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Abstract

Oceanic dynamics are a hot topic in the scientific literature. When equatorward winds
blow parallel to the coastline, these can form oceanic currents that can consequently
create many phenomena, one of these being coastal upwelling. The automatic analysis,
segmentation, study and understanding of such structures and phenomena is of major
importance in various application areas mainly due to the time-consuming work needed
to manually analyze such data. The segmentation and tracking of the dynamics of such
structures can be performed by the use of a novelty clustering concept introduced in [20]
where dynamic Spatio-Temporal (ST) clusters are studied and identified using consecutive
Sea Surface Temperature (SST) images over a period of time.

The aim of this dissertation was to develop a new algorithm called Core-Shell cluster-
ing algorithm, which is an extension of the previously developed Sequential Self Tuning
Seeded Expanding Cluster (S-STSEC) algorithm, proposed in [56, 59]. This new algo-
rithm aims at the automatic recognition, definition and ST characterization of coastal
upwelling from SST images. A suitable experimental protocol for SST image preprocess-
ing, tests and validation of the Core-Shell clustering algorithm through two unsupervised
measures was developed. Collections of images from the years 2007, 2015 and 2019 were
chosen to total 69 SST images.

The segmentations’ results obtained by the S-STSEC algorithm of the various SST
instants were manually evaluated as accurate and of high quality. The two unsupervised
evaluation measures, when applied, were used to evaluate the quality of the Core-Shell
clusters created by the Core-Shell clustering algorithm when compared to the correspon-
dent SST instants’ segmentations, with mean values higher than 85%. Time series were
extracted and segmented in an unsupervised manner for the computation of upwelling
spans. It was concluded that the results obtained correctly represent the behavior of
coastal upwelling regions and their dynamics.

Keywords: coastal upwelling, spatio-temporal clustering, image segmentation valida-

tion, sea surface temperature images
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Resumo

A dinamica oceanica é uma tematica bastante debatida na literatura cientifica. Quando
surgem ventos que sopram em direcao ao equador, paralelos a costa, é possivel ocorrer
a formacao de correntes oceanicas que, por sua vez, podem levar a criacao de variados
fenomenos, um dos quais o afloramento costeiro. A analise automatica, segmentacao,
estudo e compreensao de tais fenémenos sao de grande importancia em diversas areas
de aplicagao, devido principalmente ao trabalho demorado que é necessario para anali-
sar manualmente esses mesmos dados. A segmentagao e rastreio das dindmicas destas
estruturas podem ser realizados através da utilizacao de um conceito de agrupamento
inovador introduzido em [20] onde grupos dinamicos espago-temporais sao estudados
e identificados a partir de imagens de satélite de temperatura da superficie do oceano
(imagens SST) consecutivas, ao longo de um determinado periodo de tempo.

O objetivo desta dissertagao foi desenvolver um novo algoritmo designado de Core-
Shell clustering, sendo este uma extensao de um algoritmo anteriormente desenvolvido,
o algoritmo S-STSEC, introduzido em [56, 59]. Este novo algoritmo tem como objetivo o
reconhecimento automatico, defini¢ao e caracterizacao espacgo-temporal do afloramento
costeiro a partir de imagens SST. Foi desenvolvido um protocolo experimental adequado,
de pré-processamento de imagens SST, de testes e de validagao do algoritmo Core-Shell
clustering através de duas medidas nao supervisionadas. Foram escolhidas colecoes de
imagens dos anos 2007, 2015 e 2019, perfazendo 69 imagens SST.

As segmentacoes obtidas pelo algoritmo S-STSEC dos variados instantes SST foram
manualmente avaliadas como precisas e de grande qualidade. As duas medidas de avali-
acao nao supervisionadas, quando aplicadas, foram usadas para avaliar a qualidade dos
Core-Shell clusters obtidos pelo algoritmo Core-Shell clustering em relagao as segmentagoes
dos instantes SST obtidas, tendo sido obtidos valores médios superiores a 85%. Foram
extraidas séries temporais e identificados de forma nao supervisionada periodos de aflo-
ramento costeiro. Concluiu-se que os resultados obtidos representam de maneira correta
o comportamento de regides de afloramento costeiro e suas dinamicas.

Palavras-chave: afloramento costeiro, agrupamento espaco-temporal, validacao de seg-

mentacgao de imagens, imagens de temperatura de superficie oceanica
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Introduction

1.1 The Problem and its Importance

Oceanic dynamics are a hot topic in the scientific literature. When equatorward winds
blow parallel to the coastline, these can form oceanic currents that can consequently

create many phenomena, one of these being coastal upwelling events.

