29% and
2.39% were annotated for Picual. Additionally, global feature estimation models, applicable to both
varieties, were also tried, providing comparable or even better performance than the variety-specific
ones. Attending to the achieved accuracy, it can be concluded that the proposed method represents
a first step in the development of a low-cost, automated and non-invasive system for olive-fruit
characterization in industrial processing chains.

Keywords: olive; food industry; fruit grading; image analysis; segmentation

1. Introduction

Olive growing is a high relevance agricultural activity. With a huge presence in the Mediterranean
Basin, where its importance transcends the farming scope to become an actual symbol of its culture and
tradition, the olive crop has spread all over the world [1,2]. Because of the well-proved health benefits
of olive-derived products, and the excellence of its culinary uses, its consumption has considerably
risen in recent years. According to IOC (International Olive Council) [3], table olives consumption has
been increased by 173% in the twenty-five years between 1990/91 and 2015/16. Moreover, according
to IOC and USDA (United States Department of Agriculture) expectations [3,4], olive oil consumption
will exceed 3,000,000 tons in 2017/18.

To meet such demand, the olive industry must face multiple challenges. Despite the numbers of
its market, olive farming and processing are still mainly performed in a traditional way. Even in Spain,
the world largest producer, olive farming is still strongly linked to traditional production systems and
low-density olive groves [5]. This model represents a problem in terms of productivity and profitability.
In recent years, super-high-density olive groves, along with increased mechanization, have been
introduced as response. Although some indicators suggest that these solutions, based on intensification,
can provide the key for economic survival, accurate knowledge about its impact and viability is still
yet to be obtained [6]. Be that as it may, within this context, the enhancement and modernization of
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the processes, and the introduction of innovative solutions at all levels, are fundamental tasks to be
accomplished by this industry.

Fruit sizing is a high-relevance post-harvest task in the food industry [7]. Sorting fruits
and vegetables according to different attributes such as color, mass, size or shape can all be
determinants in the quality and pricing of the eventual product. In the olive sector, this is especially
relevant [8,9]. For table olives, the uniform size, spotless surface or appropriate coloring are
determining quality-features as perceived by the final consumer. On the other hand, focusing on olive
oil, size and mass of the fruits are used to calculate yield estimations. In any case, the measurement
of these parameters is a necessity. However, measuring the whole harvested batch by hand is not an
option due to the huge workload involved. Thus, the actual processes to extract this information are
based on the study of samples.

In recent years, machine vision techniques have been explored as a valuable tool in food
industry. Within the precision agriculture and the horticultural product manufacturing scopes, there is
considerable literature regarding the use of image analysis to approach different problems, such as
yield estimation, fruit detection, data extraction, sorting and classification or sizing and grading. Thus,
Aquino et al. [10] presented a classification-based algorithm to predict grape yield at early stages
from images taken on-the-go directly in the vineyard. Mery et al. [11] proposed a methodology
for the detection, via image segmentation, of different kinds of food previously photographed.
Cervantes et al. [12] developed a comparative analysis of different methods of feature extraction
and classification of plant leaves using image processing techniques. Zhang et al. [13] developed an
automatic fruit recognition system based on a split-and-merge algorithm and multiclass support vector
machine (SVM). Sa’ad et al. [14] estimated the mass of mangoes from different photographs of the
fruits using thresholding segmentation and provided a classification methodology supported by the
information extracted from the results of this segmentation. In the same vein, Mizushima et al. [15]
proposed a method for sorting and grading apples, based on the Otsu’s method and linear SVM. Omid
et al. [16] performed the estimation of volume and mass of citrus fruits through the segmentation of
images captured in the laboratory.

Regarding the olive sector, literature focused on the application of machine vision for olive
treatment and manufacturing can be consulted. Of special relevance are developments for the
classification of fruits according to different characteristics, such as defects on the surface [17] or
the variety [18,19], and fruit detection for feature estimation [20].

This paper proposes an efficient methodology to estimate the maximum/minimum
(polar/equatorial) diameter length and mass of olive fruits by means of image analysis. To this
end, as a first step, the contrast between the olives and the background is maximized in the images
by employing specialized morphological processing. Then, the olives are segmented by automated
thresholding based on statistical bimodal analysis. Finally, estimation models for the targeted features
are obtained by correlating measurements taken from the segmentations to actual values measured in
the laboratory.

The manuscript is structured as follows: Throughout three subsections, Section 2 describes the
experimental design and the data acquisition process, the developed image analysis algorithm and
model training for olive characterization. The next section presents the methodology proposed for
result evaluation and discusses the achieved results; they have been placed together in order to provide
the best understanding of the paper’s research. Finally, the manuscript ends with the main conclusions
on the carried-out research.
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2. Materials and Methods

2.1. Reference Data and Image Acquisition

Olive fruits from two different varieties were considered for this study: Arbequina and Picual.
Samples of both varieties were manually collected in January 2018, in high-density olive orchards
located in Lagar Oliveira da Serra (Ferreria do Alentejo, Portugal).

Two populations (one per variety) of 200 olive fruits were selected from the samples previously
acquired. Then, they were separated into different groups. Hence, for the Arbequina variety,
the following sets were established: Al (40 fruits), A2 (40 fruits), A3 (40 fruits), A4 (50 fruits) and A5
(30 fruits). For the Picual variety, four groups of 50 olives each were set up and were named as follows:
P1, P2, P3 and P4.

Every described set was photographed in the laboratory, spatially distributing olives over a white
plastic mat. This durable and deformable material was chosen in an attempt to approximate the type
that would be used in a real conveyor belt. For capturing, the LUMIX DMC-GH4 digital single-lens
mirrorless camera, equipped with a NMOS sensor, was used (Panasonic, Kadoma, Osaka, Japan).
It was set up in manual mode, with an aperture of f/8, an exposure time of 1/500 s, an ISO value of
400 and a focal length of 14 mm. To reproduce an environment close to an actual industrial system,
an artificial lightning setup composed of two 500 W halogen floodlights, with a light appearance of
3300 k, was employed for scene illumination. The camera was perpendicularly located above the
scene; the lights were placed at the same plane and oriented to the point the camera was focused on.
Figure 1 shows an example of the captured images, which were acquired and saved in JPG format,
with 4608 x 2592 pixels in resolution, a pixel density of 180 ppi and a color depth of 24 bits.

o
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o o @ o 06 0 ©® & o o

Figure 1. Example of image captured of the A1 set.

To evaluate the error produced by the estimation models, objective measurements of the major and
minor axis length (in millimetres—mm), and mass (in grams—g), were taken for every photographed
olive by using:

e a KERN PCB 3500-2 precision balance (KERN & Sohn GmbH, Balingen, Germany).
e a0.01 mm-resolution 0.02 mm-accuracy Electronic Digital Vernier Caliper.

The values were annotated and associated to the position of the corresponding olive fruit in the
image in which it appeared.

2.2. Image Analysis and Segmentation

The proposed methodology is aimed at automatically extracting from the images features
descriptive of the mass and size of the olive fruits. To accomplish this task, the developed algorithm
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uses techniques based on mathematical morphology and segmentation by clustering-based image
thresholding. This algorithm was implemented using MATLAB and Image Processing Toolbox
Released 2016a (The MathWorks, Inc., Natick, MA, USA).

2.2.1. Preprocessing

Firstly, images are down-scaled to 40% of its original size using bicubic interpolation for the
decreasing of the computational workload. Next, a salt-and-pepper noise reduction is accomplished by
applying a gaussian filter (rotationally symmetric gaussian low-pass filter) with a standard deviation
of 0.8, and a kernel size of 5 x 5.

Secondly, images are transformed from the native RGB color space to HSV [21]. After studying
the characteristics of the images, it was concluded that the RGB space did not offer an optimal data
representation for the purposes of this study. In terms of color, an absence of homogeneity between the
olive fruits was detected (especially for the Arbequina variety), which prevented it from being exploited
as a distinctive feature. Conversely, the difference between the fruits and the white background in
terms of lightness /brightness is remarkable. The level of lightness/darkness of the color of a pixel can
be accessed by transforming its RGB values in accordance with a different representation of this color
model. Notwithstanding this, basing the process exclusively on light intensity could not yield good
segmentation results. Indeed, there were background pixels with lightness values similar to those of
olives due to the shadows cast by these fruits. At this point, it was observed that color saturation also
provided object differentiation while keeping similar values for background pixels, including both the
ones which belonged to a shadow and the ones that did not. Nevertheless, despite this being a partial
solution to the shadow problem, the segmentation based merely on saturation couldn’t yield reliable
results, leading to olive pixels with saturation levels close to the background values which lacked
accuracy. Therefore, neither color saturation nor intensity were found to be fully effective for image
segmentation by themselves; however, an accurate combination and processing of both appeared more
effective. Due to these reasons, HSV color space provided a solution, as it provides the saturation and
value (level of lightness/darkness of the color) information separated into different layers (S and V
channels, respectively). It is important to note that other existing color spaces are potentially valid
according to this scenario, such as HSL [21] or CIELAB [22], among others.

2.2.2. Image Segmentation

Once the image is transformed into the HSV color space, the value and saturation channels are
isolated into different matrices, V and S, respectively. These matrices are transformed and combined
into a unique component that it is treated as a grayscale image, which is the one to be segmented.
According to this, as a first step, the elements of the V component are inverted with regard to the
maximum possible grey-value, i.e., 255 (for 8-bit per channel image quantification). As such, given V is
the image defined in the interval [0, 255], the image Vv is the one resulting from the next operation,
as can be examined in Figure 2a:

ViNy =255 -V 1)

Considering the V channel as a greyscale image, the aim of this transformation is to set the higher
grey values to olive pixels and, consequently, the lower values to the background, which becomes
the darkest part of the image. Then, the saturation layer (Figure 2b) is combined to the outcome of
this transformation, as is shown in Figure 2c, looking forward to improving the contrast between the
background and foreground and to complement information from both sources:

Isy = S+ Viny (2

Next, with the purpose of obtaining a background estimation, a morphological opening is
applied to Isy:
Iy = yp(Isv) = 8p(ep(Isv)), 3)
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where § is a 50-pixel-radius disk-shaped structuring element, large enough to contain any olive, and &
and ¢ are the basic morphological operations of dilation and erosion, respectively [23]. The result
of this operation can be checked in Figure 2d. Then, the values of the background estimation are
subtracted from Igy, thus computing a high-contrast image:

Iyc =Isy — I 4)

The outcome of this operation, Ipc, is the grayscale image to be segmented by binarization.
To automatically set an optimum global threshold, the clustering-based method proposed by Otsu [24]
was selected. This method starts from the premise that the image contains two normal-like distributions
of pixels, corresponding to the foreground and the background. Then, the threshold is decided as
that which maximizes the inter-class- or minimizes the intra-class-variance to optimize separation.
This approach explodes the characteristics of image Iy, which is the result of an image processing
aimed at strengthening contrast between the olives and the background, and at homogenizing the
latter to favor binarization using a global threshold. Therefore, by applying the Otsu’s method to Ifc,
the threshold thresh is obtained and applied to undertake its binarization as:

255if Iyc(x,y) > thresh
0 in any other case

Igin(x,y) = { 5)

The result of the described methodology for olive fruit segmentation can be analyzed in
Figures 2 and 3.

Inverted Value Saturation
Channel Channel

(a)

> & (b)
> | <

Segmented Final Postprocessed
Image Segmentation

Combined Channel of
Saturation and Value

(d)

Background High Contrasted
Estimation Image

Figure 2. Step by step illustration of the image analysis algorithm on a sub-image of the study
set: (a) inverted value channel; (b) saturation channel; (¢) combined channel of saturation and
value; (d) background estimation; (e) high contrasted image; (f) segmented image; (g) final
postprocessed segmentation.
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Figure 3. Result of the segmentation of the image of the Al set, originally shown in Figure 1.

2.2.3. Postprocessing

As a last step, some morphological transformations are appealed to improve the final segmentation
result. First, false positives filtering is addressed by eliminating those connected components that are
too abnormally small to be considered as olive fruits. Mathematically:

Iging = vp(IBIN), (6)

where 1 is the morphological opening with a disk-shaped structuring element § with a radius of
3 pixels.

Finally, a flood-fill operation is applied to eliminate false negatives represented by the small holes
which have emerged inside some fruit-corresponding connected components (the holes derive from
points of maximum reflection of light, because of the convex surface of the fruits).

Iper = Ry, (Im), @)

where R is the morphological reconstruction operation, which consists on the iterative erosion (¢) of
the image I, regarding to Igsn», using a unitary structuring element, until idempotence:

R§31N2 (I’") - SIIBINZ (Im)

where

Igina(x,y), if (x,y) lies on the border of Igino
Lu(x,y) = . , and
m(xy) { max(IpiNz), otherwise an ®

. i1
51IB]N2(Im) = 511;1\,2(1}71)/ E}BINZ(I’") = Eﬂzl(lm) V Igin2

The corrective effect of this postprocessing is shown in Figure 2g.

2.3. Estimation Model Training

The goal here is to extract descriptive data from the segmented images to build estimation models
for olive major and minor axis length, and mass. To this end, the binarized images allow us to work
with the connected components representing the different olive fruits. First, to characterize the minor
and major axis of the olives, for every component, the ellipse has the same normalized second central
moments as it is being computed. Using this method, the major and minor olive axis are approximated
to the major and minor axis of this ellipse, respectively, and their length in pixels is used for size
estimation. On the other hand, the area of the segmented connected components, calculated as the
number of constituent pixels (using 8-connectivity), is selected as a feature to estimate olive mass.

Once this information is extracted, for each of the two considered varieties, a population of
50 individuals/olives is selected as the training set; the remaining 150 individuals are kept for
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external validation. These training sets are representative of the variability of the samples regarding
the features under study. Next, the measurements of the major and minor axis length, and mass,
corresponding to these populations and extracted automatically as specified above from the segmented
images, are compared to the objective measurements taken in the laboratory. Thus, via regression
analysis, linear estimation models for the targeted magnitudes and specific to each variety are yielded.
Additionally, variety independent models for the magnitudes are also calculated by joining the two
training sets from the two varieties and applying the same described procedure.

3. Results and Discussion

3.1. Evaluation of the Image Analysis Algorithm

Every segmented image obtained with the proposed methodology is compared to a corresponding
reference image at a pixel level to evaluate its quality. To enable this comparison, a ground-truth image
was generated per each image-set considered in the experiment (A1-A5 and P1-P4) by manually
labeling pixels using a graphic editor (concretely Photoshop CC V 14.0, Adobe Systems Incorporated,
San Jose-California, EEUU); olive and background pixel values were set to 255 and 0, respectively.
Then, results of pixel comparisons are categorized and annotated according to the following definitions
(see Figure 4 to check each case):

e  TP: Those foreground/olive pixels in the segmented image (white pixels) matching with their
analogue ones in the corresponding ground-truth image (they keep being white pixels).

e  FP: Those foreground/olive pixels in the segmented image (white pixels) that were labeled as
background (black pixels) in the corresponding ground-truth image.

e FN: Those background pixels in the segmented image (white pixels) that were labeled as
foreground/olive (white pixels) in the corresponding ground-truth image.

sub-image gold-standard segmentation
segmentation proposed

Figure 4. Examples of the different categories of pixels established to evaluate the segmentation results:
true positives (TP, in blue); false positives (FP, in red); false negatives (EN, in green).

Thereby, segmentation quality can be finally assessed using the widely used Precision (PC) and
Recall (RC) metrics, which are formulated as:

TP

PC= TP+ FP ©)
TP

RC=Tp1 N (10

Thus, PC calculates the rate of correctly-detected olive pixels, and RC gives the rate of the actual
olive. Finally, as a metric combining both PC and RC to provide with an overall accuracy measure of
the segmentation method, F-score was calculated using the next common definition:

_ _PRxRC

~ "PR+RC (1)
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3.2. Results of the Image Analysis Algorithm

As was mentioned previously, the validity of the image-segmentation algorithm has been tested
through ground-truth image comparison. Based on the measures proposed to evaluate the algorithm
performance, the yielded results are shown in Table 1.

Table 1. Performance of the segmentation algorithm calculated by comparison between the binary
images automatically produced and the corresponding ground truths. Results are expressed in terms
of Recall (RC), Precision (PC) and F-score, and detailed per variety, subset, and considering all the
samples as a whole.

Set/Image RC PC F-Score
Arbequina
Al 0.9614 0.9372 0.9491
A2 0.9545 0.9432 0.9488
A3 0.9551 0.9535 0.9543
A4 0.9536 0.9745 0.9639
A5 0.9510 0.9510 0.9510
Overall 0.9551 0.9519 0.9534
Picual

P1 0.9464 0.9810 0.9634
P2 0.9414 0.9922 0.9661
P3 0.9380 0.9869 0.9618
P4 0.9316 0.9967 0.9631
Overall 0.9393 0.9892 0.9636

Arbequina + Picual

Overall 0.9481 0.9685 0.9580

Generally speaking, there are no outstanding differences between the two varieties in terms of
algorithm performance. This fact suggests the method’s viability as a variety-independent method,
and it supports the initial decision of not basing it on color features (due to hue usually being a
differential distinctive feature among varieties).

Interestingly, it is noticeable that high PC values were obtained, despite the lack of uniformity
of the background (due to the folds of the plastic mat, as can be observed in Figure 1). This lack of
uniformity implies more noise, which could provoke the increase of false positive pixels (FP), and,
consequently, the impoverishment of the results in terms of precision. To avoid this phenomenon,
the estimation and subtraction of the background are performed. For the hypothetical implementation
of the presented method in an actual system, other materials could be explored in order to obtain a
more homogeneous background, thus favoring the method’s reliability. Nevertheless, since it can’t be
expected in an ideal scenario, background estimation/subtraction must be considered as a key part of
the method.

On the other hand, it is important to underscore that the number of connected components
isolated by the methodology was exactly matched with the number of olive fruits in all the images.
This result is especially remarkable when considering a future commercial application of the presented
solution for counting olives in a processing chain.

3.3. Evaluation of the Estimation Models

To evaluate the quality of the estimations produced by the different estimation models on the
external valuation sets, the following metrics are proposed:

e  Root-Mean-Square Error:

12)
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e  Relative Root-Mean-Square Error expressed as percentage

RMSE
SE= Yy
n

x 100

e Relative Mean Error expressed as percentage
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(13)

(14)

where, for a feature under study (major axis, minor axis or pixel-area/mass), ; is the predicted
value and y; is the actual value (measured previously in the laboratory), for the i-th olive-fruit

processed; n is the total number of olive fruits considered.

In addition, one-way analysis of variance was addressed on the estimation results of the different
developed models for the two varieties. Mean comparison was attempted, using the Tukey’s test [25]
at p < 0.05, on the population of individual relative errors defined as the ratio between the estimated

and the actual value considered:

where 7J; and y; has the same meaning as defined above.

3.4. Results of the Estimation of Olive Features

(15)

First, the results of the correlation study performed on the training sets to obtain the estimation
models are analyzed here. Separately for the training sets of Arbequina and Picual, the correlations
found between the series of data pairs, ‘magnitude measured in image’ vs. ‘actual magnitude measured
in the laboratory’, for the features under study;, are illustrated in Figures 5 and 6.
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Figure 5. Correlation study performed for the Arbequina variety, considering the three different sizing

features of the fruits the experiment is focused on: The major axis (a), minor axis (b) and mass (c).
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Globally, there was a positive correlation in all cases, which indicated promising estimation
perspectives on the validation sets for all of the features. Nevertheless, there are a few considerations
to highlight. First, despite the similar segmentation quality outcomes (Table 1), the correlation results
were noticeably better for the Picual variety. Regarding mass modeling, this behavior may be explained
by the fact that the method approaches the problem using the projection of the connected components
representing the olives onto a 2D plane. Indeed, in that projection, every pixel has the same contribution
to the mass of the fruit. This lineal approximation, despite being potentially valid attending to the
correlations obtained (to be confirmed later with the validation results), may benefit some varieties
more than others depending on their morphological characteristics. Second, to analyze the training
correlation results corresponding to the diameters of olives, it is important to underscore that some
caution is advised when taking the objective measurements with the digital caliper. Indeed, the lack
of firmness of the fruits inevitably induced certain variability in caliper jaws fitting. Since firmness
is a defining characteristic of olive fruit varieties, the impact of this variability could be different
depending on the kind of fruits under study. This fact has to be considered when assessing the results,
and it could partially explain the best correlation for Picual compared to that for Arbequina in terms
of size features. On the other hand, the visual determination of the minor axis was found to be more
non-specific than for the case of the major axis. Thereby, it also introduced a new variability factor
to consider which may explain, at least partially, the correlation differences between the two axes,
thus not being univocally imputable to the developments presented here.
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Figure 6. Correlation study performed for the Picual variety, considering the three different sizing
features of the fruits the experiment is focused on: The major axis (a), minor axis (b) and mass (c).

The previous approach comprised the development of models specific to each variety. To explore
the idea of variety-independent modeling, the two training sets were configured as a unique population
to be correlated, thus producing functions applicable to estimate the features of both cultivars.
The scatter plots shown in Figure 7 illustrate the training results, which resulted in even higher
correlation values than those obtained in the previous case. This could be explained because of a wider
domain of the values of the targeted features, which could provide a better adjustment.

53



Chapter 4. Results

Sensors 2018, 18, 2930 11 of 14
28 20
» Pz P S
24 00510/8/ 18 °© //O/OU/
088%” °

jor axis (mm)
» 8 B
minor axis (mm)
= >
‘b%
o
o}
+9
o

N =100 0 N=100
o
/O/'D R? = 09782 1 o R?=0.8825
L 4 y = 0,2008x - 13777 o y = 0.2567x + 0.672
8 - 8 4=
30 40 50 60 70 80 °0 100 30 40 50 80 70 80
major axis (number of pixels) minor axis (number of pixels)
(a)
[
Yavd
s
/_/
5 0 7
Z
)

mass (g)

N =100
R*=0.9721
y = 0.0012x - 0.9952

1000 2000 3000 4000 5000 6000

area (number of pixels)
(©)

Figure 7. Correlation study of variety-independent model trained on the instances from both Arbequina
and Picual varieties, considering the three different targeted features: The major axis (a), minor axis (b)
and mass (c).

To evaluate the quality of the different estimation models, the measures proposed before to
quantify the differences between the predicted values and the observed ones, have been calculated
after applying the models on the corresponding external validation sets. The results can be found
below, in Table 2.

Table 2. Estimation results, calculated on the external validation sets, for the three studied features
detailed per variety and modeling approach. Outcomes are expressed in terms of Root-Mean-Square
Error (RMSE; Equation (12)), Relative Root-Mean-Square Error (SE; Equation (13)), and Relative Mean
Error (|E|; Equation (14)).

Arbequina Validation Set (N = 150)

Feature Estimation Model RMSE SE (%) |E| (%)
Major axis Specific 0.4885 (mm) 3.46 0.86
Variety-independent 0.5778 (mm) 4.09 0.14
Minor axis Specific 0.6007 (mm) 4.99 0.09
Variety-independent 0.7811 (mm) 6.49 2.39
Mass Specific 0.1220 (g) 9.62 0.78
Variety-independent 0.1775 (g) 13.99 1.51
Picual Validation Set (N = 150)
Feature Estimation Model RMSE SE (%) |E| (%)
Major axis Specific 0.4163 (mm) 1.98 0.03
Variety-independent 0.4770 (mm) 227 0.60
Minor axis Specific 0.6804 (mm) 4.38 0.29
Variety-independent 0.8036 (mm) 5.17 1.53
Mass Specific 0.250 (g) 7.89 2.39
Variety-independent 0.2439 (g) 7.69 1.65
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As can be analyzed, the results produced by the variety-independent models are comparable
to those given by the functions specifically trained for each cultivar. This indicates that there is no
clear evidence of benefits in the use of specific models to the detriment of the more general solution.
This fact increases the expectations on generality and usability of the proposed method. Moreover,
the numerical results (with relative mean errors (|E|) below 2.5% for all cases; Equation (14)) do not
clearly support the need for exploring non-linear solutions, that are far more complex in order to
handle and be more sensitive to training populations.

With the aim of determining the probability of getting performance quality for each of the diverse
varieties, a one-way analysis of variance was accomplished. To achieve this, the individual relative
errors (Equation (15)) produced by the models, for the three features, on the samples in the external
validation sets of Arbequina and Picual, were calculated. Then, statistical differences between the
populations were studied by mean comparison using the Tukey’s test [25] at p < 0.05. Table 3
shows the results of this analysis for the two modeling approaches and the three features. In the
case of the specific prediction models, no statistical differences were found between Arbequina and
Picual for the estimations of the minor axis. Conversely, significant differences were found for the
estimations of the major axis and mass. On the other hand, the analysis concluded complementary
results for the estimations produced by the variety-independent models. This is, statistically significant
differences were found for the minor axis estimations, whilst the major axis and mass estimations
verified the null hypothesis. These outcomes reinforce the previous discussion about the suitability of
the variety-independent solution.

Table 3. Results of one-way analysis of variance performed on the Arbequina and Picual estimations
produced by the specific and variety-independent models. The analyzed populations are the individual
relative errors (Equation (15)) produced by the different models on the external validation sets of each
variety. The mean (X) and standard deviation (¢) of each population is given. Dissimilar letters indicate
different statistical means according to the analysis of variance using the Tukey’s test [25] at p < 0.05.

Specific Estimation Models (N = 150)

Feature Arbequina (X, o) Picual (X, o)
Major axis (0.9921, 0.0344) (1.0005, 0.0199) ¥
Minor axis (1.0026, 0.0502) b (1.004, 0.043) b
Mass (0.9985, 0.0946) © (1.0275, 0.0741) €
Variety-Independent Estimation Models (N = 150)

Feature Arbequina (X, o) Picual (X, o)
Major axis (1.0011, 0.042) @ (0.9936, 0.0221) @
Minor axis (1.0246, 0.0611) P (0.9847, 0.0486) ¥’
Mass (1.0068, 0.1428) © (0.9851, 0.0731) ©

4. Conclusions

In the present paper, a method based on image analysis techniques has been developed for
estimating the size and mass of olive fruits. The results underscore the robustness and accuracy of the
algorithm this method is based on. Moreover, they support its viability for the development of sorting
and grading systems for the olive industry.

In accordance with the results, the segmentation algorithm showed a noticeably good performance
in the image segmentation binarization task when compared to ground-truth images. Additionally,
it was able to detect the exact number of fruits that appeared in every treated image, thus highlighting
the accuracy of the process. It is also interesting to note the steadiness of the method dealing with
two different olive fruit varieties, as this increases confidence in its applicability to other cultivars.
Nevertheless, future trials will focus on analyzing this aspect of the method to verify this generality.
Also, these trials could explore different lightning systems, such as diffuse illumination, which could
improve the image acquisition task by minimizing the shadows cast by the fruits, thus enabling more
reliable segmentation results.
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Regarding the estimation of the major and minor axis, and mass of olives, accurate results
were measured, which do not indicate the necessity of exploring non-linear modeling to this effect.
Especially remarkable is the analyzed behavior of the variety-independent models, which showed
comparable, or even better, performance than specific models. This outcome supports their use in the
pursuit of applicability and generalization. Notwithstanding this, future investigations will pursue
the verification of this conclusion with studies that include samples from more varieties. Moreover,
further and wider investigations will also be conducted to more confidently quantify the impact of
pixel weighing linearization for mass estimation.

On the other hand, there is a requirement for the proposed methodology to be applied, in terms
of the disposition with the olive fruits that are placed on the images. Thus, it is necessary that a certain
minimum distance be maintained between every pair of fruits. This fact does not imply a problem in a
real scenario, where a non-flat belt conveyor equipped with cleavages can be used, which provides
a way to keep the fruits separated from each other. Nevertheless, further work might explore the
enhancement of the image-binarization method presented, with the purpose of making possible a
reliable segmentation that will correctly work in a scenario in which olives appear to be touching each
other. Notwithstanding, it would probably require a considerable increase in algorithm complexity,
so0 it remains to be determined if it could satisfy the working conditions of a real-time system.

The presented solution comprises a promising starting point to develop sorting and
grading technologies based on image analysis, which would provide high value for the
olive-manufacturing industry.
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ABSTRACT Fruit grading is an essential post-harvest task in the olive industry, where size-and-mass based
fruit classification is especially important when processing high-quality table olives. Within this context, this
research presents a new methodology aimed at supporting accurate automatic olive-fruit grading by using
computer vision techniques and feature modeling. For its development, a total of 3600 olive-fruits from
nine varieties were photographed, stochastically distributing the individuals on the scene, using an ad-hoc
designed an imaging chamber. 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. Regarding its accuracy for the individual segmentation of olive-fruits, the algorithm
was proven through 117 captures containing 11 606 fruits, producing only six fruit-segmentation mistakes.
Furthermore, 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 2700 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 1.16%. 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
into a new generation of improved and non-invasive olive classification machines. The new developed system
has been registered in the Spanish Patent and Trademark Office with the number P201930297.

INDEX TERMS Computer vision, feature modeling, food industry, fruit grading, image analysis, olive.

I. INTRODUCTION

The olive (Olea europaea) is a species belonging to the family
of Oleaceae, which nowadays comprises one of the most
significative horticultural crops worldwide. Mainly due to
the increase of popularity the olive-derived products have
experienced over the last decades, its cultivation, practiced
for centuries in the Mediterranean Basin, has spread all
around the world. Indeed, it can be found with a growing
presence in such disparate countries as China, Australia or
USA [1], [2]. This geographical expansion has obvi-
ously been accompanied by a huge growth in terms of

The associate editor coordinating the review of this manuscript and
approving it for publication was Carmelo Militello.

production, which is directly reflected in the numbers
the olive industry deals with. Thus, according to estima-
tions for the 2018/19 crop year, a table olive production
of 2,750,000 tons [3], and 3,130,000 tons for the case of olive
oil is expected [4].

The increasing demand and consumption of these olive-
based products has led the industry to explore the use of
new technologies aimed at developing a more profitable,
competitive and sustainable market around it. Thus, as in
other mainstream crops, olive sector is currently experiencing
a process of major transformation [5], [6].

When talking about table olives, fruit classification accord-
ing to size is a relevant task undertaken during posthar-
vest manufacturing [7]. Size homogeneity, along with other
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sensory attributes, have a positive impact on the overall con-
sumer opinion about the quality of the product [8]. Further-
more, this is not exclusive of olives, since fruit-size grading
is a global issue within food industry when processing high-
quality horticultural commodities [9]. So much so that its
automation has been historically a challenge to deal with,
since this activity has traditionally been performed by hand,
with all the drawbacks that it brings. First approaches to the
problem have been based on purely mechanical solutions,
as the integration of different size hoppers through which
fruits can slide, according to their dimensions, into the con-
veyor belts used during postharvest treatment. However, they
can potentially damage fruits [10], [11], since it implies a
higher degree of physical manipulation of the commodities.
In addition, they present obvious limitations in terms of the
features the classification can be based on, and the informa-
tion that can be recorded after processing.

Within the described scenario, the classical mechanical
approaches have been reviewed in recent years [12], being
machine vision probably the most investigated technique to
build a new generation of less invasive postharvest horticul-
tural classification machines. Thus, Baigvand et al. [13] pro-
posed a machine-vision-based integral solution for dried figs
sorting. Sad et al. [14] presented a methodology fusing image
processing and supervised machine learning for grading man-
goes according to shape and mass. Focused on the same crop,
Wang et al. [15] suggested the use of RGB-D sensing for in-
field fruit size estimation. In addition, Mizushima and Lu [16]
faced the segmentation of images of apples, in order to enable
their automatic sorting.

Likewise, the use of computer vision techniques
has already been approached within the olive sector.
Gatica et al. [17] proposed RGB-image analysis and the
use of neural networks to recognize the fruits directly in
the trees, thus ideally estimating the best harvest time.
On the other hand, several studies have focused on vari-
etal identification on the basis of image analysis. Thus,
Martinez et al. [18] approached the problem by feature extrac-
tion from images of olive endocarps, and then using partial
least square-discriminant classifiers. Similarly, the proposal
by Beyaz et al. [19] used captures of fruits and endocarps
to identify olive cultivars. Aside from variety classification,
research has also been conducted to deal with defective fruit
discrimination. To this effect, Diaz et al. [20] compared
different algorithms for categorizing olives according to their
surface condition. On the other hand, Puerto et al. [21] pre-
sented a methodology for differentiating olives collected from
the ground from those harvested directly from the trees, as the
former impoverishes quality of the subsequently produced
olive oil.

In a previous research, Ponce et al. [22] successfully found
strong evidences about the viability of the estimation of mass
and size of olives by means of image analysis. In order to
extend the scope approached then, a highly improved new
methodology, based on computer vision and feature mod-
elling, is proposed in the present paper. It undertakes a new
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scenario, closer to match the needs of the olive industry
in terms of automated fruit grading. Thus, an image acqui-
sition chamber, potentially integrable in a conveyor belt,
was designed with the capability of taking photos of olive
batches under controlled conditions. With this device, groups
of olives from nine different varieties were photographed,
stochastically positioning the individuals on the capturing
area to mimic the chaotic distribution they would have on
real a conveyor belt. Then, the images were binarized by
clustering-based image thresholding, and the olives appearing
fused for being in touch were separated employing math-
ematical morphology principles. After isolating the indi-
vidual olives, descriptive data of the features under study
were extracted from the transformed images. Finally, a linear
regression analysis of the correlation between these measure-
ments and their corresponding individual objective obser-
vations, previously taken in laboratory, was performed to
compute the models for estimating size and mass of every
single olive appearing in images.

Unlike other studies in this field, the methodology pre-
sented is novel because, in the first place, it proposes a spe-
cific image acquisition system, designed to favor binarization
of the captures with high precision, at a low computational
cost. It makes possible to face the subsequent individual
segmentation of the fruits within a timeframe potentially
assumable to be applicable in a real time system, with the
implications that this entails in terms of usability for the olive
industry. In addition, the significant volume of samples used
during the development of the study offers guarantees of the
reliability and generality of the results obtained.

Hereafter, the manuscript is divided into three main
parts. First, section II focuses on the experimental design,
presenting different aspects related to the characteris-
tics of those fruit- samples used throughout the research
(section II-A), describing how the image acquisition and
reference data collection (section II-B) was carried out,
and detailing the framework whereby the image analysis
algorithm was developed (section II-C). Section III offers
insights into the developed methodology, laying emphasis on
how this image analysis procedure was designed to binarize
(section III-A), segment at fruit-level (section III-B), and
postprocess the initial captures (section III-C). Next, fea-
ture characterization (section III-D) and modelling (III-E)
are addressed, and methodology’s performance evaluation is
detailed (section III-F). In section IV, the results attained are
presented and discussed. Finally, the last section summarizes
the findings achieved, and formulates the main conclusions
derived from the present study.

Il. MATERIALS AND METHODS

A. SAMPLE COLLECTION

Nine Olea europaea varieties were considered for this study:
Arbequina, Arbosana, Picual, Ocal, Changlot Real, Verdial
de Huévar, Lechin de Sevilla and two experimental ones,
named as 967 and 1030, respectively. Thus, 400 samples
per variety (3,600 in total) were gathered by hand in olive
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FIGURE 1. Image acquisition chamber.

orchards located in Gibraleén (37°2009.2”N 7°02'19.8"W),
province of Huelva (Andalusia, Spain), in October 2018. For
each variety, samples were selected to cover the observed
variability in terms of size.

B. REFERENCE DATA AND IMAGE ACQUISITION

For image capture, an imaging chamber was designed
and crafted with the aim of isolating the scene from any
external light source, thus maximizing illumination control
(see Fig. 1).

The fruits were placed on a semi translucent white plastic
sheet. This sheet, with dimensions of 500 x 500 x 2 mm,
was neatly disposed 65 mm from the bottom of the chamber,
and it was illuminated from below by a set of seven equally
distributed strips composed of 25 LEDs of 5V each. Due to
this lighting system design, it was possible to avoid shadows
cast by the fruits. As capturing device, a Sony «7-1I digital
mirrorless camera (Sony Corp., Tokyo, Japan) was installed
at the top of the chamber, looking perpendicularly at the
imaging area. The camera mounted a 24 Mpx CCD stabilized
sensor, and it was equipped with a Zeiss 24/70mm lens with
optical stabilization. It was set in manual mode, configuring
the aperture in f/7.1, shutter speed in 1/50s, ISO sensitivity
in 250, and focal length in 31mm. The camera was set to
save images in JPEG file format, with a 6000 x 3376-pixel
resolution, a color-depth of 24 bits, and a pixel density
of 350 ppi.

Every variety set of 400 olives was divided into batches
of 50 fruits, which were then photographed separately, thus
obtaining eight images per variety (72 in total). The only
criterion regarding to the way the fruits where disposed to
be imaged, was to force multiple touching occurrences. This
prerequisite was established with the purpose of approaching
a complex and realistic scenario.

Additionally, in order to test the robustness and accuracy of
the developed image analysis algorithm, a set of five stress-
images were acquired per variety (45 in total). The number
of fruits to appear was progressively incremented in each of
these five images. Two examples of the images acquired can
be checked in Figure 2. Furthermore, Table 1 summarizes
how the olive-fruit samples were organized and photographed
for the nine studied varieties.

Once a batch was photographed, measurements of mass
and size were conducted and registered for every individual
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FIGURE 2. Examples of captured images for Picual variety: (a) regular
image; (b) stress image.

TABLE 1. Materials: organization of olive-fruit samples and images for
each of the nine varieties used.

Olive fruits Images acquired
Variety Training E)gterxllal Regular Stress
sample subset validation images images
subset
400 (fruits) 100 (fruits) 300 (fruits) 8 5°

*50 fruits per image.
® Stochastic number of fruits.

fruit. To do so, a KERN PCB 3500-2 precision balance
(KERN & Sohn GmbH, Balingen, Germany) was used to
assess olive mass (in grams - g). To grade the size of each fruit,
its corresponding major and minor axis length were measured
(in millimeters - mm) using a Digital Vernier Caliper, which
provided 0.0lmm of resolution and 0.02mm of accuracy.
It must be pointed out that, for every variety, the major and
minor axes of 100 of the 400 individuals (900 in total), were
independently measured by three different observers, again
manually by using a digital caliper. This, in order to later
perform a study of variability, with the goal of assessing the
degree of uncertainty introduced by measuring the size of the
olives by hand, using the digital caliper.

C. IMAGE ANALYSIS ALGORITHM IMPLEMENTATION

The core of the proposed methodology is an image analysis
algorithm designed in order to, first, transform the olive-
fruit captures into binary-segmented images, and second,
to extract from them data structures with which to perform
fruit counting and characterization of the three different
features to estimate. The latter, for each of the fruits that
appear in the initial captures. Its development was carried
out by mainly using transformations based on mathemati-
cal morphology, and binarization by statistical thresholding
techniques. Regarding its implementation, MATLAB and
the Image Processing Toolbox Release 2018a (The Math-
Works, Inc., Natick, Massachusetts, USA) were used. To note
this technology was chosen only for prototyping purposes,
with the awareness that a real system, based on the pro-
posed methodology, would require an algorithmic implemen-
tation based on a computationally more flexible and efficient
language.

lll. DEVELOPED METHODOLOGY
The diagram shown in Fig. 3 illustrates the methodology
resulting from the conducted research. Essentially, the dataset
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3,600 OLIVE-FRUITS
(400 PER VARIETY)

REFERENCE DATA ACQUISITION

IMAGE ACQUISITION

72 regular images

Training Set External Validation Set

4

18 regularimages 54 regular images
(2 per variety) {6 per variety)

IMAGE PREPROCESSING
- Binarization
- Noise/pedicel removal

s (100

Training Set

Z
8
g

S
8
&

- Marker-controlled Watershed segmentation

INDIVIDUAL OLIVE-FRUIT SEGMENTATION ‘

- Border-components removal

(corresponding binary images, segmented
at olive-fruit level)

IMAGE POST-PROCESSING ‘
(mass/size objective
measurements for each fruit)

FEATURE EXTRACTION
- Fruit counting
- Descriptive mass and size features for each fruit

]

Training Set. Mass/size
descriptive features

External Validation Set. Mass/size
descriptive features

LINEAR REGRESSION ANALYSIS

MASS/SIZE
ESTIMATION MODELS

MASS/SIZE ESTIMATIONS FOR
THE EXTERNAL VALIDATION SET

External Validation Set.
Mass/size estimations.

EXTERNAL VALIDATION

EXTERNAL
VALIDATION RESULTS

FIGURE 3. of the developed methodology for
computing and validating the mass and size olive-fruits estimation
models.

Repr ive di
g

composed of the acquired olive-fruit images and their cor-
responding reference measurements, previously recorded,
is used throughout an image processing and analysis proce-
dure aimed at computing, and ultimately validating, the pur-
sued models for fruit mass and size estimation. This process
of transforming the captures and extracting descriptive fea-
tures of fruits, to feed estimation model training, is described
in detail throughout the subsections below.

A. IMAGE PREPROCESSING

As it has been stated before, the present study is focused
on a scenario in which olives may appear in touch with
other in the images. Within this context, the developed image
analysis algorithm was designed on the basis of the Watershed
transform [23] for individually segmenting olive-fruits. This
section describes a set of image transformations applied to
favor the performance of this subsequent Watershed trans-
form application.
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First, an image binarization consisting in isolating those
pixels corresponding to fruits from the background is carried
out. To that end, images are previously transformed from
RGB to HSV color space [24]. A large body of literature has
investigated the importance of using the right color represen-
tation when developing image analysis procedures, with no
exception when treating captures of horticultural products,
whatever the pursued objectives are [25], [ 26]. In the present
study, the specific illumination conditions enabled the acqui-
sition of images with an important differentiation, in terms
of luminosity or brightness, between the background-pixels
and the fruits. In order to exploit this feature to the purpose
of binarizing the image, HSV comprises a suitable color
representation, since brightness information can be directly
analyzed in the specific channel V (Value). Thus, for its pro-
cessing, this channel is treated as a grayscale image, denoted
as Iy, and its grey-level values are inverted to represent
background pixels with lower values than those of fruits:

Iy =255—1Iy (1)
where 255 is the highest possible grey-level value for images
with 8 bits-per-channel of color depth. Then, Iy is binarized
based on a threshold computed by Otsu’s method [27]. This
global thresholding technique assumes that there are two
classes of pixels in terms of their grey-level values, those
belonging to the foreground and those which correspond
to the background. Thus, the method automatically calculates
the optimum threshold for class separation by maximizing the
inter-class variance or, analogously, by minimizing the intra-
class variance, so the sum of the measured spreads of the
pixel levels of both classes is minimum. Hence, the threshold
Thoysy 1s computed for image Iy, which is then binarized as:
Ionte,yy = 1200 v = Thow )
0 in any other case
Next, a morphological opening is applied to the result-
ing binary image with a double purpose: 1) to eliminate
tiny groups of white pixels which cannot represent olives
because of their anomalous dimensions; 2) to remove the
olive pedicels that might be present in the image. Mathemat-
ically:

3

where y is the morphological opening that uses the
disk-shaped structuring element B of 30 pixels in radio
[23, pp. 106-108]. This process of segmentation and
noise/pedicel removal is illustrated in Fig. 4.

As it can be checked, Ipj;» is an accurate segmenta-
tion of olives from the background. However, olives in
touch appear fused building enlarged connected components
(sets of neighbor pixels). The aim of the procedure described
in section III-B will be to separate olives fused in Iy,
S0 as to every connected component corresponds to a single
olive. With this goal, preprocessing finishes by computing the

Igin2 = vp UBin)
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FIGURE 4. lllustration of the image preprocessing: (a) original sub-image; (b) binary sub-image; (c) binary sub-image after noise and pedicel removal;

(d) distance transform of image (c); (e) complement of the image (d).

distance transform DT on Iy, which calculates, for every
pixel, its Euclidean distance to its nearest background pixel:

Ipr = DT (Igin2) , 4)
where, DT is mathematically formulated as:
(DT gin)1(x, y)

= min { Vo7 40—y e (x7) = 0} )

This information will be key for olive separation in Ipj,2.
Indeed, Ipr is a meaningful and simplified image in which the
mass center of all olives, originally in touch or not, constitute
a regional maximum for being the local farthest point to
the background (see Fig. 4-(d)). Note that a generic regional
maximum M of an image can be defined as a set of neighbor
pixels with a given grey-level value v, such that every pixel in
the neighborhood of M has a value strictly lower than v. The
entire preprocessing is illustrated in Fig. 4.

B. INDIVIDUAL OLIVE SEGMENTATION

The goal at this stage is the accurate application of the
Watershed transform to individually segment olives in
image Ip;i;2. Conceptually, the Watershed approximates an
image as a topographic surface, where grey-level values rep-
resent altitudes, being the darker regions taken as catchment
basins. Then, the surface is flooded, and the basins are divided
by water convergence lines, whose path is influenced by the
deepness, size and shape of basins. Formally, the definition
and implementation of the Watershed transform is not obvi-
ous and has produced a great amount of specific literature
over the years, which is encouraged to be consulted for deeper
study [28], [29].

According to the given explanation, if the complement
image of Ipr, Ipr = 255 — Ipr (see Fig. 4-(e)), is seen
as a topographic surface, olives constitute catchment basins.
Additionally, these basins are ideally divided by draining
lines traced according to the influence produced by the char-
acteristics of every basin with respect to its surroundings.
However, the direct application of the Watershed to Ipr
would produce oversegmentation with high probability, as it
is well-known to be very sensitive to local irregularities [29].
To overcome this difficulty, a marker-controlled Watershed
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(b)

(c)

FIGURE 5. (a) starting binary image, Ig;,,; (b) image resulting after
applying the distance transform on (a), Ip7; (c) extended regional
maxima of (b), Iryaxsin-

segmentation is proposed [30]. A marker is a connected
component belonging to the image to be segmented. Thus,
internal markers, those inside olives, and external markers,
belonging to the background, are found. Then, they are used
to limit the regions allowable by the watershed to those of
olives, and to accordingly modify the gradient of the image.

As a first step to obtain the set of internal markers,
the regional maxima located at the olive centres in image
Ipr are extracted by applying the h-maxima transform
[23, pp. 201-204]. This transform firstly removes irrelevant
regional maxima from the image, which will be those with a
height lower or equal than h. Mathematically:

Inyax = RS, (Ipr — h) , (6)
R‘S

where, generically, sk (IMarker) 1s the morphological
reconstruction by dilation of Iys,sx from marker Iysq ker, using
a unitary structuring element [31]. Respecting parameter #,
a value of 5 was enough to retain only significative maxima
(the choice of this parameter value was proven to have a
wide range of optimum values in this particular case). Next,
the surviving relevant regional maxima in image Iyp,, are
extracted by computing:

IrMax = TaMax — R(ISHMM (IaMax — 1)’ (7)
and thresholding the resulting image:
255 if Ippax (x,y) >0
IRMaxBin(x, y) = f “ y ®)
0 in any other case,

The result of operations (6)-(8) can be consulted in Fig. 5.
At this point, the exact number N of fruits present in the
image, originally in touch or not, is obtained by counting
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(a) (b) (¢) (d) ©)

FIGURE 6. Generation of the image of internal markers, I,y : (a) image of the distance function; (b) close-up of the red-squared zone in image (a);
(c) binarization of (b) with a threshold Thy;, value of 65; (d) removal of the artificial connected components thanks to operation (9);
(e) Image /;p¢n1 where each connected component represents an internal marker for the application of the watershed transform.
(a)
value is, the lower the number of connected components
contains the binary image as they tend to fuse building aggre-
gations. Contrary, as the threshold value increases, the olives ©

tend to disconnect, and the number of connected components
converge to N. However, there are two situations to consider

the number of connected components present in IgaaxBin-
Next, this information is exploited to finally decide the set
of internal markers, by building a binary image in which
all olive fruits are disconnected, but in such a way that
they keep their spatial relationship/influence; note that this
constraint preserves the original major draining lines. To do
so, the objective is finding the minimum threshold value,
Thasin, producing a binarization of the distance transform
image, Ipr, exactly containing N connected components cor-
responding to the olives disaggregated. Indeed, assuming that
the image contains olives in touch, the lower the threshold

(b)

FIGURE 7. Computation of the set of external markers I, ¢y1ark:
@) Ipr K which results from inverting the image resulting from the

in the solution for finding Thyy;,: 1) smaller olives may dis- applica’t'lon of the distance transform to the image of internal markers
appear when binarizing image Ipy from a certain threshold nemark; (b) image WS(Ipr, . ). resulting from the application of the
value, depending on the size of the larger ones and the size watershed transform to Ipy,_,, (a); (c) image of external markers

of aggregations; 2) tiny artificial connected components may ~ (dark lines), lextmark, resulting from binarizing WS(Ipr . ) (b)-
appear when binarizing Ipr as a consequence of the discrete
and quantized nature of the image (check Fig. 6-(a) to (c)).
Therefore, the mathematical solution to the described prob- generic function CC),
lem, which provides the set of internal markers, can be for- . _ _
mulated as follows: Thyin = min{t | CC (Ipymx) = N,t =0, ...,254} (12)

_ps Consequently, in order to computationally determine
Tumi = Ry, URMaxBin) , ) . P
ana Thyin, an incremental iterative binarization over every pos-
where I contains N connected components correspond- sible threshold value starting from 1 is performed. Thus,
ing to the individual olives, being by binarizing the distance-transform image Ipr at every

value, Thyy;y, is decided when the resulting image contains an
equal number of connected components, N, than the regional
Indeed, the morphological reconstruction planned in (9) maxima image, I k-

discards the previously pointed out artificial connected com- Next image Ipr,,,, resulting from the application of the
ponents probably present in Icg,g (check Fig. 6-(c)-(e)). distance transform (5) to Ipumi is calculated (Fig 7-(a)).
Additionally, (10) recovers in Icgng the smaller connected Then, the set of external markers is obtained by applying the
components that may have disappeared when calculat- Watershed transform to the complement of Ipz,,.u > IDT i »
ing Irnpin. Thus, Irpp, is the binarization of the distance as follows:
transform image Ipr:

ICand = max{[ThMinv IRM(LxBin} (10)

Teui(x,y) = 0 if [WSUDT g ))(x, ) =0
255 if Ipr (x,y) > ThMin Xt , L any ot e

Irhatin (x,y) = , (11)
0 in any other case

, (13)

where WS stands for Watershed transform. The steps to obtain
when ThMin takes the minimum threshold value for which this marker-image are visually represented in Fig. 7. Note that
I contains N connected components (given by the the external markers are the dark lines illustrated in Fig. 7—(c).
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At this point, it should be noted that the set of lines inte-
grating the external markers offer a partial solution to the
separation problem, but it often provokes oversegmentation.
Thus, the external markers are used to force the occurrence
of regional minima (operation known as minima imposition
[23, pp. 172-173]) in the complement distance transform
image Ipr, as:

IMinlmp = Rf"i"{EJErthk} ExiMark) (14)
where, generically, R;‘Mmk (UMarker) 1s the morphological

reconstruction by erosion of Ijz,sx from marker Iyzgker, USing
a unitary structuring element [31]. After this minima impo-
sition, the Watershed transform is applied to Ipfinzmp, thus
providing the definitive set of ridge lines used to eventually
separate the olives in I, as:

IFinal = min{lIin2, ILines} (15)

where

0 if WS (Imintmp)1 (x, )] =0

X (16)
1 in any other case

ILines(x,y) =
The definitive outcome at this stage, IFiq1, is shown in
Fig. 8.

C. IMAGE POSTPROCESSING

Once object separation is finished, tiny artificial connected
components may have been generated as a consequence of
the application of the Watershed transform. These exceptional
oversegmentation occurrences are removed by computing a
morphological opening, followed by a reconstruction of the
resulting image to restore the exact size and shape of the
surviving connected components. Mathematically:

a7
(18)

IOlive: = R?Fimtl (IAux)
Ly = VB (IFinat)

B represents the disk-shaped structuring element used in
the opening operation. Its radius length is adaptatively com-
puted per variety as follows:

B=r"—5xo0)—1, 19)

where 7V and o, are, respectively, the mean and the sample
standard deviation values defining the statistical distribution
of observations of the minor radius length of the connected
components present in /g, . The distributions were stud-
ied for each variety v by analyzing all the images with
the methodology described in sections III-A and III-B, and
using the procedure detailed in section III-D to calculate the
radius length values. Hence, the distribution of olive sizes per
variety is assumed to be Gaussian, and only extremely non-
representative examples, those out of the average minus five
times the standard deviation, are discarded for being too tiny
to be meaningful.

Finally, postprocessing ends with removing from Ipjyes
those olives not completely contained in the image. To do so,
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(c)

FIGURE 8. lllustration of final olive separation: (a) binary image Ig;,,
with olive aggregations to be separated; (b) ridge lines obtained by
marked-controlled hed seg (c) binary image, after
olive-fruit separation, which is calculated as the minimum value

of (a) and (b) for every pixel.

those connected components reaching the border in /gj;.s are
discarded by performing:

)
IOlivesDef = I0plives — R[O/l-‘,& (IBorderSeeds) s (20)

where Ip,,derseeds contains seeds for each olive connected to
the image border

IBorderseeds = min {Iojives, IBorder} » 21
and /porder 18 @ border image
255 if (x,y)is a border pixels
Iponder (x, y) = Sl PRS2
0 in any other case

This subprocess is illustrated in Fig. 9 by treating a sub-
image instead of a full capture. This, in order to make easier
its visualization.
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L -

(@) (b)

()

FIGURE 9. lllustration of the removal of the olives that are not completely
contained in the image: (a) binary image after individual olive
segmentation; (b) seeds corresponding to each of the olives connected to
the border; (c) components corresponding to the olives connected to the
border; (d) result after components in (c) are removed from (a).

(d)

(b)

(a)

FIGURE 10. Representation of the ellipses, and their corresponding axes,
computed for characterizing olive-fruit size.

It should be noted that in Fig. 9-(b), seeds have been
expanded and exaggerated for the purpose of facilitating its
visual representation.

D. OLIVE SIZE AND MASS CHARACTERISATION

The image analysis methodology presented individually
segmented olive-fruits following the principles specified
in section III-B. At this point, the objective is the formulation
of descriptive features, measurable in the segmented images,
to approach the major and minor axis length, and mass,
of every individual olive. Finally, these features are exploited
to build estimation models.

First, the major and minor axis length of an olive are
proposed to be characterized by the length in pixels of the
two axes of the ellipse having the same normalized second
central moment [32] than its connected component:

MajAx (CCj) = max (Ep, (CC)), Ep, (CCy)),

CC;i C Ioiives, (23)
MinAx (CC;) = min (Ep,(CC), Ep,(CC)),
CCi - IOliV857 (24)

Ep, and Ep, denotes the diameters, D and D, of the
two axes of ellipse E fulfilling the previous definition for
connected component CC; of image /pjiyes. This approach is
illustrated in Fig. 10.

Second, for characterizing mass of an olive, the area in pix-
els of its corresponding connected component is considered.
The first approach to this proposal is to assume the extent
to which each pixel equally contributes to the mass charac-
terization, independently of its position within the connected
component. Mathematically:

Area (CC;) = #CC;,  CC; C Ipiives, (25)
where # stands for the cardinal operation.
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Additionally, a set of alternative approaches, based on pixel
weighing, are proposed as well. It should be noted that a
connected component is, in fact, a 2D projection of an olive,
which actually has an ellipsoidal three-dimensional body.
In order to introduce this notion of three-dimensionality,
it seems reasonable to consider that the contribution of a
given pixel, when approximating the mass of the fruit, must
be greater the closer this pixel is to the mass center of the cor-
responding connected component. This argument suggests
weighing the contribution of every pixel according to its
relative location within the connected component which it
belongs to.

Therefore, it is proposed a pixel-weighing scheme by
means of the application of the distance transform in con-
junction with a set of functions, aimed to express the pursued
three-dimensionality.

Hence, the area of a connected component CC; contained
in image Ipjives, 1S calculated using a generic weighing
function w, as:

Areay(CCy =) . w(NDT, (oiives)] (x. 7)) .

CC; C Ipjives € v

(r.y)e
(26)

NDT, refers to the distance transform function (4), nor-
malized by the maximum olive-to-background pixel distance
measured throughout the whole set of processed images, for
the corresponding olive variety v (27), as shown at the bottom
of this page.

The purpose of the weighing function is to modulate the
initial weights, provided by the application of the distance
transform, according to the ellipsoidal shape of the fruits.
To this end, logarithm- and root-based functions are selected
and studied, since the draw similar shapes to that observable
in a cross-sectional view of an olive.

Therefore, the proposed weighing functions w, and the
labels they will be referred with from now on, are defined
as:

« Natural logarithm (NLog):

w(p) =In(l+ (e —1) xp)

« Logarithm to base n (Logy):

w(p) =log,(1+(n—1)xp),

« Square root (Rooty):

w(p) = p,

The representation as an image of the application of the
different weighing functions is illustrated in Fig. 11, where
the weigh assigned to each pixel is represented as a grey-
level value. All these alternatives will later be evaluated and
compared.

(2%

n=2,3,510 (29)

n=2,3,5"710 (30)

E. OLIVE SIZE AND MASS MODEL TRAINING
For training estimation models for olive minor and major axis
length, and mass, a set of 100 olive-fruits was built per variety
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FIGURE 11. Pixel-weighing representation for each of the mass models
considered: (a) NLog; (b) Log,; (c) Logs; (d) Logs; (e) Log;; (f) Log;o:

(g) Root,; (h) Roots; (i) Roots; (j) Root;; (k) Root,q; (I) representation of
equally-weighed pixels.

(a)

(2)

(0]

(900 in total), thus keeping disjoint sets of 300 individuals
per variety for external validation (2,700 in total). The sets
for training were made up with samples representing the
particular observed variability for each olive variety in terms
of size and mass. On the other hand, the images containing
the training olive samples were analyzed, and the features
described above were calculated for all of them. Then, a linear
regression analysis was performed per variety on the training
instances. It allowed to model the relationship between the
magnitude of the features given by image analysis and the
corresponding objective data previously registered in labora-
tory. This training scheme produced three estimation models
per variety, one per feature, which will be referred as variety-
dependent estimation models hereafter. In addition, the linear
regression analysis was replicated by considering the nine
different training sets as a whole. It made possible to generate

and assess the behavior of a unique set of three estimation
models applicable to all varieties. These models will be called
variety-independent estimation models from here on.

F. APPROACH FOR THE METHODOLOGY'S
PERFORMANCE EVALUATION

The performance of the proposed methodology was assessed
following a double approach.

First, the ability of the image analysis algorithm to indi-
vidually segment olives was studied. For this purpose, the
72 regular images (8 per variety), containing 50 olives each,
were processed with the algorithm, and the number of indi-
vidual olives found was evaluated. Additionally, the algo-
rithm was also challenged under this criterion by analyzing
the set of 45 stress images (5 per variety).

Second, the behavior of the whole methodology, compris-
ing the image analysis algorithm and the different estima-
tion models, was assessed. For each of the three modelled
features, olive major and minor axis length, and mass, esti-
mations given by the methodology were confronted to the
reference values obtained in laboratory using the following
proposed metrics:

« Root-Mean-Square Error:

n A 032
RMSE = | 2=t 01 =00 3D
n
o Relative Root-Mean-Square Error (expressed as
percentage):
SE = RMSE x 100 (32)
- 2y vi
n

« Relative Mean Error (expressed as percentage):

251 O — )|

=1 VY1 100

Zizl Vi

where, for the i-th fruit of a set of n elements, y; refers to the
predicted value and y; stands for its corresponding reference
measure. Additionally, one-way analysis of variance was also
conducted on the estimation results of the different devel-
oped models for the nine varieties. Mean comparison was
attempted, performing the Tukey’s test [33] at p < 0.05, on the
population of individual relative errors, ¢;, defined as the ratio
between the estimated and the actual value considered:

_ i
Vi
At this point, it is important to recall that the minor and

major axis length of 100 olives per variety (900 in total) were
measured by three different observers. For these samples and

E| = (33)

(34)

€i

[NDT yIoiives)I(x, y) =

[DT (otives)] (x,¥)

, @7

I N
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TABLE 2. Fruit-detection accuracy tested on stress images.

Stress Images

. . . . . Overall
Variey sresimagel  srcimeel st s imgel o sesimged gt
967 103/103 165/165 187/187 254/254 311/311 1020/1020
1030 138/138 182/182 210/210 246/246 323/323 1099/1099
Arbequina 158/158 194/194 221/221 251/249 304/303 1128/1125
Arbosana 111/111 137/137 190/190 250/250 355/355 1043/1043
Changlot 66/66 91/91 117/117 156/156 237/237 667/667
Lechin 71/71 112/112 153/153 2117211 258/257° 805/804
Ocal 95/95 100/100 113/113 117117 141/141 566/566
Picual 164/164 195/195 207/207*° 233/233 256/256 1055/1055
Verdial 64/64 91/91 112/112 140/140 220/220 627/627

R - - - - 8110/8106

* Denotes underestimation occurrence.
® Denotes overestimation occurrence.
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FIGURE 12. Examples of stress-images cap' d for variety 967 (a), and
the corresponding results after processing/analysis algorithm is
applied (b).

features, the average of the three independent observations
was used as reference measure y; for the application of the
metrics above. Notwithstanding, the motivation for perform-
ing this multiple evaluation for a subset of olives, was to
investigate the degree of uncertainty induced by the observer
when measuring the olive axis with a digital caliper. With this
purpose, the SME metric was defined as:

" ISME;
SME = Lizi ISME; x 100, (35)
n
where
rsmg, — "t =il 36)
Yi

Indeed, for every fruit i involved in the study, an error /SME;
was defined as the absolute maximum deviation of the three
observations y; j,j = 1, ..., 3, with respect to the mean value
of the observations ;.

IV. RESULTS AND DISCUSSIONS
A. RESULTS OF THE IMAGE ANALYSIS ALGORITHM

The image analysis algorithm showed 100% of accuracy
when individually segmenting olives in the case of the
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TABLE 3. External validation results calculated considering all varieties
as a whole (N = 2,700).

Feature Model type RMSE SE (%) (“il)
Major axis Va'riety_—dependent 0.4956 (mm) 2.67 0.44
Variety-independent ~ 0.5714 (mm) 3.07 1.14

Minor axis Va_riety_—dependent 0.3543 (mm) 247 0.34
Variety-independent ~ 0.3711 (mm) 2.57 0.60

Mass: Variety-dependent 0.1192 (g) 5.20 0.55
Area Variety-independent 0.2106 (g) 9.89 6.46
Mass: Variety-dependent 0.1134 (g) 4.84 0.51
Areayi, Variety-independent 0.2806 (g) 13.53 9.05
Mass: Variety-dependent 0.1135 (g) 4.84 0.50
Area,g, Variety-independent 0.2878 (g) 13.87 9.39
Mass: Variety-dependent 0.1132 (g) 4.84 0.49
Areay,g, Variety-independent 0.2783 (g) 13.42 8.95
Mass: Variety-dependent 0.1132 (g) 4.85 0.49
Area;, Variety-independent 0.2675 (g) 12.89 8.43
Mass: Variety-dependent 0.1139 (g) 4.88 0.54
Area,g,, Variety-independent 0.2550 (g) 12.27 7.76
Mass: Variety-dependent 0.1141 (g) 4.89 0.56
Areag,or, Variety-independent 0.2488 (g) 11.94 7.38
Mass: Variety-dependent 0.1147 (g) 4.95 0.50
Areag o, Variety-independent 0.2329 (g) 11.12 6.47
Mass: Variety-dependent 0.1161 (g) 5.03 0.51
Areag,org Variety-independent 0.2222 (g) 10.55 6.40
Mass: Variety-dependent 0.1170 (g) 5.08 0.54
Areagor, Variety-independent 0.2183 (g) 10.34 6.36
Mass: Variety-dependent 0.1176 (g) 5.11 0.54
Areag,o,,  Variety-independent 0.2157 (g) 10.19 6.38

72 regular images, as it exactly segmented 50 olives in all
of them (3,600 in total), independently from the olive vari-
ety considered. With respect to the 45 stress images, they
represented a very more complex and challenging scenario
for the algorithm, as they contained numerous olives chaoti-
cally positioned, with multiple border cuts and olive touching
occurrences to deal with.

Fig. 12 illustrates a set of stress-images and the graphical
representation of the results of their analysis.

As it can be observed, the algorithm showed great ability
to individually segment olives and to discard those cut by
the image borders. This visual impression was corroborated
by the numerical analysis of the results given in Table 2.
This table compiles the results regarding fruit-detection
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Variety-independent model training
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FIGURE 13. Repr of the regr ysis performed to compute the different variety-independent and -dependent models:
(a) major-axis-length variety-independent model; (b) minor-axis-length variety-independent model; (c) Area,_,,93 mass variety-independent

model; (d) major-axis-length model for changlot real variety; (e) minor-axis-length model for changlot real variety; (f) Area,_,,!;,3 mass model for

changlot real variety.

accuracy, by showing the ratio between the olives detected
and the actual number of fruits which appear in the corre-
sponding stress images.

An outstanding number of 8,106 olive instances were
present in the 45 stress images. The algorithm individually
segmented 8,110. This slight deviation responds to the over-
estimation of 5 olives in 4 different stress images, all of them
related to not correctly removing olives cut by the image
border. Additionally, there was only one case of underestima-
tion in which a pair of fruits, touching each other, were not
properly separated; it occurred in image stress_image_2 of
the Picual variety. Thus, if 6 segmentation errors are counted
over 8106 cases, it can be concluded that the accuracy of the
algorithm measured on the stress images was 99.92%.

B. RESULTS OF THE WHOLE METHODOLOGY FOR
ESTIMATING OLIVE-FRUITS MASS AND SIZE

A set of 27 variety-dependent models (9 varieties x
3 features), and a set of 3 variety-independent models
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(1 per feature for all varieties), were obtained by linearly
correlating the features obtained by image analysis to the
actual reference measures. Overall, those mass estimation
models trained featuring olive mass with the weighing func-
tion Arear e, (eq. (23), n = 3), provided better performance
at external validation than most of the other approaches.
Table 3 summarizes the results of this comparison computed
on the external validation sets presenting, per model tentative,
the mean value of the previously defined error metrics calcu-
lated for each olive variety. Consequently, the discussion and
the results reviewed hereafter regarding mass estimation are
referred to this choice.

Fig. 13 illustrates the correlation results registered when
training the three independent models and, as an example,
the three dependent models for Changlot Real variety. As it
can be observed, there was a significant positive correla-
tion, exhibiting a minimal degree of dispersion in all the
cases. This fact, extendable to the rest of the models com-
puted, highlights a strong statistical relationship between the
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TABLE 4. Training and external validation results for each of the estimation models proposed and varieties studied. N = 900 for model training

(100 per variety), and N = 2,700 for validation (300 per variety).

TRAINING EXTERNAL VALIDATION
Variety Feature Model type R Regression equation RMSE SE (%) |E] (%)
R e Va.rietyfdependent 0.9407 y=0.06427x+0.95664 0.3946 2.64 0.68
Variety-independent 0.9838 y=0.07124x-0.27022 0.4242 2.84 1.17
967 Minor axis Va.rietyl-dependent 0.9544 y=0.06724x+0.47133 0.3708 2.95 1.04
Variety-independent 0.9792 y=0.07037x+0.08466 0.3474 2.76 0.32
lass A Va_riety.—dependent 0.9756 y=0.00012x-0.03778 0.0715 5.07 0.63
o Variety-independent 0.9554 y=0.00016x-0.43286 0.1652 11.71 5.16
Major axis Varietyrdependent 0.9439 y=0.06515x+1.01841 0.3478 2.42 0.53
Variety-independent 0.9838 y=0.07124x-0.27022 0.3862 2.69 0.86
1030 Minor axis Va?'ietyl—dependent 0.9652 y=0.06913x+0.33592 0.2528 2.16 0.02
Variety-independent 0.9792 y=0.07037x+0.08466 0.2584 221 0.41
Mass: Area,, Varietyrdependent 0.9836 y= 0.00014x-0.03032 0.0456 3.88 0.15
93 Variety-independent 0.9554 y=0.00016x-0.43286 0.1976 16.79 15.19
R et Va_riety_—dependent 0.9772 y= 0.06448x+0.9561 0.5037 3.42 0.58
Variety-independent 0.9838 y=0.07124x-0.27022 0.5710 3.88 0.83
Arbequina Minor axis VaAriety_-dependent 0.9747 y= 0.06771x+0.51259 0.2889 2.17 0.17
Variety-independent 0.9792 y=0.07037x+0.08466 0.3052 2.29 0.40
Mass: Area, Va_riety_—dependent 0.9886 y= 0.00013x-+0.02085 0.1106 7.11 0.60
e Variety-independent 0.9554 y=0.00016x-0.43286 0.2109 13.57 7.65
Major axis Va}'iety.-dependem 0.9645 y= 0.06933x+0.04436 0.3154 2.22 0.11
Variety-independent 0.9838 y=0.07124x-0.27022 0.3321 2.34 0.41
Arbosana Minor axis Vayietyjdependent 0.9471 y=0.06897x+0.29699 0.2260 2.01 0.18
Variety-independent 0.9792 y=0.07037x+0.08466 0.2336 2.08 0.28
Mass: Areay, Varietyrdependent 0.9816 y=0.00011x+0.00384 0.0435 4.02 0.34
93 Variety-independent 0.9554 y=0.00016x-0.43286 0.1844 17.01 6.87
iz e Va_riety_—dependent 0.9552 y=0.06801x+0.4077 0.5938 2.89 0.78
Variety-independent 0.9838 y=0.07124x-0.27022 0.5970 291 0.54
Changlot Minor axis Variety-dependent 0.9479 y=0.06824x+0.45384 0.3035 2.06 0.45
Real Variety-independent 0.9792 y=0.07037x+0.08466 0.2988 2.03 0.06
Mass: Area, Varietyrdependent 0.9734 y=0.00014x-0.03664 0.1056 425 1.16
. Variety-independent 0.9554 y=0.00016x-0.43286 0.1601 6.44 0.70
Major axis Varietyrdependent 0.9451 y=0.0734x-0.76493 0.5755 2.76 0.24
Variety-independent 0.9838 y=0.07124x-0.27022 0.5913 2.84 0.92
Lechin de Minor axis Variety-dependent 0.8791 y=0.06498x+1.13778 0.3418 2.30 0.27
Sevilla Variety-independent 0.9792 y=0.07037x+0.08466 0.3755 2.53 0.86
Mass: Areay, Va_riety_—dependent 0.9673 y=0.00012x+0.00431 0.1059 4.15 0.28
93 Variety-independent 0.9554 y=0.00016x-0.43286 0.4007 15.71 12.46
iz s Varietyjdependcnt 0.9282 y=0.06567x+1.93467 0.7471 2.89 0.64
Variety-independent 0.9838 y=0.07124x-0.27022 0.8365 3.24 1.37
Ocal Minor axis Varietyrdependent 0.8463 y=0.06721x+1.0975 0.5275 2.79 0.38
Variety-independent 0.9792 y=0.07037x+0.08466 0.5980 3.16 1.32
Mass: Area, Varietyjdependent 0.9596 y=0.00015x+0.22991 0.2986 5.91 0.85
093 Variety-independent 0.9554 y=0.00016x-0.43286 0.5747 11.37 9.68
Major axis Varietyrdependent 0.9486 y=0.0692x+0.87548 0.4525 2.32 0.20
Variety-independent 0.9838 y=0.07124x-0.27022 0.7827 4.01 3.25
Picual Minor axis Va_riety_—dependent 0.9406 y=0.06963x+0.37024 0.2990 232 0.14
Variety-independent 0.9792 y=0.07037x+0.08466 0.3276 2.55 1.03
Mass: Areay, Va'riety.—dependent 0.9773 y=0.00012x-0.07138 0.0749 4.17 0.27
93 Variety-independent 0.9554 y=0.00016x-0.43286 0.3767 20.97 18.42
o e Varietyjdependent 0.9492 y=0.06607x+1.14255 0.5299 2.50 0.20
Variety-independent 0.9838 y=0.07124x-0.27022 0.6221 2.94 0.94
Verdial de Minor axis Variety-dependent 0.8506 y= 0.06252x+1.98224 0.5783 3.47 0.40
Huevar Variety-independent 0.9792 y=0.07037x+0.08466 0.5956 3.58 0.74
Mass: Area, Variety-dependent 0.9658 y= 0.00015x+0.00958 0.1622 4.97 0.11
) 093 Variety-independent 0.9554 y=0.00016x-0.43286 0.2348 7.20 4.44

estimations and actual values, which reinforce the viability
of using simple-linear-regression-based modelling in order to
individually estimate the mass and size of olive-fruits.

Table 4 details training and external validation results for
all the model variants and olive varieties. With regard to
training, outstandingly high values were registered for the
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coefficient of determination, R2, in all cases. Indeed, the
coefficient value was below 0.9 only in three cases, reaching
0.8463 in the worst case. Furthermore, training was generally
so consistent and comparable for both the variety-dependent
and the variety-independent approaches, that no conclusions
could be taken at this stage. However, when applying the
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TABLE 5. Results of one-way analysis of variance performed on the estimations produced by the variety-dep

t models for each

dent P d
and p

variety. The analyzed populations are the individual relative errors, calculated by using (34), produced by the different models on the external validation
sets of each variety (N = 2,700, 300 per variety). The mean &; and standard deviation o¢; of each population is given. dissimilar letters indicate different

statistical means according to the analysis of variance using the tukey’s test at p < 0.05.

Variety-dependent models

Variety-independent models

Variety - - - - - - ; ;
Major axis Minor axis Mass: Area, g, Major axis Minor axis Mass: Area, o4,
(e_u Jei) (e_u dei) (51: Jei) ("Tu Uei) (el’ Uei) (Ev Jei)

967 (0.9944,0.0265)"  (0.9907,0.0276)"  (0.9964,0.0488)®  (1.0117,0.0268)°  (1.0039,0.0279)®  (1.0225,0.1314) ¢
1030 (0.9952,0.0243)*  (1.0003,0.0218)™  (1.0020,0.0468)°  (0.9909,0.0264)>  (0.9961,0.0219)*  (0.8148,0.1503) "
Arbequina  (0.9950,0.0339)"  (0.9985,0.0223)%  (0.9974,0.0758)®  (1.0071,0.0377)*  (1.0037,0.0232)*  (0.8770,0.1725)"
Arbosana  (0.9989,0.0234) ™  (1.0018,0.0204)*  (0.9990,0.0418)®  (1.0037,0.0242)¢  (1.0026,0.0210)*  (1.0131,0.2182) ¢
ﬁ::fglm (0.9927,0.0280)*  (0.9959,0.0202) ™  (0.9884,0.0423)"  (1.0054,0.0290) %  (1.0008,0.0205)%  (0.9941,0.0723) ¢
5:3;: de 0.9973,0.0287)®  (1.0034,0.0231)¢  (0.9979,0.0438)™  (0.9910,0.0277)"  (1.0085,0.0240)¢  (1.1065,0.0916)°
Ocal (0.9944,0.0282)*  (0.9964,0.0278) ™  (0.9948,0.0598) ™  (0.9861,0.0297)°  (0.9867,0.0290)*  (0.8983,0.0648)"
Picual (0.9984,0.0235)®  (1.0018,0.0235)™  (1.0033,0.0436)°  (0.9673,0.0240)*  (0.9899,0.0234)®  (1.1714,0.0858) '
ere‘i‘:r‘ de 10022,00265°  (0.9975,0.0340)™  (1.0005,0.0501)®  (1.0086,0.0296)%  (0.9930,0.0345)™  (0.9430,0.0755) ¢

Dissimilar Letters Indicate Different Statistical Means According to the Analysis of Variance Using the Tukey’s Test at p<0.05

trained models to the sets of external validation, the cal-
culation of the error metrics to assess the given different
estimations showed some certain trends to be analyzed.

On the one hand, focusing on mass estimation, variety-
dependent models offered, systematically and by far, lower
estimation error rates than the independent ones. Actually,
variety-dependent models gave |E| rates per variety for mass
estimation below 1% with the exception of that for Changlot
Real, which reached 1.16%; the mean error |E| considering
all varieties as a whole was 0.49% (Table 3). The trend is
also corroborated by the results registered with metrics based
on accumulated error, RMSE and SE. The higher error rates
for the independent approach can be explained by differences
in physical characteristic features, as fruit density, stone-
fresh ratio, or fat content, among others. All of them, having
an evident impact on mass, may differ from one variety to
another. Consequently, the slope of the lines better fitting
the mass-size relationship may vary among varieties, thus
explaining the poorer behavior shown by the independent
approach. Studied this effect, no definitive reasons can be
given to discard generic variety-independent models as a
feasible tool for mass estimation, but it suggests the necessity
to explore alternative approaches for its more effective imple-
mentation. To this end, a future study will explore non-linear
modelling, in an attempt to achieve models able to express
this mass-size variability.

Respecting size estimation, satisfying results were also
found. As a reference, the mean error |E| for the major and
minor axis length estimation was lower than 1%, excepting
for a few cases, per variety and considering all of them
together (Table 4 and Table 3, respectively). Notwithstanding,
despite a slightly more accurate behavior could be recog-
nized for the variety-dependent models, this difference was
so subtle that suggested further analysis in order to be more
conclusive. Table 5 shows the results of the one-way anal-
ysis of variance performed per variety and model approach.
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TABLE 6. Results of the study of variability of manual olive size
measurement performed by three different observers. N = 900,
100 per variety, where each instance is the deviation of the three
individual observations given by (36).

Major Axis Minor Axis
Variety Mean Lonath Menn Lenoth
ean Lengtl SME (%) ean Lengtl SME (%)
(mm) (mm)
967 15.27 1.21 13.03 1.19
1030 14.59 1.19 11.92 1.30
Arbequina 15.10 221 13.64 0.94
Arbosana 14.32 0.93 11.31 1.0
Changlot 20.81 0.67 14.94 0.72
Lechin 20.03 1.05 14.35 1.36
Ocal 26.00 1.38 18.96 1.96
Picual 19.68 1.06 12.93 1.27
Verdial 20.67 0.94 16.38 1.08

Generally, a higher number of classes of significance resulted
from the analysis of the estimations produced by the variety-
independent models for the three features. Especially relevant
was this difference for the case of mass, with 2 Vs 6 classes
of significance, which confirms the previous conclusions
and adds strong signs of statistical consistence regarding the
behavior of this set of variety-dependent models. Contrary,
differences were less conclusive for the case of size esti-
mation. This fact encouraged to study the reliability of the
reference objective measurements, for the major and minor
axis length, taken in laboratory by hand using a digital cal-
liper. Indeed, there are multiple factors which potentially
introduce uncertainty in the procedure, as the slight elasticity
of the fruits, their ellipsoidal shape and other morphological
features. Table 6 compiles the results of the variability of the
manual measurements performed by three different observers
for a set of 900 individuals, 100 per variety. As it can be
observed, the magnitude of the found variability is compara-
ble to the analyzed slight performance deviation between the
variety-dependent and variety-independent models. As this
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variability may affect model training and validation in a
rather random manner, the most conservative conclusion is
to consider both modelling approaches comparably valid for
the case of size estimation.

V. CONCLUSIONS

The present paper proposes a new methodology for the auto-
matic counting, and the individual mass and size estimation,
of olive-fruits in digital images. All this work is intended
to assess the viability of a machine vision system, aimed at
improving post-harvest olive-fruit grading and classification,
currently performed by rather limited mechanical methods,
and to lay the basis for its implementation. Thus, the proposed
imaging chamber, designed to be potentially integrated in
real classification machines equipped with translucent belts,
provided an efficient way to carry out the acquisition of
the digital images. On the other hand, the image analysis
algorithm was conceived to deal with complex situations as
fruit touching, or fruit cut by the image borders. It argues for
the methodology could operate under a real scenario. Regard-
ing estimation models, and by relying on external validation
results, variety-dependent models outperformed the indepen-
dent ones when estimating olive mass. It indicates mass-
size ratio dependence from variety. Variety-dependent models
showed slightly better behavior than the variety-independent
ones for size estimation, again in terms of external validation.
Notwithstanding, as variability of the manual reference mea-
surements was found to have a magnitude comparable to the
performance deviation of both approaches, the most conser-
vative conclusion is to consider them analogously valid.

A. FUTHER WORK

As detailed before, 3,600 fruits from nine different olive
varieties where used to train and validate the methodology.
Despite these figures, along with the obtained results, support
confidence in the developed methodology, further research
will include new olive-fruit varieties and samples, in order to
reinforce its generalization.

On the other hand, variety-dependent models consistently
and outstandingly outperformed the independent ones for the
case of mass estimation, providing an overall mean error |E|
of 0.49%. It indicates mass-size relationship dependence
from olive variety, what encourages to explore in the future
non-linear modelling for the case of independent methods,
in an attempt to achieve statistical models able to express this
mass-size variability.

As stated before, the image analysis algorithm was devel-
oped by using MATLAB along with the Image Processing
Toolbox for prototyping purposes. Future research will also
be focused on the implementation of the methodology within
a framework able to satisfy real-time computation.
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ABSTRACT The automation of classification and grading of horticultural products attending to different
features comprises a major challenge in food industry. Thus, focused on the olive sector, which boasts of a
huge range of cultivars, it is proposed a methodology for olive-fruit variety classification, approaching it as
an image classification problem. To that purpose, 2,800 fruits belonging to seven different olive varieties
were photographed. After processing these initial captures by means of image processing techniques,
the resulting set of images of individual fruits were used to train, and continuedly to externally validate, the
implementations of six different Convolutional Neural Networks architectures. This, in order to compute
the classifiers with which perform the variety categorization of the fruits. Remarkable hit rates were
obtained after testing the classifiers on the corresponding external validation sets. Thus, it was yielded
a top accuracy of 95.91% when using the Inception-ResnetV2 architecture. The results suggest that the
proposed methodology, once integrated into industrial conveyor belts, promises to be an advanced solution
to postharvest olive-fruit processing and classification.

INDEX TERMS Computer vision, convolutional neural network, fruit variety, food industry, fruit classifi-

cation, image processing, olive.

1. INTRODUCTION
Olive (Olea europaea L.) growing is currently an agro-
nomic activity of great importance. With an ancient tradition
throughout the Mediterranean basin, its cultivation has spread
around the world in recent decades [1], [2], and consumption
of table olives and olive oil, which are the most impor-
tant products derived from this crop, have exploded. Indeed,
in accordance with the International Olive Council (I0C),
the consumption of table olives has more than doubled in
the past 20 years [3], with an estimation of 2,667,000 tonnes
in 2018/19 against the 1,185,500 tonnes consumed worldwide
during the year 1998/1999. In the case of olive oil, the num-
bers are equally significant, and in the same 20-year period
its consumption has increased in more than 500,000 tonnes,
being estimated 2,950,500 tons for the year 2018-19 [4].
Therefore, and as it is happening with other mainstream
crops, the olive sector has to face multiple challenges in order
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to satisfy this high demand market, in which the popularity
of olive-derived products does not stop growing. Increasing
production while reducing the associated costs, and all this
in an environmentally sustainable way, is a cross-cutting
problem in current agriculture [5]-[7]. The introduction of
new technologies is playing a fundamental role to deal with
this situation. And this is happening in virtually every scope
related to agricultural activities. In this sense, postharvest
tasks have become an important spotlight. Indeed, optimis-
ing processes involved in the treatment and manipulation of
horticultural products, once they are gathered, may have a
remarkable cost-saving impact [8].

Within this context, postharvest classification of horticul-
tural products, according to different features such as size or
surface condition, has become a main focus of research. This,
since it has been traditionally performed manually, imply-
ing tedious, inaccurate and time-consuming tasks. Hence, its
automation has become a major problem in food industry.
The case of olive sector is not an exception, as postharvest
fruit classification remains a challenge for olive growers.
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Thus, while the automation of the olive-fruit size grading
has historically found different solutions, all of them usually
based on mechanical approaches, the classification accord-
ing different criteria, with a potential value for farmers and
producers, is still attached to manual inspection. This may
be the case of individually classifying olive fruits according
to their variety, feature in which the present study is focused
on. By not discriminating among varieties when gathering the
olive-fruits, harvest costs can be potentially reduced. It should
be noted that harvesting is a key factor for olive growing,
obviously directly related to the prize of the eventual product,
and with a critical impact in the productivity and viability
of olive growing as a business. Therefore, olive sector has
put huge efforts to improve and optimise harvesting. New
orchards planning or harvesting mechanization are some of
the advances introduced during the last few decades in order
to enhance fruit gathering [9], [10]. Indirectly, it may benefit
from a postharvest automated classification system to sepa-
rate the fruits, once they have been transported to the mill,
according their variety. This could ease optimise harvesting,
when orchards are shared by different varieties of olive-
trees, not being necessary to consider this circumstance when
planning the collection of the fruits.

Machine Vision systems, commonly used in a great variety
of industries, have become familiar within the food sector,
when inspecting and supporting the automatic handling of
commodities [11]. By their integration throughout the manip-
ulation process, the products to handle can be imaged, and
descriptive features of each of them can be extracted in real
time, via image processing and analysis. This information
can be potentially used to label or categorize each of these
products, according to models previously computed. So, this
technology sets itself up as a potential solution to the automa-
tion of the olive-fruit variety-based classification.

In recent years, Computer Vision has significantly bene-
fited from the recent revitalisation of Deep Learning, which
has seen increased its popularity and it has experienced an
exponential growth, both in terms of the amount of related
research conducted and its applications. This sort of subset of
machine learning methods is nothing new, and the principles
it is based on have been around for a while [12], [13].
Nevertheless, the increase of computational power provided
by graphics processing units (GPUs) [14], along with the
huge amount of data offered by the Internet [15], have been
seen as an opportunity to boost Deep Learning performance.
Within this field, Convolutional Neural Networks (CNN) has
supposed a breakthrough in image processing and analysis,
and nowadays it comprises the main framework for image
classifiers development and pattern recognition. Its appli-
cations have reached innumerable fields, ranging from the
automotive industry, supporting self-driving cars [16]-[18],
to the healthcare sector, with automatic diagnostic systems for
the analysis of medical images [19], [20]. Smart farming and
food sector are not an exception. Thus, over the past few years
it has been published a considerable amount of literature
related to the potential application of Deep Learning-based

147630

77

technologies to agriculture and food industry [21], [22]. Yield
prediction [23]-[26], leaf defoliation estimation [27] or fruits
and crops classification [11], [28]-[31] are just some exam-
ples of scopes within which the use of Deep Learning and
CNNs has been explored.

Olive sector can potentially gain from the use of
Deep Learning based-computer vision systems too. Hence,
the main goal of this study is to assess the viability of per-
forming a machine vision- and Deep Learning-based clas-
sification of olive-fruits according to their variety. To the
best to authors’ knowledge, the approach, methodology and
results derived from this work are unseen in the literature
to date. Whilst most research related to this topic draws on
images of the endocarps of the fruits to that end [32]-[34],
the methodology proposed here is focused on a non-invasive
approach, in which the classification is carried out uniquely
using the morphology of the olive-fruits as distinguishing
feature. For that purpose, batches of fruits, stochastically
disposed, were photographed inside an image acquisition
chamber designed to be potentially integrable in current con-
veyor belts. Then, the initial captures were transformed by
means of mathematical morphology and global thresholding
techniques, obtaining a set of images of individual fruits.
Next, different architectures of CNN were tried by training
them with these images. Finally, the resulting classifiers were
tested by using an external validation set to evaluate and
compare their performance.

The present manuscript is organized as follows. First,
section II overviews the fundamentals of CNNs as well as
briefly describes the architectures of interest for this work.
Section III-A specifies the olive varieties considered in the
research, as well as different aspects related to fruit sam-
ple collection for configuring the data of study. Then, all
aspects involved in the process of image acquisition are
detailed (section III-B). Section III-C focuses on the frame-
work employed to implement the proposed algorithms for
image classification, emphasizing the different developing
tools and technologies used. In section IV-A it is described
the methodology to transform the initial captures into the
individual fruit images that, as raw data, are used to try
the different CNN architectures considered. CNN training
and validation is detailed throughout sections IV-B-2 and
IV-B-3, respectively. Section V exposes and discusses the
results after validating the different image/olive-fruit-variety
classifiers developed. Finally, section VI comprises the sum-
mary of the most relevant aspects concluded throughout the
experimentation.

Il. OVERVIEW OF CNN ARCHITECTURES

In the present study, olive-fruit classification is approached as
an image classification problem, faced by means of machine
learning, by using CNNs. Indeed, the irruption of Deep
Learning as a mainstream technology has exploded in numer-
ous and uneven domains [35], being Computer Vision a
highly benefited niche [36], where CNNs have provided out-
standing advances in the state of the art.
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FIGURE 1. Schematic illustration of the performance of a CNN, with five convolutional layers, in determining the variety of an olive fruit. The
input is an olive-fruit image resulting from the pre-processing described in section IV-A. The image feeds the net and passes through the
convolutional layers, which model the object from the gross distinctive features to the subtle ones as the image goes deeper. Finally,

the extracted features are processed by a fully connected layer which yields a probability for the object to belong to the considered classes.

In this example, the olive fruit is classified as Arbequina.

Due to improvements in the design and manufacturing of
specialized-in-parallel-computing integrated circuits, and the
introduction of standardised architectures such as CUDA,
GPUs have become an affordable and powerful framework
for general purpose processing. This opened up a window
of opportunity for researchers and engineers to face tasks
that were not possible before because of the non-assumable
computational cost. In addition, public datasets for machine
learning purposes has increased in number over the past few
years. Thus, different initiatives, such as ImageNet [37] or
CIFAR-10 [38] among lots of others, have made available
huge quantities of quality data. This without taking into
account the exorbitant amount of information privately han-
dled by the big players in the technology industry such as
Amazon, Baidu, Facebook, Google or Microsoft, which far
from being outsiders of this trend, have become in actual
boosters of Deep Learning and its applications [15], [39].

Notwithstanding the computational improvements and
data availability, classical approaches using neural networks
dealt with the difficulty of finding and designing a set of
significant mathematical descriptors [40] to feed the net with,
in order to solve a specific problem. In contrast, the irrup-
tion of CNNs has supposed a game-changer in Computer
Vision, as these networks can be directly fed with image-
corresponding pixel-intensity matrixes. Thus, a CNN is basi-
cally a Deep Neural Network where, layer by layer, this raw
data provided by the initial image, is transformed into a set
of high-level features which are eventually used to realise
the classification. To that end, CNN architectures are usually
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shaped by three different types of layers: convolutional layers
in which filters or kernels, acting as feature detectors, are con-
volved over local regions of the input; pooling layers, where
it is reduced the spatial dimensionality of the convolved
features (also known as activation maps) obtained after a
convolution stage; and fully-connected layers, with which,
and by using the high-level features obtained by convolu-
tion and down-sampling, the class scores are calculated, and
therefore the image classification is performed (see Fig. 1).
Because of its demonstrated virtues, which include reduced
complexity, faster model training, capacities of capturing
local information, smaller sample volume requirements or
lower overfitting probability, researchers have shown an
increased interest, and CNNs applications and related liter-
ature [35], [36], [39], [41], that is encouraged to be consulted
for deeper study, have exploded in recent years.

For the purpose of developing a set of models to undertake
the olive-fruit variety classification, some of the most impor-
tant CNN architectures seen in recent years are considered;
they are briefly described hereafter.

AlexNet [42] supposed a breakthrough within the image
recognition scope. It is based on an 8-layer architecture,
consisting of 5 convolutional layers and 3 fully connected
ones. So, deeper when compared to the standards of that time,
another of its contributions was to model the output of the
neurons in the network with a Rectified Linear Unit (ReLU),
instead of other more conventional activation functions, like
tanh or sigmoid. Thanks to that, the CNN could be trained
much faster.
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InceptionV1 [43], as well known as GoogLeNet, imposes
1 x 1 convolutions in the middle of the network, and proposes
a global average pooling at the end of it, as a substitute for
a last fully connected set of neurons as an output. Very deep
when compared to AlexNet, the first iteration of the Inception
architecture comprises 22 layers in total.

InceptionV3 [44] reduces the number of parameters in
the network by factorizing convolutions. This, by increasing
the number of layers (up to 42 in total) and reducing the
dimensions of the filters, without loss of efficiency.

ResNet [45] implies a paradigm shift, introducing the
notion of skip (or shortcut) connection. The layer inputs
do not just depend on the outputs of the immediate pre-
vious layer. This, in order to solve a major problem with
gradient-based learning methods, the vanishing/exploding
gradients [46], [47]. Its architecture is complemented with a
bottleneck design which allows to reduce complexity with-
out significantly impoverishing performance. In this case,
different alternatives can be found regarding the depth of
the network: ResNet-50, with 50 layers; ResNet-101 with
101 layers; ResNet-152 with 152 layers.

Inception-ResNetV2 [48], based on the Inception architec-
ture, but inspired by ResNet, is trained with residual connec-
tions, allowing to speed up the process.

lIl. MATERIALS AND METHODS

A. SAMPLE COLLECTION

Seven different olive varieties were considered for this study:
Arbequina, Arbosana, Picual, Ocal, Changlot Real, Verdial
de Huévar and Lechin de Sevilla. For each of these culti-
vars, 400 fruits were handpicked in olive orchards located
in Gibraleén (37°20°09.2”N 7°02°19.8”W), province of
Huelva (Andalusia, Spain), in October 2018.

B. IMAGE ACQUISITION

For the purpose of capturing the images of the fruits, it was
set up an ad-hoc image acquisition system, inspired in that
proposed in [49]. The aim at this point was not to implement
a final version of this device, integrable in a conveyor system,
but a prototype mimicking its main features regarding image
capture conditions. This system was conceived to acquire
images with high contrast in terms of luminosity between the
fruits and the background, with a shadowless lighting. This
feature favours a subsequent stage of the experimentation,
where a solid and accurate segmentation of the captures is
necessary.

The ad-hoc image acquisition system was designed to be
potentially integrable in a conveyor belt. It consists of four
main parts: a chamber with which the capture area can be
isolated from any external light pollution; a lighting system,
based on seven equally distributed strips of 25 5V-LEDs
each, located at the base of the chamber; a semi-translucent
white plastic surface comprising the capture area, over which
olive-fruits are placed to be photographed; a digital mirrorless
camera mounted above the chamber, looking perpendicularly
at the capture area. Fig. 2 illustrates the described system.
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FIGURE 2. Image acquisition system.

FIGURE 3. Example of image acquired for Ocal variety.

It should be noted that the camera used for imaging the
fruits, a Sony a7-11 (Sony Corp., Tokyo, Japan), was equipped
with a Zeiss 24/70mm lens (Carl Zeiss AG, Oberkochen,
Germany) and configured in manual mode, with an aperture
of /7.1, shutter speed of 1/50s, focal length of 31mm and ISO
sensitivity of 250. The initial captures were saved in JPEG
format, with a resolution of 6000 x 3376 pixels and 24 bits
of colour depth. The pixel density was set to 350ppi.

Every variety-set of 400 fruits was photographed in batches
of 50 individuals, thus generating 8 images per variety.
With the aim of mimicking a realistic scenario, it should be
remarked that the fruits were stochastically placed on the
capture area, with the only restriction of not appearing any of
them touching the border in the resulting image. Fig. 3 shows
an example of an image taken following the specified
criteria.

C. IMAGE PROCESSING ALGORITHM IMPLEMENTATION
AND CNN TRAINING/VALIDATION

The image processing algorithm, developed to transform the
starting captures into the set of images to be used throughout
the experimentation, was implemented with MATLAB and
its Image Processing Toolbox, release 2018a (The Math-
Works Inc., Natick, Massachusetts, USA). A MATLAB
framework was also used in order to perform the training
of the CNNs for image classification, and the validation of
the results yielded by them. CNN training was conducted
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FIGURE 4. Colour variability of four different olive-fruits, of the
Arbequina variety, collected at the same time within the same orchard.

by transfer learning [19], so pre-trained implementations
of the different CNN architectures approached in the
present study (which will be later briefly described), avail-
able through the MATLAB Deep Learning Toolbox, were
used.

The different networks tried were trained by GPU com-
puting, using a single SGB-NVIDIA GTX 1080 graphic card
(Nvidia Corporation, Santa Clara, California, USA).

1IV. DEVELOPED METHODOLOGY

A. IMAGE PRE-PROCESSING

As stated before, the main goal of the present study is to pro-
vide a computer-vision methodology for the individual clas-
sification of olive-fruits, according to their variety, present in
images containing multiple individuals, even in touch. A first
approach to the problem may consider colour characteristics
as a feature to base the classification on. However, for the
case of this crop, colour is known to be strongly dependent of
the state of maturity of olive-fruits [50], [51]. In this regard,
it must be additionally highlighted that, even for any given
tree, fruit ripening may vary depending to conditions such
as its location within the tree or its degree of exposure to
direct sunlight, among other. In order to illustrate this fact,
Fig. 4 shows a set of four Arbequina-variety olive-fruits, all
of them collected in the same orchard, and at the same time,
where it can be appreciated the lack of uniformity in terms of
colour between the fruits.

As a consequence of these facts, it can be concluded that
colour variability induced by fruit maturity may be, at least,
comparable to that induced by fruit variety. It is for this reason
that colour features were discarded from the beginning, this
is from image capture, so morphological characteristics of
the fruits were explored as distinctive features for variety
categorization.

As detailed in section III-B, fruits were photographed in
batches of 50 individuals each. In addition, they were stochas-
tically disposed over the capture area, enabling a scenario in
which the fruits may appear touching each other. With the aim
of making the methodology able to individually categorise
every single olive-fruit present in the images, the first step of
pre-processing is to transform initial captures into a suitable
set of individual-fruit images.

The methodology proposed by [49] provides an efficient
procedure for transforming the starting captures of multiples
olive-fruits into binary images, where all the connected com-
ponents corresponding to the different fruits are accurately
separated. This method exploits the high contrast, in terms
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- Transformation to HSV colour space
- Binarization of the grayscale image comprised by
the value-of-colour channel (V) by Otsu’s method
- Noise/pedicel removal (by means of morphological
transforms)

INDIVIDUAL OLIVE-FRUIT SEGMENTATION
- Marker-controlled Watershed segmentation

IMAGE POST-PROCESSING
- Border-components removal (by means of
morphological transforms)

l
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FIGURE 5. Representative diagram of the methodology proposed in [49]
for the segmentation of the olive-fruits which appear in an image
stochastically positioned.

Binary images, segmented
at fruit level

of luminosity, between the fruits and background to perform
the segmentation of the images. This latter, by discriminant
analysis-based global thresholding [52]. After that, and by
morphological analysis, the resulting binary images are trans-
formed in order to yield a set of markers with which it is
carried out an eventual marker-controlled Watershed segmen-
tation [53]. This last step allows to separate those connected
components which may appear wrongly fussed, for belonging
to fruits that are touching each other in the original capture.
Fig. 5 offers a diagram briefly describing this procedure.
Fig. 6 shows the result of its application to one of the images
initially acquired for this study.

Once images are binarized, and the contained components
are correctly isolated by applying this methodology, each of
them is extracted and individually included in a new square
binary image of 501 pixels high and wide. It should be noted
that each component is positioned at the centre, i.e., matching
its centre of mass with the centre of the 501 x501 frame. Here-
after, the rest of the processing is applied to these individual
olive-fruit images.

As the generated images are binary, fruits appear as
flat objects. The next step pursues to transform them into
olive-fruits with a depth consistent with their shape. To do
so, a weighing function based on the distance transform
is applied, converting the binary images into a greyscale
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(c)

FIGURE 6. (a) Original image; (b) image (a) segmented according with the procedure proposed in [49]; (c) closeup of the red-squared area in image (b).

format. Hence, different grey level values are assigned to
each olive-fruit pixel, thus providing the sphericity and three-
dimensionality of the fruits [49]. So, being p a foreground
pixel of a binary image f of 501x501 pixels in size which
contains a single centred olive-fruit, the grey level value v,
assigned to p in the transform image can be computed as
follows:

vp = log3(1+2 x [DOI(p)), M

where D refers to the distance function [54] applied to
image f, so the expression [D(f)](p) can be defined as the
Euclidean distance between p and the nearest background
pixel, g. Mathematically:

[DO1(p) = min{d:(p, ¢) | f (¢) = 0},
de(p, q) = \/(px — 3 — (py — qy)*.

(€))
3)

where (px, py) and (gx, gy) are, respectively, the coordinates
of the pixels p and g.

The entire process is illustrated in Fig. 7. Note that for
the sake of facilitating the visualization of the partial results
of the methodology, a sub-image of the original one, which
contains a batch of 50 olive-fruits, is used. On the other
hand, Fig. 8 shows examples of individual olive-fruit images
obtained by the procedure proposed, for each of the varieties
considered in the investigation.
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B. IMAGE CLASSIFICATION

1) IMAGE DATASET ORGANIZATION

As commented before, the image dataset used throughout
the experimentation was generated from photographs of 400
olive-fruits per variety. As proposed in section IV-A, initial
captures were processed to obtain individual fruit images,
yielding a total of 2,800 of them (400 per each of the seven
varieties). 1,050 out of the 2,800 images (150 per vari-
ety) were kept for external validation, whereas the resting
1,750 images (250 per variety) were used for training the
different CNNs. In order to increase this training dataset,
a data augmentation based on image rotation was carried
out.

Therefore, per single-fruit image belonging to the train-
ing set described hereabove, a rotation transform of 45°
was applied. This transformation was repeated by using the
resulting image, and so on until seven rotations were per-
formed. Thus, seven extra images were yielded per fruit.
Hence, in short, the 1,750 fruits (250 per variety), initially
photographed in batches of 50, delivered 14,000 501 x 501
pixel-resolution images (2,000 per variety), each of them
contains a single olive-fruit. On the other hand, it should
be noted that the CNN architectures considered were imple-
mented such that the input expected for all of them was
3-channel images. Since the methodology proposed is based
on greyscale images, the image-structures obtained by the
procedure described hereabove are triplicated and integrated
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FIGURE 8. Examples of individual olive-fruit images obtained for each of the varieties under study, after transforming initial captures by the proposed
procedure: (a) Arbequina variety; (b) Arbosana variety; (c) Changlot Real variety; (d) Lechin de Sevilla variety; (e) Ocal variety; (f) Picual variety;

(g) Verdial de Huévar variety.

into the same file, so the final images are made up of
three channels containing exactly the same information.
Fig. 9 illustrates the data augmentation performed.

Table 1 summarizes, per variety, how the corresponding
image dataset was organized.

2) CNN TRAINING

Implementations of the considered CNN architectures were
trained in order to potentially perform the classification of
the olive fruits. To that end, first, the 14,000 individual-fruit
training images were appropriately labelled according to their
variety. Then, as the CNN architectures were available pre-
trained with the thousands of images contained in the Ima-
geNet dataset [37], transfer learning [19] was accomplished
to retain convolutional patterns a-priori ‘known’ by the nets.
However, all implementations were modified in order to
consider the right number of classification classes. Indeed,
ImageNet contains labelled images from 1,000 categories,
while the present study considers seven not included in that
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set, those in accordance with the olive cultivars under study.
Therefore, the output layer was conveniently modified in all
cases by reducing it to seven classification nodes.

Here below, Table 2 details the configuration parameters
and the main training milestones for the different CNN archi-
tectures tried.

Each of the CNNs were trained during a different number
of epochs, depending on the particularities of each architec-
ture which makes them to converge to an optimum result at a
different pace. This convergence was judged by analysing the
partial results offered by the loss function evolution during
training. In the same way, the mini-batch size used was not
necessarily the same for the different architectures either.
Indeed, this parameter was adapted to each specific case for
optimising the learning time. It should also be noted that
during training and before every epoch, the training-data was
shuffled. When dividing the training dataset into mini-batches
of a same given size, the division was not exact for any
case, thus producing residual images not used in the learning
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501x501 pixel- resolution
grey-scale image

ROTATION-BASED DATA AUGMENTATION

(00

RGB image file (same
information per channel)

FIGURE 9. Representative diagram of the rotation-based data augmentation performed.

TABLE 1. Materials: organization of the image dataset.

Number of fruits Initial captures with  Individual-fruit images Training individual- Validation individual-
samples multiple fruits fruit images fruit images
i-th variety 400 8 400 2,000° 150
Total (7 varieties) 2,800 56° 2,800 14,000° 1,050

50 fruits per capture.
b After data augmentation.

process. Thanks to data shuffling, the residual images were
substituted after every training epoch, thus exploiting the
knowledge provided by the whole imagery.

Fig. 10 shows the three maximum filter responses pro-
duced by the five convolutional layers of AlexNet, after
being trained, when it is excited with sub-image (a). It shows
how the outer layers model gross distinctive features of the
olive, whereas the inner ones focus on the subtle details.
Regarding these last, note how the depth given to the fruit
in the pre-processing is captured and exploited by the net for
characterisation.

3) CNN VALIDATION
Once the networks were trained, they were tried in classify-
ing the images corresponding to the external validation set.
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This, in order to assess the goodness of the models yielded
after the training process.

The metric proposed for quantifying the performance of
the classifiers was based on the ratio between the numbers of
fruits correctly categorized within a specific variety, and the
total number of them included in the corresponding validation
subset. Mathematically:

“

where hcy, is the number of olive-fruits of the variety v
correctly categorized by the convolutional neural network
CN, and N, correspond to the total number of fruits (actually
images of individual fruits) belonging to that variety, in the
external validation set. N,, will be 1,050 in all cases.
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TABLE 2. Summary of the configuration of the CNNs, and the main milestones registered from their training.

. . Inception-
AlexNet InceptionV1 InceptionV3 ResNet-50 ResNet-101
ResNetV2
Epochs 168 85 67 50 77 74
Iterations 117,648 26,598 37,602 14,090 43,202 103,661
Mini-batch size 20 45 25 50 25 10
Input image size =~ 227x227 224x224 299x299 224x224 224x224 299%299
(pixels)
Learning rate 0.001 0.001 0.001 0.001 0.001 0.001
I

(b) (©)

(e)

(@ U}

FIGURE 10. Representation of the three maximum filter responses produced by AlexNet to the input image (a); the net was trained with the set
of 14,000 individuals kept to this effect. Responses follow the order of their corresponding layers, being (b) those from the outer layer and (f) from the
inner. Note how finer details are characterised as the layer is deeper. Also, analyse how the depth given to the fruits in the pre-processing is exploited

by the net, especially in the deeper layers, for fruit characterisation.

In addition, the average hit-rate obtained by each classifier,
CN, is defined as follows:

HR
2 HRew.y #VCN’”, )

where #v refers to the number of olive varieties (seven in the
present case study).

HRcy =

V. RESULTS AND DISCUSSION

Table 3 shows the results, in terms of the metrics defined in
(4) and (5), obtained with the six different CNN architec-
tures. The results were measured from the classifications per-
formed by the different CNNss for the total of 1,050 individual
olive-fruit images in the external validation set.

As it can be checked, Inception-ResNetV2 offered the
overall best results. Nevertheless, exclusively attending to
these outcomes, the differences in terms of accuracy among
the different architectures, maybe excepting that given by
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AlexNet, was not substantial enough to draw definitive con-
clusions regarding the supremacy of one of them for the case
of study. Indeed, in general, performance of all classification
models was remarkable, with an average accuracy above 90%
in almost all cases.

For a certain image, the CNN output provides a proba-
bility value of belonging to each of the seven varieties. The
higher the probability given of belonging to the correct class,
the better the CNN was able to correctly recognise the variety.
Table 4 details the average probability, of belonging to the
correct class, and the corresponding standard deviation given
by the different architectures when classifying the 150 images
of each of the seven varieties; figures are also calculated
considering images from all varieties as a whole. It can
be identified that Inception-ResnetV2 also outperformed the
other alternatives from this perspective; AlexNet was again
the less accurate solution.
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TABLE 3. CNN implementations tested accuracy, based on results obtained after classifying the images which integrate the external validation set.

CNN architecture

Variety AlexNet 11;1;;:5 ;(\)/nz- InceptionV1 InceptionV3 Resnet-50 Resnet-101
(HRcny) ey (HRcy,) (HRcx,) (HRcx) (HRcn)
Arbequina 0.9333 0.9333 0.9467 0.9533 0.9400 0.9267
Arbosana 0.9133 0.9067 0.9467 0.9400 0.9133 1.0000
Changlot 0.8667 0.9400 0.9200 0.9600 0.9600 0.9333
Lechin 0.8333 0.8867 0.9267 0.9067 0.9200 0.9067
Picual 0.9467 0.8933 0.9600 0.9600 0.9400 0.9867
Ocal 0.9133 0.9333 0.9667 0.9933 0.9667 0.9733
Verdial 0.8867 0.9333 0.9733 0.9600 0.9400 0.9867
Overall 0.8990 0.9181 0.9486 0.9533 0.9400 0.9591
TABLE 4. A ge (x) and standard d (o) of the probability of belonging to the correct class given by the different architectures, measured on the

150 images of each of the seven varieties, and also considering images from all varieties as a whole.

CNN architecture

Inception-
ResnetV2
(x,0)

InceptionV1
(x,9)

InceptionV3
(%,0)

Resnet-50
(%,0)

Resnet-101
(%, 0)

(0.9333,0.2199)
(0.9894, 0.0573)
(0.9183,0.2404)
(0.9077, 0.2539)
(0.9743,0.1154)
(0.9757, 0.1346)

(0.9738, 0.1046)

(0.9280, 0.2240)
(0.9081, 0.2632)
(0.9294, 0.2283)
(0.8767, 0.2880)
(0.8938, 0.2771)
(0.9318, 0.2244)

(0.9324, 0.2184)

(0.9419, 0.2029)
(0.9312,0.2199)
(0.9075,0.2319)
(0.9076, 0.2286)
(0.9465, 0.1762)
(0.9630, 0.1490)
(0.9637,0.1314)

(0.9477,0.1910)
(0.9342, 0.2007)
(0.9461,0.1792)
(0.8990, 0.2371)
(0.9449, 0.1702)
(0.9701, 0.1005)

(0.9469, 0.1822)

(0.9374, 0.2094)
(0.9100, 0.2563)
(0.9561,0.1583)
(0.8993, 0.2493)
(0.9339, 0.2135)
(0.9668, 0.1300)
(0.9639, 0.1409)

Variety (Ail’e;;\let
Arbequina (0.9283, 0.2241)
Arbosana (0.8913, 0.2605)
Changlot (0.8610, 0.3120)
Lechin (0.8270, 0.3448)
Picual (0.9293, 0.228)
Ocal (0.9001, 0.2665)
Verdial (0.8901, 0.2855)
Overall (0.8896, 0.2789)

(0.9532, 0.1783)

(0.9143, 0.2485)

(0.9373, 0.1961)

(0.9413,0.1852)

(0.9382, 0.2011)

Thus, for the case of the images of Arbosana, the average
probability of belonging to that variety provided by the net
was 0.9894, with a very small standard deviation of 0.0573.
This effect can be also found for the case of Lechin, Picual,
Ocal, Verdial and considering all instances together. As with
results from Table 3, differences were not so significant so as
to take assertive conclusions. Notwithstanding, both sets of
outcomes induce to analogous reflections.

It is worth noting that the CNN based on the AlexNet
architecture, closely followed by the InceptionV1-based one,
yielded the poorest results in both cases. The rest of CNNs
performed better. To note that they all suppose a considerable
increase of layers when compared with AlexNet and the
first version of the Inception architecture. But nor this fact,
neither the use of shortcuts-based architectures, as it happens
in some of the cases (note that Resnet-50 yielded better results
than Resnet-101), could necessary justify the better accuracy.

147638

At least more than the evidence that these four CNNs corre-
spond to more recent and refined neural networks models.
Hence, it should be necessary to undertake more research
before stating the association between accuracy and the depth
of the network. Be that as it may, such a homogeneous and
general accurate result registered for all CNNs spotlights that
the initial hypothesis of using the morphological modelling of
the fruits as distinguishing characteristic is potentially valid.
Indeed, given the reasons why colour features might not be
appropriate to carry out an accurate variety categorization,
the methodology proposed is potentially more suitable in
order to achieve a more generalisable solution.

A contingency table is presented in Table 5 for the clas-
sifications performed by Inception-ResnetV2. As it can be
observed, the net overestimated some classes and underes-
timated others. Of special interest is the analysis of the actual
class Arbequina, where six of their images were wrongly
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TABLE 5. Contingency table of the classification performed by Inception-ResnetV2 on the set of images for external validation.

Actual class

flr:;dslcted Arbequina Arbosana Changlot Lechin Picual Ocal Verdial l;:gfézg
Arbequina 139 0 0 ! 0 0 0 140
(92.67%) (0.0%) (0.0%) (0.67%) (0.0%) (0.0%) (0.0%)
Arbosana 6 150 0 : ! 0 0 158
(4.0%) (100%) (0.0%) (0.67%) (0.67%) (0.0%) (0.0%)
Changlot ! 0 140 2 0 ! ! 145
(0.67%) (0.0%) (93.33%) (1.3%) (0.0%) (0.67%) (0.67%)
Lechin ! 0 3 136 ! 0 0 141
(0.67%) (0.0%) (2.0%) (90.67%) (0.67%) (0.0%) (0.0%)
Picual 0 0 4 1 148 0 0 153
(0.0%) (0.0%) (2.67%) (0.67%) (98.67%) (0.0%) (0.0%)
Ocal 2 0 0 8 0 146 1 157
(1.3%) (0.0%) (0.0%) (5.3%) (0.0%) (97.33%) (0.67%)
Verdial ! 0 3 ! 0 3 148 156
(0.67%) (0.0%) (2.0%) (0.67%) (0.0%) (2.0%) (98.67%)
Actual instances 150 150 150 150 150 150 150 1050

classified as Arbosana. This phenomenon could be relevant
if it would have also appeared in the contrary case, as it
could indicate certain difficulty for the CNN to distinguish
between both varieties. However, none of the Arbosana
images were misclassified as being from Arbequina. A sim-
ilar case occurred when attending to the actual class Lechin,
as eight of its images were classified as Ocal. Notwithstand-
ing, as for the previous case, there were not any images from
Ocal classified as Lechin. This fact strengthen confidence
in the capability of the net for discriminating among the
different varieties thanks to the image pre-processing applied,
and points to enrich the training set with more variability to
obtain even better results.

VI. CONCLUSION

The purpose of this study was to assess the viability of a
Computer Vision-based methodology to support the auto-
matic and individual classification of olive-fruits, according
to the variety they belong to. To that end, it was designed
a procedure, based on image processing and analysis and
CNNes, for developing a set of image classifiers. To the best
to authors’ knowledge, the presented algorithm is the first
available proposal achieving that end in a non-invasive and
accurate manner.

Hence, these image classifiers showed a remarkable
behaviour in terms of performance, as high rates of accuracy
were obtained in general for all of them, and in particular
for the deeper CNN architectures. The outstanding accuracy
found for all the different CNN architectures and versions,
provides strong signs to validate the initial hypothesis of
using morphological modelling of the fruits as distinctive
varietal feature, at the expense of discarding colour charac-
teristics.

Despite the quality of the results, further work may be
approached by increasing the number of elements the neural
networks were trained with. This, to the purpose of testing if
it is possible to yield even better accuracy. Along the same
lines, future research should include new olive cultivars in

VOLUME 7, 2019

order to evaluate the goodness of the methodology proposed,
as a general solution to the olive-fruit variety classification.

In addition, it should be underscored that the background
the methodology proposed is based on, is aimed to satisfy
real-time inspection of olive-fruits when they are transported
on a real conveyor belt. By integrating the image processing
procedure here presented to transform the initial captures of
the fruits, and by applying the classification models com-
puted, an integral solution could be built, potentially applica-
ble to the olive sector, able to perform real time labelling of
the olive-fruits, thus making possible their automatic grading
and variety-based classification. Particularly, variety-based
classification could have an important impact in reducing har-
vesting costs, as the need of sequentially processing collected
fruits of a single variety at a time would disappear; by this
way, harvesting could be organised by attending exclusively
to the optimisation of operative costs. Additionally, the ability
to classify olive-fruits in line could also have an impact in
optimising the available space at the warehouse.
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Estimacion automatizada del peso de aceitunas
mediante analisis de imagen
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Resumen

El calibrado y seleccion de productos agricolas es una actividad de gran relevancia dentro de la industria agroalimentaria.
Este estudio, centrado en el sector del olivo, presenta una soluciéon basada en analisis de imagen que permite la estimacion
automatica y no invasiva del peso de un conjunto de aceitunas, a partir de una serie de fotografias de las mismas. Considerando
dos variedades distintas de aceituna (Arbequina y Picual), se ha desarrollado un algoritmo de segmentacion a partir del cual se
extrae la informacion necesaria para computar modelos de prediccion de peso. Una vez aplicados dichos modelos sobre los
correspondientes conjuntos de validacion, se ha podido comprobar, a través del célculo de la raiz del error cuadratico medio
(RMSE) cometido, la eficacia del método propuesto y su validez como base para el desarrollo de un sistema de calibrado de
aceitunas de bajo coste basado en vision artificial.

Palabras Clave:
aceituna, peso, segmentacion, vision artificial, estimacion.

Automated Olive-fruit weight estimation by means of image-analysis.
Abstract

The sizing and sorting of agricultural commodities is a high relevance activity in food industry. This study, focused on the
olive farming sector, presents a solution based on image analysis which allows the automatic and non-invasive estimation of the
weight of a set of olive fruits. Considering two different varieties of olive fruits (Arbequina and Picual), a segmentation algorithm
able to extract from images the needed information to compute the weight prediction models was developed. The effectiveness
of the proposed method was assessed by calculating the root-mean-square error (RMSE) produced by the models when applied
to the corresponding external validation sets. The measured results show evidences of viability as a base to the development of
a low-cost olive fruit grading system based on machine vision.

Keywords:
olive fruit, weight, segmentation, machine vision, estimation.

1. Introduccion auge en popularidad y el creciente consumo que, en los tltimos
afios, han experimentado los principales productos que derivan
El cultivo del olivo se ha convertido en una actividad  de la industria sustentada por dicho cultivo: las aceitunas de
agricola de gran peso y relevancia en la actualidad. Con una  mesa y el aceite de oliva. No en vano, y de acuerdo con datos
gran presencia y tradicion en la cuenca mediterranea, zona que  del Consejo Oleicola Internacional, el consumo de aceitunas
ha concentrado historicamente a los principales paises  de mesa se ha visto incrementado en mas de un 170% en los
productores, su laboreo se ha extendido alrededor de todo el ultimos 25 afios, y las expectativas de consumo de aceite de
mundo en las ultimas décadas, y ya es practicada en lugares tan ~ oliva para el curso 2016/17 hablaban de 2.800.000 toneladas a
dispares como el continente americano, Australia y Nueva  nivel mundial (I0C, 2018).
Zelanda, e incluso en China o el sudeste asiatico (I0C, 2018). Con el objeto de satisfacer esta creciente demanda, toda la
La principal razon de dicha expansion pasa por el espectacular ~ industria generada alrededor del olivo ha de afrontar
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numerosos retos, muchos de ellos de caracter tecnolégico, ante
una imperativa necesidad de modernizacion de todos sus
procesos.

El tamafio y peso, ademas de otras caracteristicas fisicas, de
los productos derivados de la actividad agricola son datos de
gran valor para su industria. La clasificacion y/o seleccion de
los frutos en base a estos parametros es tarea de especial
importancia en segiin qué cultivos, siendo de vital relevancia
en el caso del fruto del olivo. Asi, en el caso de, por ejemplo,
la aceituna de mesa, el proceso de calibrado, y la precision del
mismo, tienen un especial impacto en el producto final, dadas
las expectativas de homogeneidad en cuanto a tamafio que se
le presupone al consumidor final.

Frente a las tradicionales soluciones de caracter mecanico,
los sistemas de vision artificial comienzan a ganar interés
dentro de la industria de transformacion agroalimentaria
(Benalia et al., 2015; Gémez-Sanchis et al., 2013; Pallottino et
al., 2013a, b). Ante este escenario, este tipo de tecnologia
puede ser de gran valia dentro del sector oleicola ya que no
s6lo abre la puerta a sistemas de clasificacion y seleccion del
fruto menos agresivos con éste, sino que ademas hacen posible
la adquisicion de una informacion antes inaccesible.

El presente estudio propone un sistema de estimacion de
peso basado en analisis de imagen. En concreto, el algoritmo
desarrollado es capaz de estimar el peso individual de las
aceitunas contenidas en una imagen digital, empleando
técnicas basadas en morfologia matematica y segmentacion
por umbralizacion.

2. Materiales y metodologia

2.1. Adquisicion de imagenes y datos de referencia

Para el presente trabajo se cosecharon, en enero de 2018,
muestras de aceituna de las variedades Arbequina y Picual. De
ellas se seleccionaron 200 individuos por variedad para
generar los conjuntos de estudio. En el caso de la variedad
Arbequina, se establecieron los siguientes 5 conjuntos: Al, A2
y A3, con 40 individuos por conjunto, A4 con 50 individuos, y
A5 con 30. Para la variedad picual, se formaron 4 conjuntos,
P1, P2, P3 y P4, con 50 individuos cada uno.

Establecidos los conjuntos de estudio, se procedio al
fotografiado de los mismos. Para ello, sus frutos integrantes
fueron dispuestos de forma ordenada, y separados los unos de
los otros, sobre un tapete blanco (véase un ejemplo de captura
en la Fig. 1). Las imagenes fueron tomadas con la camara
digital sin espejo LUMIX DMC-GH4 (Panasonic, Kadoma,
Osaka, Japén). Esta fue configurada en modo manual, con una
apertura de f/8, un tiempo de exposicion de 1/500s, una
sensibilidad ISO de 400 y una distancia focal de 14mm. Para
iluminar la escena, se utilizaron dos lamparas haldogenas de
500W, con una temperatura de color de 3300k. La camara fue
situada por encima del tapete sobre el que se situaron las
aceitunas a fotografiar mirando perpendicularmente a éste. Los
focos se situaron a la misma altura, orientados hacia el punto
de enfoque de la camara. Las capturas fueron almacenadas en
formato JPG, con una resolucion de 4608%2592 pixeles, una
densidad de 180 pixeles por pulgada y una profundidad de
color de 24bits.
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Figura 1: Ejemplo de imagen capturada para uno de los conjuntos de aceituna
bajo estudio.

Una vez finalizada la captura de las imagenes de los
conjuntos, se realizo el pesado individualizado (en gramos, g)
de cada fruto usando la balanza de precision KERN PCB 3500-
2 (KERN & Sohn GmbH, Balingen, Alemania). Finalmente,
cada medicidn se asoci6 univocamente, mediante etiquetado, a
su correspondiente aceituna fotografiada.

2.2. Algoritmo de andlisis de imagen

La metodologia propuesta se basa en la extraccion
automatica de caracteristicas de las imdagenes que son
descriptivas del peso de las aceitunas. Para ello, el algoritmo
desarrollado emplea técnicas basadas en morfologia
matematica y segmentacion por umbralizacion.

2.2.1. Preprocesamiento

En primer lugar, las imagenes se escalan a un 40% de su
tamafio original mediante interpolacion bicubica, ello para
reducir la carga computacional de los algoritmos.
Seguidamente, se aplica un filtrado gaussiano para la
atenuacion de ruido de sal y pimienta, con kernel de 5x5 y
desviacion tipica de 0.8. Finalmente, las imagenes se
transforman, desde su espacio de color nativo RGB, a una
representacion en base al espacio de color HSV (del inglés
Hue, Saturation, Value). Esta eleccion estuvo motivada por las
caracteristicas propias de las imagenes capturadas en
laboratorio, asi como por la propia naturaleza del experimento.
Y es que, en efecto, abordar una segmentacion basada en
caracteristicas de color carecia de sentido aqui, al no existir
garantias de homogeneidad entre las distintas aceitunas en
cuanto a matiz (hecho especialmente destacable en la variedad
Arbequina). Sin embargo, el utilizar un tapete de color blanco
como fondo de escena propicié que sus pixeles presentaran
valores de color o luminosidad considerablemente mayores a
los de los pixeles pertenecientes a las aceitunas. Por todo ello,
se decidi6 la conversion de las imagenes al espacio HSV, que
proporciona la informaciéon de luminosidad, en el canal V,
desacoplada de otras caracteristicas. Cabe mencionar que hay
mas espacios de color potencialmente validos para este trabajo
por ofrecer la misma caracteristica, como por ejemplo los
CIELAB (canal L) (Connolly and Fliess, 1997) o HSL (canal
L) (Sonka et al., 2014), entre otros.

2.2.2. Segmentacion de las aceitunas

Una vez ejecutada la transformacion al espacio HSV, el
canal correspondiente a la informacion del valor de color
(value en inglés) es almacenada en una matriz independiente,
y tratada a partir de este punto como una imagen en escala de
grises que, tras diversas transformaciones, sera finalmente la
imagen binarizada.
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Para la matriz contenedora de dicha componente, se realiza
una inversion de los valores de sus elementos en base al
maximo valor de gris contemplado, esto es 255. Asi, sea V' la
imagen definida en el intervalo [0,...,255] (8 bits)
correspondiente al canal Value del espacio de color HSV, la
imagen Vivy es la que resulta de la siguiente operacion:

Vigy = 255 —V

Con esto, el objetivo perseguido es que los valores de gris
mayores (mas proximos al blanco) sean los propios de los
pixeles que se corresponden con las aceitunas, y que, por tanto,
el fondo de la imagen pase a ser la parte mas oscura de ésta.

A continuacion, para obtener una estimacion de fondo, se
realiza una apertura morfoldgica sobre la matriz resultante de
la inversion de valores anterior, Viyy:

I, = Yﬁ(luvv) = 53(513(11NV))

donde f es un elemento estructurante circular de radio 50
pixeles (lo suficientemente grande como para contener
completamente una aceituna de la imagen), y J y ¢ las
operaciones morfoldgicas basicas de dilatacion y erosion,
respectivamente (Soille, 2013).

En busqueda de una imagen de alto contraste entre las
aceitunas y el fondo, la estimacion de fondo calculada es
sustraida a la matriz de la que origina:

L

Ie = iy —
donde /¢ es la imagen de alto contraste.

Como ultima transformacion previa a la segmentacion
definitiva, se aplica una operacion de relleno por difusion
para rellenar los “huecos” que aparecen sobre las aceitunas, y
que se corresponde con los puntos de maximo brillo,
consecuencia del fenémeno de reflectividad maxima de la luz
sobre la  superficie convexa de los  frutos.
Complementariamente, y debido al procesamiento previo
aplicado, este operador promueve también la homogeneizacion
de los wvalores de gris del fondo de la imagen.
Matematicamente:

— &
I = Ri,(Im),
donde R es la operacion de reconstruccion morfoldgica,
consistente en la erosion (e) iterativa de la imagen I,, con
respecto a I, con un elemento estructurante unitario, hasta la

idempotencia (Soille, 2013):

Ri.(In) = €] (I), siendo

1.( ) _ { IC(x,y) st (X,y) € borde de Ic
m Y= max(le) en otros casos’
el () = el ), elllm) = gpoyUm) VI

Finalmente, la imagen resultante I, ain en escala de grises,
es sometida al proceso de binarizacion por umbralizacién. Para
ello, se establece como umbral su minimo valor de gris, el cual
representa a los pixeles pertenecientes al fondo (como ya se ha
comentado, el proposito de algunas de las transformaciones
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realizadas es el de conseguir la uniformidad en cuanto a valor
para dichos pixeles). Asi, los valores por encima de dicho
minimo se asocian con pixeles de aceituna y se segmentan del
fondo (ver Figura 2):

255
0

si Iz (x,y) > min(Ip)

I X,y) = {
sin(6) en otros casos

Figura 2: Resultado de la segmentacion de la imagen mostrada en la Fig. 1.

2.2.3. Postprocesamiento

Como ultimo paso, se aplica una apertura morfoldégica con
un elemento estructurante pequefio para “limpiar” la imagen
binaria resultante de aquellas componentes conexas con un
area anormalmente pequefla como para corresponder a una
aceituna segmentada:

Ipgr = Yp Ugin),

donde f es un elemento estructurante circular de 10 pixeles
de radio.

2.2.4. Evaluacion de la calidad de la segmentacion

Se realizd una segmentacion a mano para cada una de las
capturas, utilizando un editor de graficos, con el objetivo de
obtener un resultado lo mas cercano posible a una
segmentacion ideal (Gold Standard). El conjunto de imagenes
de referencia resultante fue utilizado para, mediante
comparacion con las generadas por el algoritmo, determinar la
calidad de la segmentacion proporcionada por éste. Mediante
dicha comparacion, se hace posible el computo de las métricas
RC (Recall) y PC (Precision) propuestas a continuacion:

TP
" TP+FN

TP

ke ~ TP+ FP

PC

Doénde TP (True Positives), se refiere al nimero de pixeles
categorizados por el algoritmo como pertenecientes a una
aceituna (son pixeles blancos en la imagen binarizada) que
también lo son segun la segmentacion ideal (Gold Standard).
FN (False Negatives), se corresponde con el nimero de pixeles
erroneamente clasificados como no pertenecientes a alguna
aceituna. De la misma forma, FP (False Positives), se refiere
al mimero de pixeles considerados erréoneamente como
pertenecientes a alguno de los frutos, en base a la clasificacion
propuesta por la segmentacién Gold Standard.
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Junto a RC'y PR, se propone una tercera métrica, Fueasure,
basada en los mismos principios, y que evalua la calidad global
de la segmentacion:

_, PC x RC
“ " PC+RC

2.3. Extraccion de informacion y desarrollo del modelo de
estimacion

Una vez generadas las distintas segmentaciones a partir de
las capturas iniciales, es necesario extraer de éstas la
informacion necesaria para realizar un estudio de correlacion
con las mediciones de peso tomadas previamente en
laboratorio. Dentro de cada imagen binaria, para cada region o
componente conexa correspondiente a un fruto, se calcula el
numero de pixeles que la integran; éste es el valor a enfrentar
con el peso medido en gramos de la aceituna correspondiente.

Una vez es adquirido este conjunto de datos, para cada una
de las dos variedades consideradas en el experimento, se
procede como sigue: del conjunto de 200 frutos que comprende
la muestra de estudio, se toman 50, representando la
variabilidad del conjunto de la muestra, para conformar un
conjunto de entrenamiento. Mediante un analisis de regresion,
basado en la relacion de dependencia entre los pesos de las
aceitunas de dicho conjunto y el nimero de pixeles que
corresponden a las mismas (segin lo aportado por la
segmentacion), se obtiene la recta de regresion que determina,
mediante la ecuacion que la describe, el modelo predictivo
obtenido. Este modelo es aplicado sobre los 150 frutos
restantes, actuando dicho subgrupo como conjunto de
validacion externo, a partir del cual se evalta la calidad del
modelo.

Insistiendo en que este procedimiento es realizado de forma
independiente para cada una de las variedades, en ultima
instancia, se contempla la generacion de un nico modelo
valido para ambas de forma conjunta. Para ello, se hace uso de
los dos conjuntos de entrenamiento establecidos
anteriormente, abordando el analisis de regresion a partir de la
unién de ambos, y aplicando el resultado sobre la suma de los
conjuntos de validacion externa correspondientes.

2.3.1. Evaluacion de la calidad de los modelos de estimacion

Una vez calculados los modelos de prediccion, y aplicados
éstos sobre las poblaciones correspondientes, se llevo a cabo
una evaluacion final de las estimaciones realizadas. Para ello
se recurrio al calculo de la raiz del error cuadratico medio,
segun lo establecido a continuacion:

s — y)?
n

RMSE =

Donde %, y y; son, respectivamente, el valor predicho y el
valor real del peso, para el fruto i-ésimo de la muestra tratada,
de un total de n elementos.

También se realiz6 el calculo del error cuadratico relativo a
la media como porcentaje, en base a la siguiente definicion:

RMSE
<—— x 100
i=1Yi
n

SE

ISBN 978-84-09-02635-7

93

Finalmente, se determind el error relativo (como
porcentaje), una vez mas para cada modelo y la poblacion de
aceitunas correspondiente. Dicho error se calculd segin se
indica a continuacion:

|E| =

n 7 — .
|21=1(3/L yi)l 100

i=1Ji

3. Resultados y discusiéon

3.1.  Resultados de la evaluacion de calidad de la
segmentacion

Como se ha comentado anteriormente, la viabilidad del
algoritmo para la segmentacion ha sido testada en base a la
comparacion de las imagenes generadas por éste con
segmentaciones presumiblemente ideales (Gold Standard),
generadas a mano. Esto, a través de las métricas propuestas en
el apartado anterior. En la Tabla 1 se muestran los resultados
obtenidos, mostrando los valores para cada una de las
segmentaciones realizadas. Segtn los datos recogidos en ella,
se puede concluir la solidez del algoritmo de segmentacion
propuesto. Destacar que no se observan importantes
diferencias entre las distintas variedades, manteniéndose los
resultados obtenidos siempre dentro de unos margenes
similares. Esta uniformidad respalda la decisién de no basar el
proceso de segmentacion en caracteristicas de color (dadas las
significativas diferencias en cuanto a tono entre las dos
variedades bajo estudio), y sugiere su correcto funcionamiento
tratando nuevas variedades, o frutos de ésta en distintos estados
de maduracion. Otra de las bondades aportadas por el método
es su eficacia a la hora de detectar Unicamente aquellas
componentes conexas que se corresponden con aceitunas,
descartando en la segmentacion final cualquier componente
anomala que no pueda corresponderse con algin fruto. Esto
hace posible determinar de forma exacta el nimero de frutos
que aparecen en cada imagen.

Tabla 1: Resultados de la evaluacion de la calidad y precision de las
segmentaciones realizadas por el algoritmo propuesto.

muestra RC PC Freasure
Al 1 0,8633652 0,9266731
A2 1 0,87684168  0,93438002
A3 1 0,88152872  0,93703456
A4 1 0,89458439 0,9443595
AS 1 0,8669487 0,92873329

promedio 1 0,87665374  0,93423609
P1 0,99997252  0,87503607  0,93334188
P2 1 0,89381748  0,94393202
P3 0,99999426  0,88897784  0,94122379
P4 1 0,90662967 0,9510286

promedio 0,99999336  0,89111527  0,94238157

3.1. Resultados de la evaluacion de calidad de los modelos de
prediccion

La correlacion existente entre los resultados de
segmentacion (las areas como numero de pixeles de las
componentes conexas que pertenecen a los frutos) y las
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mediciones de peso de las aceitunas correspondientes, puede
observarse en los graficos mostrados en las figuras 2, 3 y 4.
Notese los altos valores de correlacion obtenidos en la
obtencion de los modelos de estimacion, en todos los casos,
por encima de 0.9.
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Figura 2: Obtencion del modelo de prediccion de peso para la variedad
Arbequina a partir del conjunto de entrenamiento.
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Figura 3: Obtencion del modelo de prediccion de peso para la variedad Picual
a partir del conjunto de entrenamiento.
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Figura 4: Obtencion del modelo de prediccion de peso independiente de la
variedad a partir del conjunto de entrenamiento.
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Por otra parte, con el objeto de ilustrar la calidad predictiva
de los modelos, se muestran en la Tabla 2 los resultados de su
aplicacion sobre los conjuntos de validacion externa.

Tabla 2: Resultados de las distintas mediciones computadas para evaluar la
calidad de los modelos de estimacion, tras ser estos aplicados sobre los
conjuntos de validacion externa correspondientes (segun variedad).

Variedad RMSE (g) SE (%) |E| (%)
Arbequina 0,131495 10,36649 7,406528
Picual 0,256875  8,105015 5,602251
Ambas
variedades 0,154839 6,97819 1,105803
(modelo global)
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Estos resultados ponen de relieve la viabilidad del método,
esto es, la estimacion del peso de distintas aceitunas capturadas
en una imagen a partir del nimero de pixeles que les
corresponden en ésta, y por extension, el uso del analisis de
imagen para dar solucion al problema planteado.

Atendiendo a que la calidad de la segmentacion para ambas
variedades es analoga, las leves diferencias en los valores de
error cometido en las estimaciones se pueden explicar por las
propias diferencias morfoldgicas existentes entre los frutos de
estas variedades. El método aproxima el problema mediante la
proyeccion de la aceituna en un plano, y considera que cada
pixel tiene una aportacion equitativa en su peso. Esta
aproximacion, aunque valida a tenor de los resultados
obtenidos, puede empobrecer éstos ligeramente para seglin que
variedades, en base a determinadas caracteristicas
morfolégicas, tales como su esfericidad.

Por otro lado, es interesante destacar la ausencia de indicios
de un beneficio claro en el uso de modelos especificos para
cada variedad en detrimento de un modelo general. Ello
potencia la usabilidad y generalizacion de la metodologia
desarrollada.

Finalmente, cabe también resefiar que no hay evidencias
claras que indiquen la necesidad de explorar modelos no
lineales mas complejos y de mas dificil manejo.

4. Conclusiones

En el presente estudio, se ha desarrollado un método para la
estimacion del peso de aceitunas mediante analisis de imagen.
Los resultados obtenidos muestran la solidez y precision de
éste, y respaldan el uso de este tipo de técnicas en la
implementacion de sistemas de calibrado y seleccion, basados
en vision artificial, dentro la industria olivicola.

Cabe destacar la estabilidad en el comportamiento del
método al tratar con dos tipos distintos de aceitunas y con
distintos estados de maduracion, hecho que pone de relieve sus
posibilidades como estimador independiente de la variedad.
Por otra parte, en todas las imagenes testeadas, el numero de
componentes conexas segmentadas por el algoritmo coincidié
exactamente con el nimero de frutos. Esta eficacia apoya la
confianza en el uso de la solucion presentada también para
realizar un control preciso del niimero de aceitunas procesadas
en un hipotético sistema real basado en ella.

El presente trabajo admite cierto margen para ser extendido
en investigaciones futuras. Asi, cabe la posibilidad de no sélo
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acometer la estimacion de los valores de peso de los frutos,
sino también el calibre de los mismos. Por otra parte, resultaria
interesante cuantificar el impacto de la ponderacion de la
contribucion de los pixeles de aceituna en la estimacion de su
peso. Por ultimo, es necesario corroborar los resultados
obtenidos sobre un conjunto de datos mas extenso, y
considerando un mayor numero de variedades de aceituna, al
objeto verificar su generalidad.
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Resumen

El calibrado y seleccion de productos agricolas es una
actividad de gran relevancia dentro de la industria
agroalimentaria. Este estudio, centrado en el sector
del olivo, presenta una solucion basada en andlisis de
imagen que permite la estimacion automdtica y no
invasiva del peso y calibre (ejes de simetria mayor y
menor) de un conjunto de aceitunas, a partir de una
serie de fotografias de las mismas. Utilizando dos
variedades distintas de aceituna (Arbequina y Picual),
se ha desarrollado un algoritmo de segmentacion, a
partir del cual se extrae la informacion necesaria
para computar modelos de estimacion para cada uno
de los parametros considerados. Una vez aplicados
dichos modelos sobre los correspondientes conjuntos
de validacion, se ha podido comprobar, a través del
calculo de la raiz del error cuadratico medio (RMSE)
cometido, la eficacia del método propuesto y su
validez como base para el desarrollo de un sistema de
calibrado de aceitunas de bajo coste basado en vision
artificial.

Palabras clave: aceituna, peso, calibre,

segmentacion, vision artificial, estimacion.

1 INTRODUCCION

El cultivo del olivo se ha convertido en una actividad
agricola de gran peso y relevancia en la actualidad.
Con gran presencia y tradicion en la cuenca
mediterranea, zona que ha concentrado histéricamente
a los principales paises productores, su laboreo se ha
extendido alrededor de todo el mundo en las ultimas
décadas, y ya es practicada en lugares tan dispares
como el continente americano, Australia y Nueva
Zelanda, e incluso en China o el sudeste asiatico [4].
La principal razéon de dicha expansion pasa por el
espectacular auge en popularidad y el creciente
consumo de los principales productos que derivan de
la industria sustentada por dicho cultivo: las aceitunas

958

98

de mesa y el aceite de oliva. No en vano, y de acuerdo
con datos del Consejo Oleicola Internacional (COI), el
consumo de aceitunas de mesa se ha visto
incrementado en mas de un 170% en los ultimos 25
afios [4], y las expectativas de consumo de aceite de
oliva, para el curso 2017/18, son de 3.000.000
toneladas a nivel mundial [12]. Con el objeto de
satisfacer esta creciente demanda, toda la industria
generada alrededor del olivo ha de afrontar numerosos
retos, muchos de ellos de caracter tecnoldgico, ante la
imperativa necesidad de modernizacién de todos sus
procesos.

El tamafio y peso, ademas de otras caracteristicas
fisicas, de los productos derivados de la actividad
agricola son datos de gran valor para su industria [6].
La clasificacion y/o seleccion de los frutos en base a
estos parametros es tarea de especial importancia en
segin qué cultivos, siendo de vital relevancia en el
caso del fruto del olivo [5, 9]. Asi, en el caso de, por
ejemplo, la aceituna de mesa, el proceso de calibrado,
y la precision del mismo, tienen un especial impacto
en el producto final, dadas las expectativas de
homogeneidad en cuanto a tamafio que se le presupone
al consumidor final.

Frente a las tradicionales soluciones de caracter
mecanico, los sistemas de vision artificial comienzan
a ganar interés dentro de la industria de
transformacion agroalimentaria [1,3,7,8]. Ante este
escenario, este tipo de tecnologia puede ser de gran
valia dentro del sector oleicola ya que no so6lo abre la
puerta a sistemas de clasificacion y seleccion del fruto
menos agresivos con éste, sino que ademdas hacen
posible la adquisicion de una informacion antes
inaccesible.

El presente estudio propone un sistema de estimacion
de peso y calibre (ejes mayor y menor) basado en
analisis de imagen. En concreto, el método presentado
es capaz de estimar el peso, asi como los didmetros
mayor y menor de cada una de las aceitunas
contenidas en una imagen digital, empleando técnicas



basadas en morfologia matematica y segmentacion
por umbralizacion. Dicha metodologia es desarrollada
a lo largo de la siguiente seccion. Asi, en primer lugar,
se recoge en detalle como se ha realizado la captura de
las imagenes, ademas de las mediciones de peso y
calibre de cada uno de los frutos. Seguidamente, se
exponen los distintos pasos acometidos por el
algoritmo de segmentacion propuesto para la
transformacion y binarizacion de dichas imagenes, y
se establecen los criterios para evaluar la calidad de las
segmentaciones obtenidas. Finalmente, es expuesto el
proceso de extraccion de datos caracteristicos del peso
y calibre desde las imagenes segmentadas, y la
generacion de los modelos de estimacion a partir de
éstos y de las mediciones previamente realizadas. En
la Seccion 3 son presentados y discutidos los
resultados obtenidos, tanto para las segmentaciones
realizadas como para los modelos de estimacion
computados. En el ultimo apartado (Seccion 4), a
modo de conclusiéon, se destacan algunas
implicaciones relacionados con los resultados
obtenidos, y se sugieren algunos aspectos a tener en
consideracion en futuras investigaciones.

2 MATERIALES Y
METODOLOGIA
2.1  ADQUISICION DE IMAGENES Y DATOS

DE REFERENCIA

Para el presente trabajo se cosecharon, en enero de
2018, muestras de aceituna de las variedades
Arbequina y Picual. De ellas se seleccionaron 200
individuos por variedad para formar los conjuntos de
estudio. En el caso de la variedad Arbequina, se
establecieron los siguientes 5 conjuntos: Al, A2 y A3,
con 40 individuos por conjunto, A4 con 50 individuos,
y A5 con 30. Para la variedad picual, se formaron 4
conjuntos, P1, P2, P3 y P4, con 50 individuos cada
uno.

Establecidos los conjuntos de estudio, se procedi6 al
fotografiado de los mismos. Para ello, sus frutos
integrantes fueron dispuestos de forma ordenada, y
separados los unos de los otros, sobre un tapete blanco
(véase un ejemplo de captura en la Fig. 1). Las
imagenes fueron capturadas con una camara digital sin
espejo, y equipada con sensor NMOS, modelo
LUMIX DMC-GH4 (Panasonic, Kadoma, Osaka,
Japén). Esta fue configurada en modo manual, con una
apertura de /8, un tiempo de exposicion de 1/500s,
una sensibilidad ISO de 400 y una distancia focal de
14mm. Para iluminar la escena, se utilizaron dos
lamparas halogenas de 500W, con una temperatura de
color de 3300k. La camara fue montada por encima
del tapete sobre el que se situaron las aceitunas a
fotografiar, mirando perpendicularmente a éste. Los
focos se situaron a la misma altura, orientados hacia el
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punto de enfoque de la camara. Las capturas fueron
almacenadas en formato JPG, con una resolucion de
4608%2592 pixeles, una densidad de 180 pixeles por
pulgada y una profundidad de color de 24bits. En la
Figura 1 se muestra, a modo de ejemplo, una de las
capturas tomadas en laboratorio.
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Figura 1: Ejemplo de imagen capturada para uno de
los conjuntos de aceitunas bajo estudio.

Una vez finalizada la captura de las imagenes de los
conjuntos, se realizo el pesado individualizado (en
gramos, g) de cada fruto usando la balanza de
precision KERN PCB 3500-2 (KERN & Sohn GmbH,
Balingen, Alemania). También se realizaron las
mediciones de los didametros mayores y menores (en
milimetros, mm) de cada individuo, utilizando un
calibrador digital, con 0.0lmm de resolucion y
0.02mm de precision. Finalmente, cada medicion se
asocid univocamente, mediante etiquetado, a su
correspondiente aceituna fotografiada.

ANALISIS

2.2 ALGORITMO DE

IMAGEN

DE

La metodologia propuesta se basa en la extraccion
automatica de caracteristicas de las imagenes que son
descriptivas del peso y calibre de las aceitunas. Para
ello, el algoritmo desarrollado emplea técnicas
basadas en morfologia matematica y segmentacion
por umbralizacion.

2.2.1 Preprocesamiento

En primer lugar, las imagenes son escaladas a un 40%
de su tamafio original mediante interpolacién
bicubica, ello para reducir la carga computacional de
los algoritmos. Seguidamente, se aplica un filtrado
gaussiano para la atenuacion de ruido de sal y
pimienta, con kernel de 5x5 y desviacion tipica de 0.8.
Finalmente, las imagenes se transforman, desde su
espacio de color nativo RGB, a una representacion en
base al espacio de color HSV (del inglés Hue,
Saturation, Value). Esta eleccion estuvo motivada por
las caracteristicas propias de las imagenes capturadas
en laboratorio, asi como por la propia naturaleza del
experimento. Y es que, en efecto, abordar una
segmentaciéon basada en caracteristicas de color
carecia de sentido aqui, al no existir garantias de
homogeneidad entre las distintas aceitunas en cuanto



a matiz (hecho especialmente destacable en la
variedad Arbequina). Sin embargo, el utilizar un
tapete de color blanco como fondo de escena propicid
que sus pixeles presentaran valores de color o
luminosidad considerablemente mayores a los de los
pixeles pertenecientes a las aceitunas. Por todo ello, se
decidio la conversion de las imagenes al espacio HSV,
que proporciona la informacion de luminosidad, en el
canal V, desacoplada de otras caracteristicas. Cabe
mencionar que hay mas espacios de color
potencialmente validos para este trabajo por ofrecer la
misma caracteristica, como por ejemplo los CIELAB
(canal L) [2] o HSL (canal L) [11], entre otros.

2.2.2 Segmentacion de las aceitunas

Una vez ejecutada la transformacion al espacio HSV,
el canal correspondiente a la informacion del valor de
color (value en inglés) es almacenada en una matriz
independiente, y tratada a partir de este punto como
una imagen en escala de grises que, tras diversas
transformaciones, sera finalmente 1la imagen
binarizada.

Para la matriz contenedora de dicha componente, se
realiza una inversion de los valores de sus elementos
en base al maximo valor de gris contemplado, esto es
255. Asi, sea V' la imagen definida en el intervalo
[0,..., 255] (8 bits) correspondiente al canal Value del
espacio de color HSV, la imagen Vyvr es la que resulta
de la siguiente operacion:
Viny = 255 -V @)

Con esto, el objetivo perseguido es que los valores de
gris mayores (mas proximos al blanco) sean los
propios de los pixeles que se corresponden con las
aceitunas, y que, por tanto, el fondo de la imagen pase
a ser la parte mas oscura de ésta.
A continuacion, para obtener una estimacion de fondo,
se realiza una apertura morfologica sobre la matriz
resultante de la inversion de valores anterior, Viyy:

L, = yg(iny) = 8p(ep(iny)) 2)
donde £ es un elemento estructurante circular de radio
50 pixeles (lo suficientemente grande como para
contener completamente una aceituna de la imagen), y
0 y ¢ las operaciones morfologicas basicas de
dilatacion y erosion, respectivamente [10].
En busqueda de una imagen de alto contraste entre las
aceitunas y el fondo, la estimacién de fondo calculada
es sustraida a la matriz de la que origina:

!

Ic = Y

Il inv (3)
donde Ices la imagen de alto contraste.
Como tltima transformacion previa a la segmentacion

definitiva, se aplica una operaciéon de relleno por
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difusion para incrementar el valor de aquellas regiones
mas oscuras que aparecen sobre las aceitunas, y que se
corresponden con los puntos de maximo brillo,
consecuencia del fenomeno de reflectividad maxima
de la luz sobre la superficie convexa de los frutos.
Complementariamente, y debido al procesamiento
previo aplicado, este operador promueve también la
homogeneizacion de los valores de gris del fondo de
la imagen. Matematicamente:

Ir = R, (In), “
donde R es la operacion de reconstruccién
morfoldgica, consistente en la erosion (¢) iterativa de
la imagen I, con respecto a I, con un elemento
estructurante unitario, hasta la idempotencia [10]:

®)

Ri.(Iy) = €l (I,), siendo

_(Ic(x,y) si(x,y) € bordedel,
I G, 7) = { max(l) en otros casos’
eic(m) = & ), &f(hn) = gg=1(Im) V Ic

Finalmente, la imagen resultante I, aun en escala de
grises, es sometida al proceso de binarizacion por
umbralizacion. Para ello, se establece como umbral su
minimo valor de gris, el cual corresponde a los pixeles
pertenecientes al fondo (como ya se ha comentado, el
propdsito de algunas de las transformaciones
realizadas es el de conseguir la uniformidad en cuanto
a valor para dichos pixeles). Asi, los valores por
encima de dicho minimo se asocian con pixeles de
aceituna y se segmentan del fondo (ver Figura 2):

255 silg(x,y) > min(lp) 6
; ©)

I y) = {
v (% Y) en otros casos

Figura 2: Resultado de la segmentacion de la imagen
mostrada en la Figura 1.

2.2.3 Postprocesamiento
Como 1ltimo paso, se aplica una apertura morfologica

con un elemento estructurante pequefio para eliminar
aquellas componentes conexas con un area (nmiimero de

pixeles) anormalmente pequefia como para
corresponder a una aceituna segmentada:
Ipgr = Vﬁ(IBIN)s 7



donde £ es un elemento estructurante circular de 10
pixeles de radio.

A continuacion (Figura 3), se ilustra el proceso de
segmentacion a través de los resultados obtenidos en
sus distintas etapas, para una sub-imagen de una de las
capturas bajo estudio:

(c)

. C * %Iilil Dl
bIIII e

(

(d)
Figura 3: proceso de segmentacion para una sub-
imagen de una de las capturas bajo estudio: (a) imagen
original; (b) canal de valor; (c) canal de valor
invertido; (d) estimacion de fondo; (e) substraccion
del fondo estimado; (f) homogeneizacion de valores;
(g) segmentacion; (h) imagen final tras postprocesado.

2.2.4 Evaluacion de la calidad de la segmentacion

Se realiz6 una segmentacién a mano para cada una de
las capturas, utilizando un editor de graficos, con el
objetivo de obtener un resultado lo mas cercano
posible a una segmentacion ideal (Gold Standard). El
conjunto de imagenes de referencia resultante fue
utilizado para, mediante comparacion con las
generadas por el algoritmo, determinar la calidad de la
segmentacion proporcionada por éste, a través del
computo de las métricas RC (Recall) y PC (Precision),
propuestas a continuacion:

TP TP

Pc=-2_, (8
TP+FN TP+FP

RC =

donde TP (True Positives), se refiere al nimero de
pixeles categorizados por el algoritmo como
pertenecientes a una aceituna (son pixeles blancos en
la imagen binarizada) que también lo son segun la
segmentacion ideal (Gold Standard). FN (False
Negatives), se corresponde con el nimero de pixeles
erroneamente clasificados como no pertenecientes a
alguna aceituna. De la misma forma, FP (False
Positives), se refiere al numero de pixeles
considerados errdneamente como pertenecientes a
alguno de los frutos, en base a la clasificacion
propuesta por la segmentacion Gold Standard.

Junto a RC y PR, se propone una tercera métrica,
Feasure, basada en los mismos principios, y que evalta
la calidad global de la segmentacion:

PC x RC
PC+RC

F=2
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23 EXTRACCION DE INFORMACION Y
DESARROLLO DEL MODELO DE
ESTIMACION

Una vez generadas las distintas segmentaciones, es
necesario extraer de éstas la informacion necesaria
para realizar un estudio de correlaciéon con las
mediciones de peso y calibre obtenidas previamente
en laboratorio. Dentro de cada imagen binaria, para
cada region o componente conexa correspondiente a
un fruto, se calcula el numero de pixeles que la
integran; éste es el valor a enfrentar con el peso,
medido en gramos, de la aceituna correspondiente. Por
otra parte, se determina la elipse que mejor encaja o
inscribe la correspondiente componente; esto es, la
elipse con el mismo segundo momento central
normalizado que dicha region. Los didmetros de dicha
elipse, medidos en pixeles, son los datos a enfrentar
con las mediciones, en mm, realizadas para los ejes
mayor y menor de las aceitunas.

Una vez es adquirido este conjunto de datos, para cada
una de las dos variedades consideradas en el
experimento, se procede como sigue: del conjunto de
200 frutos que comprende la muestra de estudio, se
toman 50, representando la variabilidad del conjunto
de la muestra, para conformar un conjunto de
entrenamiento. Mediante un analisis de regresion,
basado en la relacion de dependencia entre los pesos
de las aceitunas de dicho conjunto y el numero de
pixeles que corresponden a las mismas (segin lo
aportado por la segmentacion), se obtiene la recta de
regresion que determina, mediante la ecuacion que la
describe, el modelo predictivo obtenido. Este modelo
es aplicado sobre los 150 frutos restantes, actuando
dicho subgrupo como conjunto de validacion externo,
a partir del cual se evalaa la calidad del modelo. El
proceso es replicado para los otros parametros bajo
estudio, esto es, para los ejes mayor y menor de los
frutos.

Insistiendo en que este procedimiento es realizado de
forma independiente para cada una de las variedades,
en ultima instancia, se contempla la generacion de un
unico modelo vélido para ambas de forma conjunta.
Para ello, se hace uso de los dos conjuntos de
entrenamiento establecidos anteriormente, abordando
el analisis de regresion a partir de la unién de ambos,
y aplicando el resultado sobre la suma de los conjuntos
de validacion externa correspondientes. Esto, tanto
para el peso como para la longitud de los ejes que
determinan el calibre de los frutos.

2.3.1 Evaluacion de la calidad de los modelos de
estimacion

Una vez calculados los modelos de prediccion, y
aplicados éstos sobre las poblaciones
correspondientes, se llevo a cabo una evaluacion final
de las estimaciones realizadas. Para ello se recurrio al



calculo de la raiz del error cuadratico medio, segtin lo
establecido a continuacion:

RMSE — ,Z?:l(i— vi)?

Donde ¥, y y; son, respectivamente, el valor predicho
y el valor real del pardmetro a estimar, para el fruto i-
ésimo de la muestra tratada, de un total de n elementos.

(10)

También se realizd el calculo del error cuadratico
relativo a la media como porcentaje, en base a la
siguiente definicion:

RMSE
Vi
n

SE = x 100 (11)

Finalmente, se determind el error relativo (como
porcentaje), una vez mas para cada modelo y la
poblacion de aceitunas correspondiente. Dicho error
se calculo seglin se indica a continuacion:

3 RESULTADOS Y DISCUSION
3.1 RESULTADOS DE LA EVALUACION DE

CALIDAD DE LA SEGMENTACION

Como se ha comentado anteriormente, la viabilidad
del algoritmo para la segmentacion ha sido testada en
base a la comparacion de las imagenes generadas por
éste con segmentaciones presumiblemente ideales
(Gold Standard), generadas a mano. Esto, a través de
las métricas propuestas en el apartado anterior. En la
Tabla 1 se muestran los resultados obtenidos,
mostrando los valores para cada una de las
segmentaciones realizadas. Seglin los datos recogidos
en ella, se puede concluir la solidez del algoritmo de
segmentacion propuesto. Cabe destacar que no se
observan importantes diferencias entre las distintas
variedades, manteniéndose los resultados obtenidos
siempre dentro de unos margenes similares. Esta
uniformidad respalda la decision de no basar el
proceso de segmentacion en caracteristicas de color
(dadas las significativas diferencias en cuanto a tono
entre las dos variedades bajo estudio), y sugiere su
correcto funcionamiento tratando nuevas variedades,
o frutos en distintos estados de maduracion. Otra de
las bondades aportadas por el método es su eficacia a
la hora de detectar unicamente aquellas componentes
conexas que se corresponden con aceitunas,
descartando en la segmentacion final cualquier
componente andémala que no pueda corresponderse
con algtn fruto. Esto hace posible determinar de forma
exacta el nimero de frutos que aparecen en cada
imagen.
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Tabla 1: Resultados de la evaluacion de la calidad y
precision de las segmentaciones realizadas por el
algoritmo propuesto.

muestra RC PC Freasure
Al 1 0,8633652 0,9266731
A2 1 0,87684168 0,93438002
A3 1 0,88152872 0,93703456
A4 1 0,89458439 0,9443595
AS 1 0,8669487 0,92873329

promedio 1 0,87665374 0,93423609
P1 0,99997252 0,87503607 0,93334188
P2 1 0,89381748 0,94393202
P3 0,99999426 0,88897784 0,94122379
P4 1 0,90662967 0,9510286

promedio 0,99999336 0,89111527 0,94238157

3.2 RESULTADOS DE LA EVALUACION DE
CALIDAD DE LOS MODELOS DE
PREDICCION

La correlacion existente entre la informacion extraida
a partir de las segmentaciones (las areas como numero
de pixeles de las componentes conexas que pertenecen
a los frutos, y la longitud, también en pixeles, de los
diametros de las elipses que las inscriben) y las
mediciones de peso y calibre de las aceitunas
correspondientes, puede observarse en los graficos
mostrados en las figuras 4, 5 y 6. Notese los altos
valores de correlacion obtenidos.
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Figura 6: Obtencion de los modelos de prediccion
independientes de la variedad a partir de la unién de
los dos conjuntos de entrenamiento, para los
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¢je menor.

Por otra parte, con el objeto de ilustrar la calidad
predictiva de los modelos, se muestran en la Tabla 2
los resultados de su aplicacion sobre los conjuntos de
validacion externa, para cada una de las caracteristicas
bajo estudio.

Chapter 4. Results

Tabla 2: Resultados de las distintas mediciones
computadas para evaluar la calidad de los modelos de
estimacion, tras ser estos aplicados sobre los conjuntos
de wvalidacion externa correspondientes (segin
variedad), para cada una de las caracteristicas bajo
estudio: peso (a), eje mayor (b) y eje menor.
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PESO
Variedad RMSE @ SE (%) |E| (%)
Arbequina  0,131495 10,36649  7,406528
Picual 0,256875 8,105015  5,602251
e 0,154839  6,97819  1,105803
(@)
EJE MAYOR
Variedad RMSE (mm) SE (%) ‘El (%)
Arbequina  0,538303  3,81445  0,756152
Picual 0,505237  2,407021  0,325996
e 0,580499  3,307466  0,060863
(b)
EJE MENOR
Variedad RMSE (mm) SE (%) ‘El (%)
Arbequina  0,557464  4,635956  0,310614
Picual 0,608311 3917913  0,04032
e 0,62158  4,51218  0,117851
(©)

Estos resultados ponen de relieve la viabilidad del
método, esto es, la estimacion del peso y calibre de
distintas aceitunas capturadas en una imagen a partir
de la informacién extraida a partir de una
segmentacion de ésta, y por extension, el uso del
andlisis de imagen para dar soluciéon al problema
planteado.

Atendiendo a que la calidad de la segmentacion para
ambas variedades es similar, las leves diferencias en
los valores de error cometido en las estimaciones de
peso, asi como los mejores resultados de correlacion
para el caso de las aceitunas picuales, se pueden
explicar por las propias diferencias morfologicas
existentes entre los frutos de estas variedades. El
método aproxima el problema mediante la proyeccion
de la aceituna en un plano, y considera que cada pixel
tiene una aportacion equitativa en su peso. Esta
aproximacion, aunque vélida a tenor de los resultados
obtenidos, puede empobrecer éstos ligeramente para
seglin que variedades, en base a determinadas
caracteristicas  morfologicas, tales como su
esfericidad. En el caso de los parametros que
determinan el calibre de los frutos, el no considerar
estas caracteristicas también puede tener -cierto
impacto en la precision con que se realizan las
mediciones de los mismos. Como se ha comentado
anteriormente, estas mediciones de los ejes mayor y
menor de cada fruto se realizaron utilizando un



calibrador digital. Esta forma de abordar dicha tarea
introduce inevitablemente el error humano como
factor a considerar en el proceso, que es mayor ain
dada la naturaleza y caracteristicas de los frutos a
medir, dada su falta de firmeza. Pero el hecho
interesante a destacar es el de que, si bien es cierto que
identificar el eje o diametro de simetria mayor de cada
uno de los frutos, y realizar su medicion, es un trabajo
relativamente sencillo (al menos con las dos
variedades tratadas), determinar el eje menor no es una
tarea obvia, y su medicion esta sujeta a un mayor
grado de incertidumbre. Este hecho podria explicar las
diferencias en los resultados, asi como el mejor
comportamiento de los modelos computados para el
eje mayor respecto a los que estiman el diametro
menor.

Por otro lado, es interesante destacar la ausencia de
indicios de un beneficio claro en el uso de modelos
especificos para cada variedad en detrimento de un
modelo general. Ello potencia la usabilidad y
generalizacion de la metodologia desarrollada.

Finalmente, cabe también reseflar que no hay
evidencias claras que indiquen la necesidad de
explorar modelos no lineales mas complejos y de mas
dificil manejo.

4 CONCLUSIONES

En el presente estudio, se ha desarrollado un método
para la estimacion del peso y calibre de aceitunas
mediante analisis de imagen. Los resultados obtenidos
muestran la solidez y precision de éste, y respaldan el
uso de este tipo de técnicas en la implementacion de
sistemas de calibrado y seleccion, basados en vision
artificial, dentro la industria olivicola.

Cabe destacar la estabilidad en el comportamiento del
método al tratar con dos tipos distintos de aceitunas y
con distintos estados de maduracion, hecho que pone
de relieve sus posibilidades como estimador
independiente de la variedad. Por otra parte, en todas
las imagenes testeadas, el nimero de componentes
conexas segmentadas por el algoritmo coincidio
exactamente con el mimero de frutos. Esta eficacia
apoya la confianza en el uso de la solucion presentada
también para realizar un control preciso del nimero de
aceitunas procesadas en un hipotético sistema real
basado en ella.

El presente trabajo admite cierto margen para ser
extendido en investigaciones futuras. Asi, resultaria
interesante cuantificar el impacto de la ponderacion de
la contribucion de los pixeles de aceituna en la
estimacion de su peso. También es necesario
corroborar los resultados obtenidos sobre un conjunto
de datos mas extenso, y considerando un mayor

Chapter 4. Results

nimero de variedades de aceituna, al objeto verificar
su generalidad.
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English summary

AUTOMATED OLIVE-FRUIT WEIGHT
AND SIZE ESTIMATION BY MEANS
OF IMAGE ANALYSIS

Abstract

The sizing and sorting of agricultural commodities is
a high relevance activity in food industry. This study,

focused on the olive farming sector, presents a
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solution based on image analysis which allows the
automatic and non-invasive estimation of the weight
and size (major and minor axis) of a set of olive fruits.
Considering two different varieties of olive fruits
(Arbequina and Picual), a segmentation algorithm,
able to extract from images the needed information to
compute the weight and size prediction models, was
developed. The effectiveness of the proposed method
was assessed by calculating the root-mean-square
error (RMSE) produced by the models when applied
to the corresponding external validation sets. The
measured results show evidences of viability as a base
to the development of a low-cost olive fruit grading
system based on machine vision.

Keywords: olive fruit, weight, size, segmentation,
machine vision, estimation.
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IDENTIFICACION Y CONTEO DE ACEITUNAS EN IMAGENES
DIGITALES TOMADAS EN EL OLIVAR MEDIANTE
MORFOLOGIA MATEMATICA Y REDES NEURONALES
CONVOLUCIONALES
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Resumen

La estimacion precoz y precisa de la produccion es un
objetivo muy codiciado en la agricultura moderna. En
el caso de la olivicultura, ello toma una especial
relevancia debido al alto valor economico que
alcanza su produccion. Este articulo presenta una
metodologia enfocada a lograr dicho objetivo.
Concretamente, se propone un algoritmo de vision
artificial capaz de detectar las aceitunas visibles en
una imagen digital de un arbol de olivo, tomada
directamente en campo, de noche y con iluminacion
artificial. En primera instancia, esta imagen es
preprocesada mediante técnicas de morfologia
matematica y filtrado estadistico para, a partir de
ella, obtener un conjunto de subimdgenes con alta
probabilidad de contener una aceituna. Este
preprocesamiento reduce el espacio potencial de
busqueda en una magnitud de 10°. A continuacion,
estas subimagenes son clasificadas por una red
neuronal convolucional como ‘aceituna’ o ‘descarte’.
De un total de 304.483 subimagenes, extraidas de 21
imadgenes, la red clasifico correctamente el 98,23%, y
arrojé un coeficiente de determinacion R’ igual a
0,9875, al enfrentar el numero de aceitunas
detectadas con el obtenido manualmente. Esta
precision alcanzada indica que el algoritmo
desarrollado constituye un paso certero en la
implementacion de un futuro sistema de estimacion de
la produccion de cultivos de olivo.

Palabras clave: Agricultura de precision, estimacion
de la produccion, aceituna, vision artificial, red
neuronal convolucional.

1 INTRODUCCION

El cultivo del olivo (Olea europaea L.), y su mercado
asociado, es un notable motor econdmico para buena
parte de la cuenca mediterranea. Lo es especialmente
en el caso de Espaiia, la cual aport6 en 2017 el 31,38%
del total de aceitunas producidas mundialmente [1];
esta cifra asciende hasta el 61,95% cuando se

https://doi.org/10.17979/spudc.9788497497169.818
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considera también la produccion de Portugal, Italia y
Grecia [1]. Ademas, el cultivo del olivo trasciende de
lo econdmico a lo social, ya que, por ejemplo, el aceite
de oliva es la piedra angular de la dieta mediterranea,
la cual ha sido declarada Patrimonio Inmaterial de la
Humanidad por la UNESCO [2].

La agricultura en general, y la olivicultura en
particular, se enfrenta a importantes desafios, como
son la sostenibilidad medioambiental y la
productividad [3]. Estas dificultades, lejos de estar
cerca de ser solventadas, se recrudeceran al ritmo
exponencial de crecimiento esperado de demanda de
alimentos, ligado éste a las estimaciones de desarrollo
de la poblacion mundial (segun estima la ONU, desde
los actuales 7.600 M de habitantes, se llegara a los
9.800 M en 2050 [4]).

En este contexto, es donde la agricultura de precision
recibe un apoyo y una atencion muy relevantes en los
ultimos afios [5]. Tradicionalmente, los cultivos han
sido gestionados gracias a la capacidad de percepcion
de los agricultores para evaluar su desarrollo
vegetativo, su necesidad de riego o nutrientes, la
madurez del fruto, la cantidad de cosecha esperada,
etc. En contraposicion, la agricultura de precision
auspicia el uso de tecnologia para adquirir
informacion objetiva y de alta precision espacio-
temporal acerca del estado de los cultivos, para
posibilitar asi una 6ptima gestion de los mismos [5].

De entre la informacién deducible del olivar, la
estimacion temprana y precisa de la cosecha destaca
en interés, ya que seria una valiosa herramienta de
apoyo al sector [6]. Y es que, en efecto, una estimacion
precisa de la produccion tendria aplicaciones practicas
en muy diversos aspectos, tales como: eficiencia en la
transformacion del aceite de oliva, gestion del stock, o
la optimizacion de los recursos humanos necesarios
para la recoleccion [7]. También tendria una
importancia crucial en la regulacién del precio de
mercado del aceite de oliva. La volatilidad de este
mercado estd fuertemente ligada a las expectativas de
produccion, actualmente evaluadas de manera visual.
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Ello ha llevado frecuentemente a unos niveles de
inestabilidad de precios declaradamente excesivos [8].
La importancia de la estimacién temprana de la
cosecha es transversal a todos los cultivos con
productos derivados de alto valor de mercado. Como
ejemplo valga el cultivo de vid, para el que se pueden
encontrar en la bibliografia una variedad de
metodologias experimentales basadas en vision
artificial enfocadas a ello [9-12]. Otros cultivos como
el de la palma [13], el arroz [14], los cereales [15,16],
o los frutales [17-19], han recibido también una
atencion relevante a este respecto. Sin embargo, para
el cultivo del olivo, la bibliografia es parca en estudios
y, en su mayoria, estan basados en estimar la
produccion a través de variables indirectas. Ejemplo
de ello son los trabajos referenciados en [20-22], los
cuales plantean la resolucion del problema a través de
la generacion de modelos alimentados con variables
meteorologicas y de polinizacién. La principal
debilidad de este enfoque radica en la naturaleza
misma de estas variables, con un fuerte componente
estocastico, lo cual compromete la reproducibilidad de
los modelos. Ademas, el fenomeno de formacion y
mantenimiento del fruto es virtualmente muy
complejo y resultado de la conjuncion de multitud de
variables. A este respecto, los trabajos referenciados
no demuestran la representatividad de las variables
seleccionadas con relacion a las omitidas.

Este articulo presenta una metodologia basada en
visién artificial para la deteccién y conteo de las
aceitunas visibles en imagenes digitales tomadas en
campo. Para ello, primero se genera, a partir de las
imagenes, un conjunto reducido de candidatos
(subimagenes) mediante operadores de morfologia
matematica, reduciendo asi el espacio potencial de
busqueda en una magnitud de 10°. A continuacion,
estas subimagenes son preprocesadas y clasificadas
por una red neuronal convolucional (CNN), la cual
valida o descarta cada instancia en funcion de si
contiene una aceituna o no. El nivel de precision de la
metodologia propuesta argumenta a favor de su
integracion en un futuro sistema para la estimacion
precoz de la cosecha del olivar.

2  MATERIALES Y METODOS

2.1 ADQUISICION DE IMAGENES

En septiembre de 2018 (dos meses antes de
recoleccion), se adquirié un conjunto de 36 imagenes
de la variedad Picual en un olivar de cultivo intensivo
situado en Gibraleén, (37°20'09.2"N 7°02'19.8"W),
provincia de Huelva (Andalucia, Espaiia); el marco de
plantaciéon de la parcela era de 5,5 x 7 m. Los
individuos de estudio se seleccionaron para conseguir
la maxima variabilidad disponible en cuanto a su
capacidad productiva de aceitunas.

https://doi.org/10.17979/spudc.9788497497169.818
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Las imagenes se tomaron de noche con la iluminacion
artificial proporcionada por un foco halégeno de 500
W, ya que ello favorece la simplificacion de la escena
en el fondo del objeto de interés. Esta decision fue
tomada gracias a la experiencia previa de los autores
en trabajos similares realizados en vid [12]. La captura
de las imagenes se realizo de manera manual y con
tripode, usando para ello una camara sin espejo Sony
a7-11 (Sony Corp., Tokyo, Japan) equipada con una
optica Zeiss estabilizada de 24/70 mm (Zeiss Gruppe,
Oberkochen, Germany). Dicha camara monta un
sensor CMOS de 24 Mpx estabilizado en cinco ejes, y
fue configurada con las siguientes caracteristicas:
apertura de /14, tiempo de exposicion de 1/200 s,
distancia focal de 24 mm, resolucién de 6.000 x 3.376
pixeles, profundidad de color de 24 bits, y formato de
almacenamiento de imagen JPEG de minima

compresion. La distancia a la que se tomaron las
imagenes oscilo entre los 2 m y los 4 m dependiendo
del porte del arbol para, en cada caso, obtener un
encuadre apropiado de toda su superficie foliar. La
figura 1 muestra un ejemplo de imagen capturada bajo
los preceptos descritos.

Figura 1: imagen de olivo de la variedad Picual,
sujeto de este estudio, obtenida de noche con
iluminacion artificial.

METODOLOGIA DE ANALISIS DE
IMAGEN

2.2

La metodologia se basa en el uso de una red neuronal
convolucional (CNN) para detectar las aceitunas
presentes en una imagen de olivo como la mostrada en
la figura 1. Para ello, previamente se aplica un
preprocesamiento  dirigido a: (1) mejorar las
condiciones de partida de la imagen; (2) reducir el
espacio de busqueda mediante la obtencion de un
conjunto reducido de subimagenes (candidatos) con
alta probabilidad de contener individualmente las
aceitunas de la imagen; (3) configurar la composicion
y contenido de las subimagenes para optimizar el
rendimiento de la CNN.

La metodologia descrita en este articulo fue

implementada usando la plataforma Matlab R2018b
(The MathWorks, Inc., Natick, Massachusetts, USA).
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2.2.1 Preprocesamiento

Sea la imagen digital /, analoga a la mostrada en la
figura 1, generada de manera nativa de acuerdo con el
espacio de color RGB, y codificada con 8§ bits por
canal. Esta imagen inicial es transformada al espacio
de color CIE 1976 L*a*b*, ya que ello posibilita el
analisis independiente de las componentes de
iluminacion (canal L*) y color (canales a* y b*) [23].
Asi, quedan definidas las imagenes L, 4 y B,
correspondientes a los canales L*, a* y b¥,
respectivamente, que componen la  imagen
transformada. Para este trabajo, se descartd el uso de
la imagen 4 por ofrecer un contraste de niveles de gris
infimo en las regiones de interés.

En primer lugar, para reducir ruido de “sal y
pimienta”, se aplica un filtrado promedio circular,
dentro de un kernel de convolucién & de tamafio 11 x
11, a las componentes L y B:
Ly=Lx*k; Bp=Bxk (1)

donde el circulo de activacion del filtro tiene un
diametro de 11 pixeles. El reducido tamafio de este
filtro comparado con el de la imagen, 11 x 11 vs 6.000
x 3.376, profiere cierta tolerancia al establecimiento
de su valor para conseguir el objetivo perseguido. A
su vez, el promediado circular favorece el “limpiado”
de los patrones de iluminacion analogos las aceitunas.

A continuacion, a partir de Ly, se genera un conjunto
de semillas que posteriormente servira para generar un
conjunto de subimagenes o candidatos que permita
reducir el espacio de busqueda. Para ello, cada semilla
sera una agrupacion pixeles vecinos (conocida
formalmente como componente conexa, CC), que
representa la ocurrencia de una region maxima local
de iluminacion. Gracias a la ley del coseno de Lambert
[10], se conoce que una superficie convexa, como la
de una aceituna, produce un intenso patrén circular de
reflexion de la luz. Por ello, esta operacion favorece la
localizacion de las aceitunas en la imagen. Estas
regiones maximas se obtienen mediante la aplicacion
de la transformada morfologica h-maxima, la cual
encuentra aquellas regiones en la imagen que cumplen
tener una elevacion menor o igual que el escalar /. La
transformada, calcula en primer lugar la
reconstruccion morfologica, R, de la imagen Ly a partir
del marcador Ly —h (consultar los detalles del
operador reconstruccion en [24]),
Leye = R (Ls —h);h =3 2)

para finalmente extraer las regiones maximas en la
imagen Lgy;,, mediante el calculo de

Lem = Leae — RLfilt(Lfilt -1 (3)
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y la segmentacion de la imagen resultante:

255 if Lgy(x,y) >0
0 en otro caso 4)

En situaciones de aplicacion analogas, se ha discutido
acerca del valor Optimo para el parametro 4 [12, 25].
Estos trabajos concluyeron que valores en torno al 3 o
el 4 eran Optimos, aunque no excluyentes, ya que
ligeras variaciones también proporcionaban resultados
satisfactorios; para la experimentacion descrita en este
trabajo se establecio h = 3. Finalmente, el conjunto de
regiones maximas de iluminacion (o semillas) se

Lrmpin = {

compone con las componentes conexas, CCj,
existentes en la imagen binaria Lgppin:
Sgm = {CC; € Lpypin} (5)

La figura 2 ilustra el resultado del calculo del conjunto
de componentes conexas provenientes de regiones
maximas de iluminacion.

La siguiente operacion consiste en obtener un
conjunto de subimagenes candidatas centradas en las
semillas encontradas, tanto para Lg como para Bg;
estos conjuntos se denotardn como S,y Sg,
respectivamente. Para ello, para cada componente
conexa CC; € Sgy se extrae, en torno a su centroide,
una subimagen de Ly y otra de B; de tamafio 41 x 41.
Asi, se cumple que

S = {Sis}' Sp, = {Slés}; 1<ij<#Spy) (0

Yy que

Vil<i<#(Sruy)

s{s "deriva de”CC; A sf;s "deriva de" CC; )
Debido a la variacion en la distancia de fotografiado y
al volumen de los olivos, las aceitunas impresionan
con muy diversos tamafios en las distintas imagenes.
Las dimensiones para las subimagenes fueron
establecidas empiricamente para que contuvieran
completamente a una aceituna independientemente de
su tamafio. Por otro lado, en media, se generaron
14.499 subimagenes a partir de una imagen. Teniendo
en cuenta que, para imagenes de resoluciéon 6.000 x
3.376 pixeles, el espacio potencial de busqueda esta
compuesto por 20.256.000 candidatos (numero de
pixeles que la componen), éste quedo6 reducido en un
orden de magnitud de 103.

El ultimo paso del preprocesamiento consiste en, una
vez obtenidas las subimégenes de los conjuntos S,y
Sp,, encontrar una combinacion de ellas tal que a la
postre favorezca el rendimiento de una CNN en la
tarea de determinar si una subimagen contiene una
aceituna o no. Es mas, la red debera ser capaz de
discernir si la subimagen en evaluacion esta centrada
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Figura 2: Resultado del procedimiento de obtencion de componentes conexas de iluminacion, o semillas, para la
reduccion del espacio de busqueda: (a) conjunto de semillas obtenidas a partir de la imagen de la figura 1
representadas en blanco sobre fondo negro; (b) conjunto de semillas de (a) representadas sobre la imagen

original; (c) seccion de la imagen (a); (d) seccion de la imagen (b), analoga a la (c).

Ve .. ] n
'

(a) (b) (©)
Figura 3: (a) subimagen de L, Sis, extraida en torno
al centroide de una semilla producida por el brillo de

una rama; notese que la imagen contiene

representaciones parciales de dos aceitunas; (b)
ilustracion de una matriz Gaussiana de tamario 41 X
41y o0 = 9,5; (c) subimagen sils, resultado de la
multiplicacién elemento a elemento de (a) y (b), en la

que se atenua la presencia de las aceitunas por no
estar centradas en (a).

en un brillo proveniente de una aceituna para validarla,
o de cualquier otro elemento, como por ejemplo una
hoja, para descartarla. En este sentido, es muy
frecuente la existencia de subimagenes que contienen
alguna aceituna, total o parcialmente, pero que han
sido generadas a partir de un brillo de otro elemento.
En este caso, la red debera de ser capaz de discernir
que la subimagen candidata estd centrada en un
elemento andémalo para descartarla. Para favorecer
este precepto, se crea un nuevo conjunto a partir de
Si,» Sp7,» en el que sus subimagenes son multiplicadas,
elemento a elemento, por una matriz Gaussiana
normalizada G de tamafio 41 x 41y o = 9,5:
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Sy, = {sig Is}, e, 1) = s/ (e, 1) X Gk, ; ®
VEVL 1< k1 <41,1<j< #(Smn)}

En efecto, la subimagen sLig contiene la misma
informacion que sj_, pero ponderada en importancia
de manera decreciente desde el centro hacia el exterior
de ésta (ver la figura 3).

Finalmente, la unién de los conjuntos ordenados S,
Sp; y Sy, configura el espacio de busqueda de la
imagen / de la que proceden. Asi, cada tripleta de
elementos i-¢simos puede ser considerada una
subimagen candidata de tres canales y tamafo 41 x 41,
en la que si's aporta informacion de iluminacion, sig
pondera la relevancia de dicha informacion, y s,és
proporciona conocimiento relativo al color (Figura 4).

2.2.2  Procedimiento de deteccién de aceitunas
Esta etapa de la metodologia de analisis de imagen
trata sobre la configuracion y el entrenamiento de una
CNN capaz de clasificar las subimagenes candidatas
generadas en la fase de preprocesamiento, como
aceituna (caso positivo) o descarte (caso negativo).

2.2.2.1 Arquitectura de la CNN

A grandes rasgos, las CNN estan compuestas de
dos estructuras principales conectadas. La primera,
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Figura 4: (a)-(d) subimagenes sLiS, 52;» Sli,B y
representacion como imagen RGB de su
combinacion, respectivamente; son resultado de la
semilla i-ésima procedente del maximo de
iluminacion local producido por una aceituna; (e)-(h)

subimagenes SZS, 51{” SL'B y representacion como
S

imagen RGB de su combinacidn, respectivamente;

son resultado de la semilla j-ésima procedente del
maximo de iluminacion local producido por una hoja.

encargada de la extraccion de caracteristicas, esta en
esencia conformada por un conjunto de capas, de
dimensionalidad uno o maés, que implementan filtros
convolucionales, y que estan a menudo intercaladas
con otras de normalizacion o reduccion del muestreo.
Esta primera estructura, a su salida, conecta con un
perceptron multicapa clasico, el cual se encarga de
aprender las directrices de clasificacion. El valor de
todas las variables derivadas de este planteamiento
multicapa, es ajustado de forma concurrente e iterativa
mediante un algoritmo que persigue la minimizacién
de una funcién de coste que expresa el error de
clasificacion de la red. Para una descripcion mas
precisa sobre las CCN, consultese [26].

Existen arquitecturas que han demostrado gran
solvencia en la resolucion de problemas complejos, y
que han contribuido enormemente al avance del
aprendizaje profundo. Entre las mas relevantes,
consideradas hoy practicamente un estdndar, cabe
destacar: AlexNet [27], VGG-16 [28],
GoogLeNet/Inception [29], ResNet [30] o Inception-
ResNet [31], que hibrida las arquitecturas Inception y
ResNet. Debido a la complejidad de las imagenes y las
diferentes magnificaciones de los objetos que
contienen, se selecciond Inception-ResNet para el
trabajo que se presenta. Por un lado, el enfoque
Inception postula la aplicacién de convoluciones de
distintos tamafios en la misma capa, lo cual aporta
flexibilidad en la deteccion de patrones que pueden
aparecer con muy diversas dimensiones. Estos
postulados impresionan favorecer el reconocimiento
de aceitunas, independientemente de su tamafio. Por
su lado, el paradigma ResNet aporta a la red la
potencia del tratamiento de los residuos de
aprendizaje. Para una capa dada, el residuo es
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basicamente la diferencia entre lo aprendido al inicio
y al final de la misma. La arquitectura ResNet explota
este residuo en su misma topologia para favorecer y
optimizar la convergencia a la solucion optima.

Inception-Resnet, concretamente su version 2 que fue
la usada en este trabajo, es una red de 164 capas y 55,9
M de parametros. Ello, junto con su arquitectura
hibrida anteriormente discutida, le confiere una gran
potencia de razonamiento. A su entrada, la red admite
imagenes de tamafio 299 x 299 x 3.

2.2.2.2Entrenamiento y optimizacion de la CNN

Las CNN enumeradas anteriormente, y algunas otras
populares, estan disponibles a través de internet,
entrenadas con millones de imagenes, para ser
manipuladas o usadas con distintas plataformas de
desarrollo. Aunque las versiones disponibles no hayan
sido entrenadas para el caso de interés requerido, el
conocimiento con el que se proporcionan es de gran
valor ya que posibilita efectuar lo que se conoce como
“transfer learning”. Este paradigma consiste en
sustituir el perceptron de la CNN seleccionada por uno
configurado y sin entrenar, conservando el bloque
convolucional. De esta manera, se parte para el
entrenamiento deseado de una CNN con gran
capacidad adquirida de extraccion de caracteristicas.
Este fue el enfoque empleado en esta investigacion.

Previamente a poder realizar el entrenamiento por
transferencia de aprendizaje de la CNN, hubo que
crear un conjunto de instancias de entrenamiento.
Cada instancia estuvo constituida por la tripleta de
subimagenes Sis, si; y siB (ver ejemplos en la figura
4, imagenes (a)-(c) y (e)-(g)), y fue catalogada como
positiva, o aceituna, si éstas estaban centradas en una
aceituna, o como negativa, 0 descarte, en caso
contrario. Para generar dichas instancias catalogadas,
en primer lugar, se seleccionaron 15 iméagenes de las
36 totales (las 21 restantes se reservaron para
validacion externa). A continuacion, se calcularon sus
componentes conexas provenientes de regiones
maximas de iluminacion aplicando el
preprocesamiento formulado en las ecuaciones (1)-
(5). Estas componentes conexas se representaron
sobre las imagenes originales tal y como se ilustra en
la figura 2 y sobre ellas, usando un software de edicion
de imagen, se ectiquetaron aquellas componentes
correspondientes con  brillos de  aceitunas,
independientemente del grado de oclusion que
presentaran (ver la figura 5). De esta forma, se
etiquetaron un total de 9.575 casos positivos, y
208.848 negativos. En torno a las componentes ya
etiquetadas, tanto de los casos positivos como de los
negativos, se extrajeron las subimagenes s{s, sz,s y s{B
correspondientes siguiendo el  resto del
preprocesamiento especificado por las ecuaciones (6)-
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Figura 5: ilustracion del etiquetado de instancias de
entrenamiento. Se muestra una seccion de la imagen
de la figura 2-(b) en la que las componentes conexas
coincidentes con brillos de aceitunas son etiquetadas
en azul como casos positivos. Los casos negativos
son etiquetados en color blanco. Notese que todas las
aceitunas, independientemente de su grado de
oclusion, son etiquetadas como caso positivo.

(8). Finalmente, para ampliar el conjunto de instancias
positivas, las subimagenes implicadas se rotaron 30°,
60°, 90°, ..., 330° para asi configurar un conjunto
definitivo de instancias positivas de 117.084; de entre
las 208.848 instancias negativas, se selecciond
aleatoriamente el mismo numero, para obtener asi
conjuntos  balanceados. Finalmente, todas las
subimagenes fueron escaladas al tamafo de entrada de
la CNN, esto es, 299 x 299, usando interpolacion
bilineal.

El 80% de las instancias positivas y de las negativas,
seleccionadas de forma aleatoria, se usé como
conjunto de entrenamiento, mientras que el 20%
restante fue empleado en validacion para reducir las
probabilidades de aparicion de sobre-entrenamiento.
Como algoritmo de aprendizaje se empled el del
descenso estocastico del gradiente optimizado por
momentum (sgdm) [32], con una ratio de aprendizaje
que vari6 desde 10 hasta 10 en funcién de la
evolucion del proceso de convergencia. Se configurd
un tamafio para los mini-conjuntos de entrenamiento
de 28 instancias, lo que resulté en 6.690 iteraciones
por época. Para llegar a una solucion 6ptima, la CNN
entrené un total de 60 épocas.

3 RESULTADOS Y DISCUSION
METODOLOGIA DE EVALUACION DE
RESULTADOS

31

Los resultados de la metodologia presentada fueron
evaluados utilizando métricas basadas en tablas de
contingencia para clasificacion binaria. Para ser
factible este enfoque, en primer lugar, se generé un
conjunto gold standard para las 21 imagenes de
validacion externa. Ello se realizé siguiendo un
procedimiento analogo al descrito anteriormente, e
ilustrado en la figura 5, para etiquetar las instancias de
entrenamiento. Esto es, las imagenes se preprocesaron
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aplicando las operaciones (1)-(5) para, a continuacion,
etiquetar manualmente las componentes conexas
como aceituna o descarte usando un software de
edicion de imagen.

Con la disponibilidad del conjunto gold standard, las
posibles ocurrencias de clasificacion que se podian
producir al evaluar las imagenes de validacion
externa, quedaron definidas como:

TP (verdadero positivo): instancia catalogada
como aceituna por la CNN, que también fue
etiquetada como tal en el conjunto gold standard.
TN (verdadero negativo): instancia catalogada
como descarte por la CNN, que también fue
etiquetada como tal en el conjunto gold standard.
FP (falso positivo): instancia catalogada como
aceituna por la CNN, que fue etiquetada como
descarte en el conjunto gold standard.

FN (falso negativo): instancia catalogada como
descarte por la CNN, que fue etiquetada como
aceituna en el conjunto gold standard.

Con estas definiciones, las métricas usadas para
evaluar el rendimiento del algoritmo de analisis de
imagen fueron:

TP
PR = TP+ Fp’
TP
RC=TpFn’
)
TP + TN

ACC =

TP+TN + FP + FN’

PR X RC

F— — X
score PR + RC

Donde PR (precision) es la tasa de acierto alcanzada
en la inferencia realizada sobre la clase aceituna, RC
(recall) es la fraccion de instancias aceituna que el
algoritmo logra catalogar, ACC (accuracy) evalua la
tasa de acierto global alcanzada para las dos clases, y
F-score es la media armonica de PRy RC.

Adicionalmente, también se estudio el coeficiente de
determinacion R’ resultante de enfrentar, para cada
imagen, el numero de aceitunas detectadas con el
establecido mediante conteo manual (el establecido en
el conjunto gold standard).

EVALUACION Y DISCUSION DE
RESULTADOS

3.2

La tabla 1 detalla, para cada imagen del conjunto de
validacion externa, el numero de aceitunas recogido
en el conjunto gold standard, el nimero de instancias
generado por el preprocesamiento, y las ocurrencias
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Tabla 1: Especificacion por imagen perteneciente al conjunto de validacion externa, y en total, de las instancias a
clasificar generadas por el preprocesamiento, el nimero de aceitunas reales recogidas en el conjunto gold

standard, y las ocurrencias de clasificacion.

Imagen Aceitunas Instancias TP TN FP FN
reales
1 907 13.745 823 11.827 84 188
2 904 14.058 788 12.307 117 58
3 1.225 17.158 981 14.831 244 121
4 702 14.219 544 12.879 158 94
5 1.026 15.973 890 13.907 137 149
6 1.227 14.972 1.113 | 12.432 114 200
7 882 14.315 794 12.353 88 286
8 795 14.146 727 12.165 69 458
9 984 14.092 891 11.877 93 340
10 965 16.167 862 14.106 103 234
11 368 12.261 299 11.539 69 55
12 560 15.378 469 14.234 91 115
13 740 13.871 646 12.354 94 131
14 566 15.193 507 13.988 59 132
15 493 15.646 432 14.601 61 120
16 543 12.375 483 11.239 60 110
17 939 13.252 846 11.318 94 148
18 938 15.972 842 13.986 97 205
19 969 14.143 866 12.098 105 208
20 75 11.674 25 11.566 50 8
21 63 15.873 38 15.764 25 8
Total 15.871 304.483 | 13.866 | 271.371 | 2.012 | 3.368

Tabla 2: Resultados de la metodologia de analisis de
imagen calculados sobre el total de TP, TN, FP y FN
producidos para las 21 imagenes de validacion
externa.

PR
0,8733

RC
0,8046

ACC
0,9823

F-score
0,8375

de clasificacion producidas por la CNN; también se
incluye esta informacion agrupando los datos de todas
las imagenes como un todo. La tabla 2 muestra los
resultados medidos en términos de las métricas
definidas anteriormente en (9). Por un lado, y
atendiendo al resultado de Acc, el rendimiento general
del clasificador podria ser calificado de destacable, ya
que clasificd correctamente el 98,23% de las
instancias. Por otro lado, de acuerdo con el valor de
PR, se produjo un 87,33% de acierto cuando la CNN
clasific6 una instancia como “aceituna”, mientras que
el RC indica que el 80,46% de todas las instancias
“aceituna” fueron correctamente clasificadas. La
conjuncién de ambos aspectos, en términos de F-
score, dio como resultado un rendimiento del 83,75%.
Para contextualizar estos resultados, conviene
ponderar varias circunstancias. La complejidad de las
imagenes para los fines perseguidos fue notable,
contribuyendo a esa dificultad: la similitud en color de
las aceitunas y las hojas de olivo, la marcada
variabilidad en tamafio de las aceitunas, que éstas se
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presentan tanto aisladas como junto a otras, y que
pueden presentar importantes grados de oclusion con
otros elementos como hojas, ramas u otras aceitunas.
Ninguno de estos distractores fue evadido, ya que se
persiguié la deteccion de aceitunas en cualquier
circunstancia, y con cualquier apariencia y grado de
oclusion, para lo que se disefi0 un preprocesamiento
especifico que posibilitd alcanzar los resultados
descritos.

La figura 6 muestra el resultado del analisis de
correlacion realizado al enfrentar, por imagen, el
numero de aceitunas reales recogidas en el conjunto
gold standard, con las detectadas por la metodologia
descrita en este articulo. Como se puede apreciar,
tanto en la grafica como en el valor medido de R? que
alcanzo el 0,9875, el grado de congruencia estadistica
entre las dos variables fue verdaderamente elevado.
En el trabajo presentando en [12] para la estimacion
de la produccion en viiiedos, planteado con un enfoque
similar, los autores encontraron un valor de R’ de
0,9829 al enfrentar el ntimero de granos de uva
visibles en las imagenes con el determinado mediante
etiquetado manual. En esa misma investigacion, se
encontrd también una fuerte correlacion entre el
numero de granos visibles detectados en las imagenes
y el nimero absoluto de granos que contenian las
plantas, incluyendo la fraccion de ellos no visibles y,
por tanto, no detectables en las imagenes. Ello resultd
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Figura 6: Resultado del estudio de correlacion
realizado enfrentando el nimero de aceitunas
detectadas por el algoritmo con el niimero real.

en la emision de una estimacion de cosecha en gramos
con un error medio del 1,3%. Por todo ello, el valor de
R obtenido en este trabajo argumenta a favor de que,
si se encuentra una fuerte correlacion entre el nimero
de aceitunas detectadas mediante andlisis de imagen y
las totales contenidas en el arbol, se puede llegar a una
metodologia precisa de estimaciéon temprana de la
produccioén del olivar.

4 CONCLUSIONES

Este articulo presenta una metodologia de andlisis de
imagen para la deteccion de aceitunas en imagenes de
olivo, encaminada al desarrollo de un sistema de
estimacion de la produccion del olivar. Dicha
metodologia implementa un preprocesamiento
dirigido a hacer viable la deteccion de las aceitunas en
las imagenes, bajo cualquier -circunstancia de
apariencia; mediante una red neuronal convolucional.
Los resultados obtenidos muestran fuertes indicios de
que el desarrollo presentado es un paso certero en la
consecucion del objetivo descrito. Ademas, es
esperable que la metodologia sea aplicable a otras
variedades de aceituna gracias a que, en una fase
temprana de maduraciéon como la considerada en este
trabajo, las  caracteristicas  morfologicas y
colorimétricas presentan una variabilidad contenida.

Como trabajo futuro, se pretende automatizar la toma
de imagenes con el empleo de robots autdnomos, asi
como mejorar las condiciones de captura con un
enfoque de iluminacion de mayor rendimiento. A su
vez, se diseflaran experimentos de campo dirigidos a
poder correlacionar la informacién extraida por
analisis de imagen con valores reales de produccion.
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English summary

OLIVE IDENTIFICATION AND
COUNTING IN DIGITAL IMAGES
TAKEN IN OLIVE ORCHARDS USING

MATHEMATICAL MORPHOLOGY
AND CONVOLUTIONAL NEURAL
NETWORKS

Abstract

Early and accurate yield estimation is a very valued
objective for modern agriculture. In the case of
oliviculture, it is especially relevant due to the high
economic value of its production. This paper presents
a methodology aimed at achieving that end.
Concretely, it comprises an artificial vision algorithm
able to detect those olives that are visible in a digital
image of an olive tree, captured directly in the field, at
night-time and with artificial illumination. First, the
image is preprocessed by means of mathematical
morphology techniques and statistical filtering to,

from this output, generate a subset of images with high

probability of containing an olive. Thus, this
preprocessing reduces the search space in a
magnitude of 10°. Next, these subimages are classified
by a convolutional neural network as ‘olive’ or
‘discarded’. From a total of 304,483 subimages,
extracted from 21 images, the net correctly classified
98.23% of cases, and gave a coefficient of
determination R? of 0.9875 when facing the number of
detected olives to the real one. This achieved accuracy
indicates that the found algorithm constitutes a solid
step towards the implementation of a future system for
early yield estimation of olive orchards.

Keywords: Precision agriculture, yield estimation,
olive, artificial vision, convolutional neural network.
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Abstract: Within the context of precision agriculture, goods insurance, public subsidies, fire damage
assessment, etc., accurate knowledge about the plant population in crops represents valuable
information. In this regard, the use of Unmanned Aerial Vehicles (UAVs) has proliferated as an
alternative to traditional plant counting methods, which are laborious, time demanding and prone
to human error. Hence, a methodology for the automated detection, geolocation and counting of
crop trees in intensive cultivation orchards from high resolution multispectral images, acquired by
UAV-based aerial imaging, is proposed. After image acquisition, the captures are processed by means
of photogrammetry to yield a 3D point cloud-based representation of the study plot. To exploit the
elevation information contained in it and eventually identify the plants, the cloud is deterministically
interpolated, and subsequently transformed into a greyscale image. This image is processed, by
using mathematical morphology techniques, in such a way that the absolute height of the trees
with respect to their local surroundings is exploited to segment the tree pixel-regions, by global
statistical thresholding binarization. This approach makes the segmentation process robust against
surfaces with elevation variations of any magnitude, or to possible distracting artefacts with heights
lower than expected. Finally, the segmented image is analysed by means of an ad-hoc moment
representation-based algorithm to estimate the location of the trees. The methodology was tested
in an intensive olive orchard of 17.5 ha, with a population of 3919 trees. Because of the plot’s plant
density and tree spacing pattern, typical of intensive plantations, many occurrences of intra-row tree
aggregations were observed, increasing the complexity of the scenario under study. Notwithstanding,
it was achieved a precision of 99.92%, a sensibility of 99.67% and an F-score of 99.75%, thus correctly
identifying and geolocating 3906 plants. The generated 3D point cloud reported root-mean square
errors (RMSE) in the X, Y and Z directions of 0.73 m, 0.39 m and 1.20 m, respectively. These results
support the viability and robustness of this methodology as a phenotyping solution for the automated
plant counting and geolocation in olive orchards.

Keywords: aerial imagery; image analysis; multispectral imagery; crop tree; phenotyping; plant
population; UAV

1. Introduction

Currently, global food demands entail one of the most challenging problems addressed by society.
Indeed, as a consequence of the population growth expectations, the demand for crop production
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is estimated to increase on the order of 100% in 2050, when compared to 2005 reports [1]. This
scenario forces society to develop agricultural and food systems prone to proactively satisfy such a
demand while being capable of minimizing the environmental impact. In this sense, crop phenotyping
constitutes a crucial tool in order to achieve this balance.

Indeed, deep knowledge about observable crop trails and the way the genotype of plants expresses
in relationship with the environmental factors comprise a relevant and valuable information for
farmers [2]. Within this context, individual plant counting is a key factor, not only regarding to crop
phenotyping, but also providing valuable information, supporting farmers when planning breeding
strategies and another agricultural tasks. Thus, the plant population determines the crop density,
defined as the number of plants per cultivated hectare. This statistic is closely related to different aspects,
such as the efficiency of water and fertilizer resources, or pathogen susceptibility [3]. In addition,
it plays a key role when estimating crop yield in tree-based cultivation, and it helps farmers when
designing watering and/or fertilization schemes [4]. The importance of the plant population does not
stop here, as it is a significant indicator when applying for public subsidies [5], pricing plantations [6],
or assessing losses after any kind of extraordinary event, such as fire damage, pest infestations or
other natural disasters. However, traditional counting methods are usually based on in-field human
visual inspections, so as happens with other phenotyping activities [7,8], it implies tedious, time
consuming and prone-to-error tasks, especially when it comes to large-scale plantations [3]. Due to
these difficulties, there is a pressing need for the development of new techniques aimed at carrying out
plant counting in an accurate, efficient and automated way.

Nowadays, Unmanned Aerial Vehicles (UAVs) have popularised as part of the remote sensing
technologies incorporated into precision agriculture, and they have become widely used in crop
phenotyping research [9,10]. This is mostly due to the advantages they offer over traditional aerial
imaging systems already tested within this application, such as those based on manned airplanes or
satellites. When compared to them, UAV-based imaging implies lower operational costs, less weather
constraints and the possibility of operating under cloudy conditions [9,11-13]. Furthermore, the growth
that the market related to UAVs and remote sensing equipment is experiencing nowadays makes this
technology increasingly accessible and affordable. Hence, they are definitely promising tools within the
scope of smart farming and precision agriculture, with potential uses in crop phenotyping tasks [9,14].

In fact, when focusing on plant detection and counting, a considerable amount of research where
crop tree identification is realised from UAV-based imagery can be found already. Images acquired are
usually processed, generating representative data structures of the study sites which are subsequently
analysed in order to detect and count the plants. Hence, Malek et al. [5] approached palm tree detection,
by analysing a set of candidates, previously computed using the scale-invariant feature transform
(SIFT), with an extreme learning machine (ELM) classifier. Candidates categorised as trees were
post-processed by means of a contour method based on level sets (LS) and local binary patters (LBP), in
order to identify the shapes of their crowns. In Miserque-Castillo et al. [15], a framework for counting
oil palms was developed, where a sliding window-based technique procured a set of candidates.
After processing with LBP, they were classified by a logistic regression model. Primicerio et al. [16]
studied plant detection within vine rows. The segmentation of the plant mass was carried out on
the basis of dynamic segmentation, Hough space clustering and total least squares regression. After
individual plant identifications were estimated, a multi-logistic model for the detection of missing
plants was applied. Jiang et al. [17] introduced a GPU-accelerated scale-space filtering methodology
for detecting papaya and lemon trees in UAV images. To that end, initial captures were converted to a
Lab-based colour space, mostly exploiting the information contained in the channel a (representative
of the colour values from red to green) to differentiate the plants from the ground. Koc-San et al. [18]
undertook citrus trees location and counting from UAV multispectral imagery. To that end, they
proposed a set of procedures based on sequential thresholding and the Hough transform. In the
same vein, Csillik et al. [19] focused on citrus crops, intending the identification of trees by using
convolutional neural networks (CNNSs). In addition, they used a simple linear iterative clustering (SLIC)
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algorithm for classification refinement. CNNs were also used by Ampatzidis and Partel [20] in order
to detect citrus trees. Specifically, the CNN model was trained by using a YOLOV3 object detection
algorithm. Furthermore, they implemented a normalised difference vegetation index (NDVI)-based
image segmentation method for estimating the canopy area. In Selim et al. [21], approached orange
tree detection from high-resolution images, by applying an object-based classification methodology,
using a multi-resolution segmentation of the data derived from aerial imagery. Deep learning and
CNN technology was exploited by Aparna et al. [4]. In this case, coconut palm tree detection was the
aim. Initial captures were transformed into an HSV colour representation, and then binarized and
conveniently cropped in sub-images, with which the CNN classifier was trained. In Kestur et al. [22],
an ELM methodology was proposed for detecting tree crowns from aerial images captured in the
visible spectrum. Thus, the developed ELM spectral classifier was applied in order to segment the tree
crowns-pixel areas from the rest of the image. The methodology was validated by studying banana,
mango and coconut palm trees. Marques et al. [23] focused on the detection of chestnut trees. They
considered different kinds of sensorics for acquiring aerial images. Thus, RGB and Colour Infrared
(CIR) images were used in their research, where different segmentation techniques were explored
in order to properly isolate the tree-belonging pixel-regions to subsequently carry out the eventual
identification of the trees.

Regarding olive plantations, which constitute the study case considered throughout the
experimentation developed here, several studies where olive tree phenotyping is approached by using
UAV-based aerial imagery can be found. Thus, Diaz-Varela et al. [24] attempted the estimation of the
height and crown diameter of olive trees by means of structure-from-motion (SfM) image reconstruction
and geographical object-based image analysis (GEOBIA). Along the same line, Torres-Sanchez et al. [25]
also proposed a methodology for the estimation of different olive tree features. Particularly, height,
crown volume and canopy area were addressed. This was accomplished by generating digital surface
models (DSMs) from aerial imagery, and object-based image analysis (OBIA). This study was extended
in [26], where different flight altitudes and overlapping degrees were tested in order to optimise
the DSM generation, in terms of computational cost. In Salami et al. [6], olive trees counting was
approached by using a UAV equipped with a small embedded computer. This device was aimed
at processing captures on board, and to provide via cloud services, nearly real-time plant count
estimations to the end-user.

In this paper, a new methodology for the identification of crop trees located in intensive
farming-based orchards, by means of the analysis of aerial images, is proposed. To that end, we start
from a set of aerial captures acquired by a UAV equipped with a multispectral camera while flying over
the land plot under study. These multispectral images are processed in order to yield a DSM, following
standard image matching and photogrammetry techniques. The core of the novel proposal of the
methodology is comprised by an image analysis-based algorithm, aimed at identifying the trees by
exploiting the elevation information contained in this data structure. To that end, the DSM is converted
into as a greyscale image, where elevation information is approached as grey level values. Then,
this image is transformed by means of mathematical morphology, in order to individually segment
the tree-belonging pixels from the ground, by a statistical global thresholding-based binarization.
Eventually, that resulting segmentation is analysed by an ad-hoc procedure to detect intra-row tree
aggregations, consisting in studying the second central moment of the tree pixel-regions. The whole
methodology was tested in an intensive olive orchard, obtaining results that highlight its effectiveness
as a full-automated solution for crop trees detection and counting, and its robustness against complex
scenarios, as intra-row tree aggregations and a strong ground elevation variability were present in the
study plot.

Hereafter, the present manuscript is structured as follows: Section 2 focuses on the experimental
design. Thus, Section 2.1 describes the characteristics of the olive orchard in which, as study case, images
were acquired for the purpose of testing the methodology. Section 2.2 exposes all the aspects related
to how aerial image acquisition was performed. In Section 2.3, the image analysis methodology for
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trees detection, counting and geolocation is developed, addressing the stages of image pre-processing
(Section 2.3.1), the generation of a DSM as a base data structure (Section 2.3.2), and the image
segmentation and analysis (Sections 2.3.3 and 2.3 .4, respectively). Then, in Section 2.4, the set of metrics
computed to assess the performance of the methodology is proposed. Section 3 presents the results
obtained, which are then discussed in Section 4. Section 5 concludes the manuscript, giving a brief
summary of the main findings achieved and identifying aspects that might be approached in further
investigations. Finally, Appendix A formally defines all the morphological operators used throughout
the developed image analysis methodology.

2. Materials and Methods

2.1. Study Case Site

The olive grove where the testing aerial imagery was acquired is located in Gibraleon, province of
Huelva (Andalusia, Southwest Spain). In particular, the area under study, centred in the coordinates
7°02’48.44""W and 37°20"39.80”N, corresponds to an orchard with an approximate extent of 17.5 ha,
where an intensive cultivation system is applied, with a plant spacing pattern of 5.5 X 7 m; the Olea
europaea L. cultivated variety is Picual. It should be noted that this orchard shows a notable variability
in terms of soil composition, crown size of the trees and altitude, varying from around 54 m to around
96 m above sea level. A third-party aerial capture of the study site, obtained by manned flight-based
imaging, is shown in Figure 1. It should be underscored that this third-party image is only offered for
the purpose of illustrating the study plot, so it was not used at all throughout the experimentation.

7°3'13" 7°2'50" 7°2°27"

37°20°47" 37°20'47"

37°20°28"

37°20°28” S

7°3'13” 7°2'50" 221"

Figure 1. Third-party aerial capture of the case study site shown to illustrate the study plot, highlighted
in red.

2.2. Image Acquisition

2.2.1. Aerial Imaging Equipment

Aerial imaging was conducted using a DJI™ Matrice 100 UAV (SZ DJI™ Technology Co., Ltd.,
Shenzhen, Guangdong, China). This device is propelled by four rotors (quadcopter), enabling its
vertical take-off and landing. With a diagonal wheelbase of 650 mm and a maximum take-off weight of
3600 g, it can reach a maximum cruise speed of 22 m/s, withstanding a wind resistance up to 10 m/s. It
is controlled in an operating frequency varying from 5725 to 5825 GHz, with a maximum transmission
distance of 5 km.

Images were taken with the multispectral camera MicaSense RedEdge-M™ (MicaSense, Inc.,
Seattle, WA, USA), installed on the UAV. This sensing device is capable of capturing information in
five different spectral bands within the visible and the infrared spectrum. Table 1 summarises the most
relevant features related to these bands.
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Table 1. Features of the spectral bands captured by the multispectral camera MicaSense RedEdge-M™.

Band Number Band Name Centre Wavelength (nm) Bandwidth (nm)
1 Blue 475 20
2 Green 560 20
3 Red 668 10
4 Near Infrared 840 40
5 Red Edge 717 10

The camera was mounted together with a dedicated GPS device for the purpose of georeferencing
each captured image. A downwelling light sensor (DLS) was also included into the setup, in order to
calibrate the images according to the changing conditions of ambient light. Finally, for accurate ground
reflectance calibration, a reference board (grey reference) was used by imaging it during both the
take-off and landing. In Figure 2, the UAV is shown together with all the equipment described above.

Figure 2. Equipment used to capture the aerial imagery used in this paper.
2.2.2. Flight Planning and Development

The flight mission planning was set with the DJI™ Flight Planner software, by drawing the
polygon delimiting the study plot (highlighted in red in Figure 1). Within the study plot, the mission
was planned according to the criterion of minimising the number of turns to be made by the UAV
to cover it entirely. Thus, the flight was configured to be performed autonomously, at an altitude of
70 m and at a cruise speed of 15 km/h. The multispectral camera was configured with a time period
between captures of 1.5 s. With these settings, it was intended to capture images with forward and
lateral overlaps of 85% and 65% respectively, and with a desired GSD of 0.05 m/pixel. The flight took
place on June 13, 2019, approximately between 11 a.m. and 1 p.m. Litchi software (VC Technology, Ltd.
©, London, UK) was used for operating and monitoring the mission. A total of 44,325 images were
acquired during the flight, 8865 per each of the five spectral bands in which the multispectral camera
can capture information.

2.3. Image Analysis Methodology for Olive Trees Detection, Geolocation and Counting

The main objective pursued in this investigation is the development of a procedure able to perform
olive tree detection, location and counting from aerial captures by means of image analysis. To that
end, a methodology has been designed under those principles to, first, transform images acquired
into a DSM, as a representative data structure of the whole orchard under study; and then, to exploit
the information contained in it in order to carry out a binary segmentation, in which tree-belonging
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pixels could be differentiated from the rest of the image. Eventually, the result of this segmentation is
analysed to detect intra-row aggregations, thus finally yielding the individual tree locations and the
accurate plant population estimation. The flowchart shown in Figure 3 illustrates the different stages
comprising the developed methodology, which are deeply detailed throughout the next subsections.

Multispectral Aerial Captures

| 3D POINT CLOUD GENERATION | Pix4D™ Mapper

ArcGis'™ 10.3/Geostatistical
DSM GENERATION

Analyst Tools

| DSM CONVERSION TO GREYSCALE IMAGE |
Ad-hoc Morphological Image
Analysis Algorithm

GREYSCALE IMAGE PRE-SEGMENTATION
PROCESSING

Crown gaps removal by flood-
filling.
Background estimation by
adaptative morphological
filtering.
Irrelevant maxima filtering.
Morphological object filtering
by height.

IMAGE SEGMENTATION
Otsir's global thresholding-
based binarization.

Noise removal.
ROl identification.

ANALYSIS FOR INDIVIDUAL TREE LOCATION

Crop Trees Location
and Counting

Figure 3. Representative diagram of the methodology proposed for detecting and counting crop trees
from multispectral aerial images.

For simplicity purposes, all morphological operators involved in the methodology described
throughout this section, are formally defined in Appendix A.

2.3.1. Image Pre-Processing

As a first step, captures obtained by aerial imaging are radiometrically corrected using the
illumination information provided by the camera’s DLS sensor and the reflectance measured in
the images captured of the reference board. Then, the corrected images are processed to yield the
orthomosaics corresponding to each of the five spectral bands considered. In Figure 4, a colour image
resulting from the combination of the blue, near infrared (NIR) and red edge bands is presented. It
should be underlined that this ad-hoc image was exclusively generated for the purpose of supporting
the assessment of the methodology’s performance by a human observer, as detailed in Section 2.4.
Therefore, they were chosen so as to obtain a proper visual tree differentiation, being other combinations
of bands surely also suitable for this purpose.
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Figure 4. Colour image generated from the information provided by the orthomosaics of the Blue, Red
Edge and NIR spectral bands.

In addition, a 3D point cloud is generated as well, to later develop the representative DSM of the
overflown land plot. To that end, every point in the cloud is determined by its re-projection in at least
three images; then, it is characterised with a triplet of coordinates, where the two first ones determine
its relative location within the cloud and the third one refers to its elevation. Thus, a high-density 3D
point cloud with a total number of 205,998,922 points is reached.

The task of creating both the set of orthomosaics and the 3D point cloud was carried out using the
photogrammetry Pix4D™ Mapper software. As representative indicators of the errors committed
during the pre-processing stage, the software reported root-mean square errors (RMSE) in the X, Y and
Z directions of 0.73 m, 0.39 m and 1.20 m, respectively. Note that these errors do not correspond to the
quality of the point cloud, but to the error between the initial and the computed image positions.

2.3.2. Digital Surface Model (DSM)

The DSM is generated by deterministic spatial analysis, from the 3D point cloud yielded above,
by applying an inverse distance weighting (IDW) interpolation [27]. According to this method, the
attribute value (the elevation in this case) of an unsampled point is decided from the attribute value of
its surrounding known points. The influence of the known sampled points decreases as their distance
from the targeted point increase, so the unsampled point value is computed on the basis of the attribute
values of the surrounding points observations, inversely weighted according to their distance. So,
being Sy a targeted point, its interpolation value Z(Sy) can be mathematically defined as follows:

2(50)= Y NZ(S). (1)

where Z(S;) is the observed value for the i-th surrounding point S; of N points; A; is the weight assigned
to S;, according to its distance djy to So. Hence, A; can be defined as follow:
dr
A= i0 )
s s @)

where p is a weighting exponent that controls the way in which weight decreases with distance; the
weights A; vary between 0 and 1 for each point and the total sum of them is the unit: Zfi Ai=1

For computing the DSM using this IDW spatial interpolation, ArcGis™ 10.3 (Esri, Inc., Redlands,
CA, USA) and its Geostatistical Analyst Tools extension were used. The size of the cell was matched to
the cell size of the orthomosaics computed before. In the same vain, interpolation output raster was
also restricted by the dimensions of these orthomosaics. In addition, it should be noted that, during
the analysis, it was stablished a fixed neighbourhood search, using a circular radius distance of 10 m
and a maximum number of neighbourhood points of 4, with a weighting exponent p of 2.
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2.3.3. Image Segmentation Algorithm

The DSM, obtained after processing the initial aerial captures, is used as fundamental data to
eventually perform crop trees detection and the subsequent location and counting. Every voxel (3D
pixel) in the DSM is defined by its x and y position within the map, and its altitude with respect to the
sea level. This altitude information is exploited in such a way that trees are segmented by considering
their absolute height with respect to their local neighbourhood.

First, the DSM is approached as a 2D greyscale image by taking the voxels’ elevation information
as the intensity values of their corresponding pixels in this greyscale image. Thus, given DSM as the
representative matrix of the DMS previously computed, the intensity matrix, GSpsys, which approaches
this model as an 8-bit greyscale image, can be defined as follows:

DSM(x, y), if DSM(x,y) >0
0, in any other case ’

GSpms(x,y) = { 3

where DSM(x, y) is the elevation value with respect to the sea level provided by the DSM for the point
(x,y). Figure 5 shows a representation of the DSM as a greyscale image.

Figure 5. Representation of the computed DSM as the intensity image GSpgps. Note in the zoomed
area, highlighted in the red square, the differences in terms of grey level between those pixel regions
which apparently belong to olive trees, and those from the surrounding ground. Then, given that each
pixel intensity value is assigned according to its elevation in the DSM, higher pixel values indicate
higher altitudes with respect to the sea level. It should be noted that, for the sake of facilitating its
visualisation, the image display range has been established between the minimum bigger-than-zero
value from the DMS, and its maximum.

Once this greyscale image is obtained, a filling operation is performed to homogenise the grey
level values of the tree crowns which, in some cases, showed darker areas potentially related to hollows
in the foliage. Mathematically, it can be defined from a morphological reconstruction as follows:

Ies1 = R, (GS'Dus),

, GSpms, if (x,y) is a border pixel 4)
GSDMS(x,y)={ DM (x,y) p )

255, in any other case

where GS’pjs is a border image of GSpps, and R¢ refers to the morphological reconstruction by erosion
(&) of GSpps from marker GS’pys until idempotence. Figure 6 shows the effect of this operation on
the zoomed area of Figure 5.
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(a) (b)

Figure 6. Filling gaps illustration: (a) same zoomed area of GSpys shown in Figure 5; (b) result of the
filling gaps operation applied to (a).

Afterwards, a homogenisation of the grey level values of I5g; is performed aimed at favouring
its later optimum binarization. Since Igg; directly derives from the DSM, its pixel values represent
altitude magnitudes expressed in meters with respect to the sea level. Consequently, disturbing cases
when binarizing may appear, such as that in which ground pixels have higher grey level values
than those of tree pixels (when the former are at higher altitudes than the latter). Hence, in order
to avoid this difficulty, Igs; is homogenised by subtracting from it an accurate background estimate.
This is calculated by iteratively opening Igs1 with a circular structuring element of increasing radius,
taking at each step the minimum value between the opening results at the i-th and the i-1-th iteration.
Mathematically:

IgEper = IBE,,

being
Lr — Igs1, ifi=0 5
BE; MIN (IBEH, VB (IBEH)) in any other case
i=1,..., n

where y;, is the morphological opening operation using a disc-shaped structuring element 8 of radius
ix5. For a given tree crown in the image, its optimum filtering takes place when its grey level
values are substituted with the minimum value existing in its closest background neighbourhood. It
happens when the opening operation is performed using a structuring element with the minimum
radius allowing the element to completely contain the tree crown. Therefore, note that the formulated
approach provides a flexible framework favouring the accurate filtering of every tree independently
from its size. The number of iterations has been fixed to n = 14, which corresponded to a maximum
radius value of the structuring element equal to 70. This value has been set to ensure the accurate
filtering of the greater trees, being adaptable to different image capturing conditions deriving in other
maximum tree crown sizes. Once Ipg,;; is computed, the homogenisation of I5g; is obtained by:

Igs2= Igs1 — IBEpg- (6)

Figure 7 illustrates the described process to yield a homogenised version of Is;. At this point,
Icsp is a homogenised image in which its grey level values represent absolute altitudes. In other
words, the previous processing made the effect of ideally flattening the original surface and placing
its background at the sea level. In this context, tree crowns are the elements expected to be at higher
levels, so the next processing is intended for removing from the image irrelevant maxima, which were
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considered to be those pixels with altitude values lower or equal than 1 m. This effect is achieved by
applying the H-maxima transform to image Igs;:

Igss = HMAX;,(Igs2) = R

Igsa

(Iesz=h), h=1. @)

where RO refers to the morphological reconstruction by dilation (6) of Igsy from marker Igs; — k. In this
case, artefacts with elevation values greater than 1 m were retained for being of interest; note that this
criterion can be easily modified by adjusting the & parameter.

(c)

Figure 7. (a) Greyscale image Igs resulting from filling gaps in the image shown in Figure 5, GSpys;
(b) background estimation of (a), Igg,,;; (c) resulting image Igs, after subtracting (b) to (a).

Next, the elements surviving the previous filtering by height are segmented by binarizing image
Ics3 using the Otsu’s method [28]. This approach assumes that the population of grey level values of
the image is made up of two dominant groups or classes, corresponding to the foreground and the
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background pixels, respectively. Hence, it determines the grey value maximising the separability of
both classes, which results in the greater median distance between them, or analogously, the minimum
intra-class variance. Therefore, given the threshold thresh resulting from applying the Otsu’s method
to image Igs3, its binarization can be defined as follows:

255, if Igs3(x, y) > thresh
0, in any other case '

Ipvi(xy) = { (8)

Figure 8 illustrates Ippy1, resulting from the binarization of image Igs3, shown in Figure 7c.

Figure 8. Image Ip;n1 resulting from the binarization of I;s3, shown in Figure 6¢. Note in the zoomed
area, in the red square, how potential plants have been accurately segmented from the background.

As a result of this binarization, image pixels are segmented into two classes, background (black
pixels) and foreground (white pixels); this latter being potentially formed by pixels belonging to olive
trees. Next, in order to remove the spurious connected components (set of neighbour foreground
pixels) abnormally small, a morphological opening is applied on the binary image Ip/n:

Ismvz = yp(IpNt)- )

where yg stands for the morphological opening performed by using a disk-shaped structuring element
B of 5 pixels in radius. To exactly recover the shape of the connected components surviving to this
noise filtering, Ig;n1 is morphologically reconstructed by dilation (R®) from marker Ig;np, which leads
to Ipins:

(Ipinz2)- (10)

After noise removal, the polygon drawn to delimit the region of interest (ROI) for flight planning
(Section 2.2.2) is used as a mask image, Iroj, to constrain the area of interest within the image for the
rest of the analysis. Figure 9 illustrates I, together with the result of its application to Ig;n3, which
can be mathematically formulated as:

_ po
Ipins = lem

Ipnz(x, ), if Iror(x,y) > 0

11
0 in any other case an

IpiNdet (%, y) = {
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(b)

Figure 9. (a) ROI mask image Iroy; (b) image Ipnges resulting from filtering the binary image Ipn3
(visually very similar to Igiys, shown in Figure 8), with image Iroj.

2.3.4. Image Analysis Algorithm for Tree Counting and for the Estimation of Tree Locations

As it can be seen in Figure 9, Ipingef provides a segmentation of the olive trees from the background.
A first approach to count the number of plants might just consider the number of connected components
in that binary image. Nevertheless, the possibility of existing connected components not exactly
corresponding to a sole olive tree has to be considered. Indeed, because of the variability in terms of
crown size shown by the trees of the plot under study, their foliage may appear overlapped within the
same row, thus resulting in wrongly merged connected components in the binary image; overlapping
of tree crowns from different rows is not expected as it is prevented by pruning; Figure 10 illustrates
this phenomenon. Therefore, the image analysis procedure described below has been developed
intended to accurately provide plant population, despite intra-row tree aggregations.

(b)

Figure 10. (a) Sub-image of the study plot orthomosaic represented in Figure 4, where it can be
observed a couple of trees with overlapping foliage; (b) sub-image of the binary image resulted from
the segmentation performed, Ip;ngef, corresponding to the area represented in (a). Note how the two
olive trees share the same connected component.
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The procedure is based on analysing the morphology of the segmented connected components
of [ BINdef, IN order to determine the estimated number of trees contained in them. To that end, the
components of the binary image are firstly approached with the ellipses that share the same normalised
second central moment [29]. Thus, for a given connected component cc;, its representing ellipse E; is
defined by the following set of elements:

E; = {CxEj, CyE,', d1E;, dpE;, [XE,‘}. (12)

being cxE; and ¢, E; the coordinates of its centre, d1 E; and d>E; the length in pixels of its two axes and
aE; the angle formed by its longer axis and a horizontal imaginary axis. Consequently, the length of
the major and minor axes of the ellipse can be defined as:

MajAx(ce;) = MAX{d\E;, d2Ej),

Mil’le(CCi) = MIN{dlE,‘,din}. (13)

As can be seen in Figure 11, whilst the minor axes keep comparable length values throughout
the whole population of ellipses, regardless of the number of plants contained in the corresponding
components, the length of the major axes show a strong dependence with this number. To exploit this
feature, next, the maximum length value of all the computed minor axes was calculated as a reference
to subsequently be used throughout the rest of the analysis. Thus:

MAXMMAX = MAX[MinAx(cci)}. (14)

it

&

Figure 11. (a) Sub-image of the study plot orthomosaic represented in Figure 4; (b) sub-image of the
binary image resulted from the segmentation performed, corresponding to the area represented in (a);
(c) representation of the ellipses (in red) computed for each connected component in the image (b),
with their corresponding major (in blue) and minor (in green) axes.

Then, counting of trees was conducted by comparing MAXpsi4x to the length of the major axis of
each connected component cc;, by computing:

1, if Maij(cci) < MAXpinax X 1.20

TreeNumber(cc;) = . .
(cci) { [MajAx(cei) /MAXpimax]l, in any other case

(15)

As the shapes of tree crowns are irregular, the MAXji,ax value, computed on the population
of minor axes, might be slightly lower than the length of the major axis of an eventual connected
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component representing a sole tree. Additionally, we note that tree spacing in agricultural plantations,
such as that considered in this study, is ideally regular, so the potential for overlapping trees are greater.
Therefore, as Equation (15) shows, increasing MAXjinax by 20% provides flexibility to the former
situation while it respects the latter assumption, as the aggregation of great tree crowns is not expected
to enlarge the resulting object by only a 20%. The concrete value has been decided empirically, being
not critical, as values moderately higher and lower were also found to provide comparable results.
Finally, once the number of plants per connected component is estimated, the total number of trees is
calculated by the addition of these partial results:

TotalTreePopulation = Zi] TreeNumber(cc;), (16)

being n the number of connected components.
Finally, once trees are counted, a representative location for each of them within the image is
attempted. Hence, the following definition was established:

17)

(xi1,y11) = (Cin, cij), TreeNumber(cc;) = 1V
(xit, yir), TreeNumber(cc;) =t, k=1,...,t [

TreeLocation., = {(xij/ yzj)

This is, for a given connected component cc; containing a sole tree, the location of the latter
is decided as the location of the centre of the ellipse E; representing the former. Conversely, for
aggregated components, the location of the contained multiples trees is estimated by equally spacing
them throughout the major axis of its representing ellipse, taking as reference the centre of this last.
With this approach, two situations must be considered. The first case refers to when cc; contains an odd
number of trees. In this scenario, the location of the central tree matches with the centre of its ellipse,
being the resting locations estimated by displacements to the left and to the right of this reference.
Mathematically:

cxEi + kX jump; x cos(aE; +m), if k <t/2
Xik = cxEi, lfk: t/2 ,
cxE; + (k—t/2) X jump; X cos(aE;), if k>t/2
cyE; 4+ kX jump; X sin(aE; 4+ n), if k <t/2
Yik = cyE;, ifk=t/2 ,
cyEi + (k—1t/2) X jump; X sin(aE;), if k> t/2
k=1,...,t, t= TreeNumber(cc;),
jump; = MajAx(cc;)/ (t+ 1).

(18)

where jump; represents the magnitude of the displacements among the estimated tree centres. Note
that the first case models the estimated locations placed at the left of the central tree, the third case
models those placed at the right, and the second one defines the case of the central tree. The second
scenario occurs when cc; contains an even number of trees. For this case, the centre of its representing
ellipse does not match with the expected centre of a tree, but with the overlapping zone of two of them.
Hence, this location is not assigned to any tree, but it is only taken as a reference:

= cxE; + (k—0.5) X jump; X cos(aE; + m), if k< t/2
K7\ exEj+ (k—1t/2-05) x jump; x cos(aE;), if k>t/2 ’
f cyEi+ (k—0.5) X jump; x sin(aE; + 1), if k< t/2
®\ cyEi+ (k—t/2-05) x jump; x sin(aE;), if k>t/2 '
k=1,...,t, t = TreeNumber(cc;),
jump; = MajAx(cc;)/(t+1).

(19)

The first case models the estimated locations at the left of the centre of the ellipse E;, while the
second case models those placed at its right. Figure 12 graphically describes the formulated procedure
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to estimate tree locations. In Figure 13, the result of computing the tree potential location points is
illustrated. The yielded locations are marked in red in the binary sub-image shown in Figure 11.

CCi cci
% (xi3, Yi3) %(Xiz, yi2)
(xi1, Yi1)

o Vio)= ! A (cxEi, cyEi)
(xi1, yi1) (X|2, YIZ) (CXEI, CyE.) ,

(a) (b)

Figure 12. Illustration of the process to estimate a representative location for aggregated trees,
formulated in Equations (17)—(19). Examples for odd (a) and even (b) number of aggregated trees
are given.

Figure 13. Result of the estimation of the individual tree location points.
2.4. Performance Evaluation of the Image Analysis Methodology

In order to assess the performance of the methodology proposed, it was firstly necessary to locate
and determine the exact number of olive trees in the land plot under study. This was carried out
by a human observer, by inspecting, labelling and counting the tree crowns appearing in the ad-hoc
orthomosaic of the study site proposed in Figure 4.

The performance assessment of the methodology was approached by comparing the actual
number of plants, and their distribution, to the estimations yielded by the image analysis algorithm.

In order to quantitatively evaluate this comparison, the set of metrics defined here below
are proposed:

e  Precision: it gives the hit ratio for the trees found by the algorithm. Mathematically:

TP

Precision = ————.
recision TP T P

(20)
where TP (true positives) is the number of trees correctly identified, and conversely, FP (false
positives) refers to the number of instances wrongly proposed by the algorithm as potential olive
trees. A tree is considered to be correctly identified only when the algorithm placed its estimated
location within its crown.

164



Chapter 4. Results

Remote Sens. 2020, 12, 748 16 of 23

e Sensitivity: it provides the ratio of actual trees found by the algorithm:

TP
itiity = ————. 21
Sensitivity TPLEN (21)
where FN (false negatives) is defined as the number of actual olive trees not detected by
the algorithm.
®  Flgop: it is the harmonic mean of the two metrics described above, being mathematically
defined as:
(Precision x Sensitivity)
Flscore =2X T . (22)
(Precision + Sensitivity)
3. Results

According to the metrics proposed, the results provided by the presented methodology for crop
trees detection, location and counting are exposed in Table 2. As it can be observed, 99.92% of tree
proposals were correct, and 99.67% of the actual trees were found.

Table 2. Performance assessment of the automated trees detection and counting methodology, expressed
in terms of the metrics defined to that purpose.

Actual Tree Estimated Tree L. e
Population Population P FP FN Precision Sensitivity  Flgcore
3919 3909 3906 3 13 0.9992 0.9967 0.9975

Regarding the failures detected, and focusing on the false positives (FP) reported, each of them
can be justified by a different reason. Thus, one of them was caused by a car that was parked very
close to the study site. Because of its height, it could not be discarded during image processing, neither
filtered when the image was cropped according to the specified region of interest. As a result, a very
small residual connected component, corresponding to this vehicle, was inevitably considered when
analysing the ultimate binary image. A second false positive resulted from a tree with an anomalously
damaged crown, so it was detected by the algorithm as two different plants. Finally, a last false tree
detection was obtained when processing a large connected component containing seven aggregated
olive trees. Due to the morphology and disposition of the overlapped tree pixel regions, the number
of plants contained was overestimated in one unit. The different issues related to the false positives
detected during the assessment of the methodology are illustrated in Figure 14.

(b) (©)

Figure 14. False positives detected during performance assessment: (a) case related to a car parked
next to the study site; (b) case consequence of wrongly splitting one tree into two different connected
components because of its damaged condition; (c) case obtained after overestimating the number of
trees contained in an aggregated connected component.
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With respect to false negatives (FN), one of them was detected to come from the absence of
information in the DSM, this probably due to not having enough matching points from different
captures when reconstructing this part of the image. As a result, the elevation information in those
corresponding points, provided by the DSM, was not significant enough to enable the discrimination
of this plant (the phenomenon is illustrated in Figure 15).

Figure 15. False negative resulting from a lack of information in the point cloud: (a) aerial
sub-image where the tree wrongly discarded by the algorithm is represented; (b) 3D point cloud-based
representation of the area shown in (a); (c) elevation information provided by the DSM, represented as
a greyscale image, corresponding to the area shown in (a).

In this respect, it should be noted that the density and quality of the 3D point cloud used to
generate the DSM, is directly related to the overlapping with which aerial imagery is captured [25].
As commented in Section 2.2.2, the image acquisition flight and the multispectral camera setup were
planned for the purpose of achieving a forward overlap of 85%. By increasing this overlapping, results
could be virtually improved. However, since 99.97% of the trees were properly reconstructed, i.e., 3918
among 3919, it seems plausible to consider the setup proposed for image capture as valid. Being
discarded defects in flight and image capture parametrisation, it is difficult to determine the reasons
that provoked this issue, but it might be probably related to problems when capturing the aerial
images, either due to weather conditions that could occasionally affect the stability of the UAV, or due
to problems with the operability of the camera. Meanwhile, the rest of false negative cases detected
were related to small trees, most of them in growth stage, which did not reach the minimum height
(1 m) to be properly segmented from the background.

4. Discussion

Table 3 compares the results of the methodology presented in this paper to those of the main
published works also aimed at automated crop tree detection in orchards. A first aspect to be
highlighted is that the present work outperforms the other proposals, despite the fact it was tested on a
considerably greater plant population when compared to most of the reported research. Consequently,
this surely included a wider variability in terms of the individual characteristics of the trees, and the
way they are disposed throughout the land plot under study. Also, it should be underscored that,
contrary to most of those works, this study considered challenging conditions related to overlapping
intra-row tree crowns, aspect with a special impact on the accuracy with which plant population can
be estimated in intensive orchards.
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Table 3. Comparison of performance of different methods for crop trees counting published in the
bibliography, and the present work.

Method Actual Tree Population  Precision  Sensitivity Flscore
Torres-Sanchez et al., 2015 [25] 135 - 0.945-0.969 -
Torres-Sanchez et al., 2018 [26] - - 0.970 -
Salami et al., 2019 [6] 332 0.9939 0.9909 0.9924
Malek et al. [5] 617 0.9009 0.9440 0.9219
Csillik et al. [19] 2912 0.9459 0.9794 0.9624
Ampatzidis and Partel [20] 4931 0.9990 0.9970 0.9980

Selim et al. [21] 105 - 0.8286 -
Marques et al. [23] 1092 0.9944 0.9780 0.9861
This work 3918 0.9992 0.9967 0.9975

Thus, focusing on the case of the olive, a crop around which the proposed methodology was
validated, counting of trees based on aerial imagery was attempted in Salami et al. [6], obtaining a
remarkable average precision of 99.84%. Nevertheless, plant detection was approached by using a
circular template, imposing the prerequisite of only considering isolated trees, thus preventing that
their crowns could appear overlapped in aerial captures. Contrary, the methodology presented here
was able to deal with the individual location and counting of 385 trees configuring 293 aggregated
connected components. Only in the case shown in Figure 14, the number of trees contained in such a
component was not properly estimated. Moreover, the replicability of the methodology presented
in [6] is questionable, as trees segmentation was attempted by colour discrimination. Indeed, it is
very probable that any kind of natural or artificial artefact with similar colour to that of the olive tree
canopies, could generate false positives. In this case, the precision of the colour segmentation approach,
and consequently of the subsequent trees detection and counting, is compromised. A segmentation also
based in pixel reflectance, although not only in the visible bands, followed by OBIA analysis was used in
Torres-Sanchez et al. [25]. Concretely, a multi-resolution segmentation was firstly performed using the
DSM and the green and NIR bands, considering colour, shape, smoothness and compactness, for which
threshold values were manually adjusted. The manual decision of such key segmentation parameters
questions concerns about its replicability in different situations. Furthermore, the approach requires
a subsequent OBIA analysis to filter the first segmentation results. Conversely, the methodology
described here proposes an analytical solution to the segmentation problem, only making use of the h
parameter (equation (7)) in the segmentation step. In addition, this is a comprehensible parameter as it
represents the minimum desired height in meters for the trees to be segmented. Then, / is more likely
to be seen as a configuration parameter rather than a performance one. On a set of 135 olive trees, the
study presented in Torres-Sanchez et al. [25] yielded sensitivity values ranging from 0.945 to 0.969,
not considering the case of overlapping tree crowns. Later, the same main author and others assessed
the influence of image overlap in the quality of the resulting DSM [26]. The methodology described
in [25] was slightly modified and tested on an indeterminate number of trees, corroborating in the best
scenario of those tested a sensibility of 0.97 in olive trees counting. The case of overlapping trees was
not faced either.

Beyond the olive case, in Malek et al. [5], an overall precision of 0.9009 when detecting palm
trees was achieved. They proposed a method based on training an ELM classifier on a set of key
points, potentially representative of the occurrences of the trees, extracted from the initial captures.
Csillik et al. [19] made also use of machine learning, concretely CNNs, for detecting citrus trees.
Ampatzidis and Partel [20] also focused their research on citrus orchards, and also using CNN-based
tree location. Despite the fact all these studies reported solid results, it should be noted that these kinds
of machine learning solution tend to be strongly linked to the visual features of the crown trees with
which they are trained. This fact makes their direct application to different kinds of crops difficult, but
it surely implies the generation of new training sets and models. Contrary, the method proposed in
this paper comprises an analytical solution, based on the morphological analysis and characterisation
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of the general features of trees within the frame of an intensive cultivation, thus not being linked to a
concrete type of crop. In Selim et al. [21], it was proposed a method for detecting orange trees from
aerial imagery. The problem was undertaken in this case by means of object-based image analysis,
correctly detecting 87 out of the 105 trees visible in the orthomosaic of the study case. Nevertheless, as
with other researches previously referenced, difficulties were reported when dealing with overlapping
tree crowns. In Kestur et al. [22], tree detection was faced on the basis of ELM- spectral and spatial
classification. Despite promising results were reported about identifying trees belonging to different
crops, it was not clearly specified how the training set was generated, hindering the replicability of the
methodology. Marques et al. [23] proposed an effective method for detecting chestnut trees, clustering
the plants by exploiting elevation data and vegetation indices (VI) information. About this latter, it
should be noted that VI-based segmentations are strongly dependent of the spectral reflectivity features
of the vegetation cover present in the study sites. Indeed, depending of its nature, the coverage may
be confused with the plants aimed to be identified, thus potentially increasing the number of false
positives yielded. This phenomenon may affect the generality of the proposed solution.

5. Conclusions

This investigation was undertaken in order to design and evaluate a framework for the automated
identification, geolocation and counting of crop trees in intensive cultivation areas by means of
UAV-based aerial imagery, multispectral sensing and image analysis techniques. The results reported
support the viability of the methodology proposed as a valuable tool in phenotyping tasks, within the
scope of the precision agriculture.

After testing in an olive orchard with 3919 trees, 99.67% of the plants were rightly identified,
outperforming the results given by previous published work. Indeed, the algorithm designed for
segmenting and analysing the data structure obtained from aerial captures, based on morphological
image processing principles and the statistical analysis of the moments of tree-corresponding pixel
artefacts, showed a remarkable performance in terms of tree discrimination, achieving very high
detection rates. In addition, the solution also showed to be solid when dealing with multiple intra-row
overlapping tree crowns. These findings should also be framed within the context of the complexity
of the considered scenario, since the study plot was outstandingly larger than those used in most of
previous studies, and it presented a remarkable variability in terms of soil composition, elevation and
amount of weed.

Future work will test the application of the presented methodology to other types of orchards.
In addition, it would be interesting to assess the performance of the algorithms when dealing with
different plant spacing patterns, all of this for the sake of increasing confidence in the generality of the
proposed solution.
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Appendix A

Mathematical morphology is a non-linear image processing technique, built from the basis of the
set theory, essentially aimed at analysing the relevant structures in the image by proving this with a set
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called structuring element (SE), which has an a-priori known shape and size. This appendix briefly
defines the morphological operators employed in this paper, suggesting the reader to consult [30,31]
for a deeper study.

Let f be a greyscale image representing a mapping from a subset Dy of 72, which defines de
domain of the image, into a bounded subset of nonnegative integers Np:

fiDfCZ? 5 No=10, ..., tuax} C Z. (A1)

where t;, is the maximum value allowing to reach the data type used (e.g., 1 for binary images, 256
for 8-bit images, etc.). Thus, f maps the correspondence element by element between two sets, the first
being composed of spatially ordered elements p (pixels), p € Dy and denoted by a pair of coordinates
(x, y), while the second is built with an ordered set of possible values.

With the previous definitions, the intersection of two greyscale images, f and g, is defined as:

fp) Aglp) = min[f(p),g(p)]- (A2)

where min refers to the minimum operation. Conversely, the union of those two images responds to
the following equation:

fp) v g(p) = max[f(p),g(p)], (A3)

being max the maximum operation.

The SE is an essential tool in mathematical morphology, used to study the shape of the objects
contained in an image. Mathematically, an SE element can be seen as a binary image §, defining a
mapping of a subset Dg of Z? to the subset of integer binary values By:

B:DgcZ?— By=1{0, 1} C Z. (A4)

With this definition, f maps the correspondence between the spatially ordered pixels p, p € Dg
and referenced by a pair of coordinates (x,y), and their values. This mapping must be designed
so as to morphologically describe the object to be analysed, being necessary for its application that
#(Dﬁ) < #(D f). Common shapes implemented with SEs include circles, lines, diamonds, etc. In practice,
the SE is used as a kernel, with its origin in its central pixel. Hence, an image is proven pixel by pixel
to this kernel, modifying at every step the pixel in the image matching with the central pixel of the
kernel, according to a given operation.

The morphological erosion of image f by an SE B, this last being centred in pixel p, is given by the
expression:

[e6(N)](p) = min{f(p +b)|b € D). (A5)

Therefore, pixel p in image f is modified with the minimum value of its neighbourhood according
to the filter implemented by SE f. The effect of erosion is the expansion of darker regions, conditioned
by the shape defined in SE.

The dual operator of erosion is dilation. The morphological dilation of image f by a SE f centred
in pixel p, is formulated as:

[66()](p) = max{f(p + b)|b € D). (A6)

By duality, dilation expands brighter regions in f according to the morphology of SE.
Combining erosion and dilation, two new operators called opening (y) and closing (¢) are
obtained:

ve(f) = Sp(es(f)), (A7)
op(f) = es(05(f)). (A8)

Opening removes those brighter objects in the image that can be completely covered by . Dually,
closing removes the darker objects in the image completely covered by the SE.
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The operators described are complemented by geodesic transformations. The geodesic dilation
is the iterative dilation of an image f, called marker, using a unitary SE, with respect to the mask g.
Marker f must be contained within mask g. Mathematically, the operator is defined as:

o () = o o ()] being o () = 8() A5,
where : (A9)
#Ds) = #(Dg), and f(p) < g(p), ¥p € Dy, Dy.

Based on (9), the geodesic erosion of marker f constrained by mask g is:

() = e[l )] being el (1) = e v g,
where : (A10)
#(Dy) = #(Ds), and f(p) = g(p), ¥p € Dy, Dy

Geodesic dilation and erosion are the basis for building morphological reconstructions. Indeed,
the morphological reconstruction by dilation of mask g by marker f, is the geodesic dilation of f
constrained by g until idempotence. It is denoted by:

RY(f) = 3¢ (£),
where : 7 is such that : (Al1)

80 (f) = o0V (f).

Consequently, the dual morphological reconstruction by erosion of mask g by marker f, is the
geodesic erosion of f constrained by ¢ until idempotence:

Ri(f) = e (£),
where : iis such that : (A12)

& (f) =),
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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 Flor 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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