These winds may cause warmer surface waters to move offshore, and consequently
provoke colder waters to rise to the ocean surface. Coastal upwelling events are character-
ized by the presence of the aforementioned cold waters in the coastal region and warmer
offshore waters, usually with a drastic contrast separating these. The colder waters have
a lower salt content and a richer nutrient composition when compared with the offshore
waters, which increases massively the biomass in coastal waters, attracting large animal

populations and thus making its detection crucial to the fishery commercial sector.

The analysis, study and understanding of such structures and phenomena is of major
importance in many application areas, from fishery and coastal monitoring, to climatic
change studies, pollutant detection and oceanic dynamics. This is possible by the ever-
growing amount of available remote sensed data, usually collected in the form of SST im-
ages by the Moderate-Resolution Imaging Spectroradiometer (MODIS) or the Advanced
Very High Resolution Radiometer (AVHRR) sensors, for example. An example of an SST
image taken of the Portuguese coast can be seen in Figure 1.1.

The increase in data quantity and the uncertainty implicit in the subjective recogni-
tion of the upwelling patterns by human experts requires researchers and developers to
create and produce automatic methods for the analysis and posterior segmentation of
the upwelling regions and its fronts, since manual analysis of such amounts of data is
not efficient neither cost-effective. For the aforementioned reasons, remote sensing is a

common method used to overcome these problems.

Several works and approaches have been presented to deal with the automatic segmen-
tation problem of coastal upwelling from remote sensing imagery. In [18] by Chaudhari,
neural networks were trained for the detection and segmentation of upwelling regions

from AVHRR data. In [68] by Fernandez et al., neural networks were used alongside
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Figure 1.1: SST image of the Portuguese coast

Bayesian Nets for automatic ocean structure recognition. Supervised approaches like
these involve major manual work from the user where each data sample needs to be la-
belled and identified for training purposes, therefore requiring a lot of time and money
when compared to unsupervised approaches. Regarding the latter, Abidi et al. in [1] used
a combination of SST images with Sea Surface Chlorophyll (SSC) images to overcome
usual cloud noise present when segmenting upwelling regions. In [12], Aouni et al. pro-
posed a preprocessing method to deal with the over segmentation problems present when
using Seeded Region Growing (SRG) approaches for image segmentation. Such problems
when using approaches are commonly referred as leaking or explosion problems.

Nascimento et al. proposed in [56] the Seeded Expanding Cluster (SEC) algorithm and
a self tuning version of it, the Self Tuning Seeded Expanding Cluster (ST-SEC) algorithm,
for deriving upwelling areas from SST images as an extension of the SRG algorithm pre-
sented in [3]. This approach based its segmentation not only in the pixels’ temperature
but also in their spatial context, achieving great and promising results when tested in SST
images of the Portuguese coast. The ST-SEC version also uses an automatic computation
of the homogeneity’s threshold, being this an unique feature when compared to other
adaptive threshold approaches that are used in the same application area. In [59], Nasci-
mento et al. introduced the S-STSEC algorithm, where the previous work was improved
and extended in order to iteratively extract clusters without providing the number of
final clusters to extract, thus allowing to segment noncontinuous upwelling regions.

Moreover, along with the detection and segmentation process, most upwelling sys-
tems demonstrate seasonal, monthly and yearly spatial and temporal variability. ST data
has the potential to revolutionize diverse fields where there is a need to extract and un-
derstand complex ST phenomena and their dynamics. Additionally, the data in many
scientific domains like the one being studied here tend to be large and unlabeled. This
highlights the importance of unsupervised methods in monitoring ST dynamics with
little or no human supervision [20].

In [41] by Kalnis et al., this concept of dynamic clustering was studied when looking

at moving groups of animals, where the Density-Based Spatial Clustering of Applications
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with Noise (DB-SCAN) algorithm [26] and the Jaccard index were used to evaluate simi-
larities between clusters of consecutive time steps and find relationships between these.
In [20], a novel approach to identify dynamic ST clusters for detecting surface water dy-
namics was proposed, where the core and the uncertain points concepts were introduced.
The core points compose steady clusters, which are identified using an extension of the
traditional DB-SCAN algorithm, and the uncertain points are points located most likely
at the clusters’ boundaries where dynamics occur. The concept of dynamic clusters was
also introduced, these being clusters that appear in consecutive snapshots such that two
consecutive spatial clusters share many common objects.

Thus, an extension to the algorithm developed in [59] by Nascimento et al. will
be developed, where time series of SST images will be used in order to approach the
clustering mechanism differently. Based on the concepts introduced and explored in [20]
by Chen et al., dynamic clusters will be identified. It will not only take into account
spatial proximity between pixels when forming clusters, like the S-STSEC already does,
but also temporal proximity when building these, comparing cluster being built with
complete clusters of previous time steps.

Compared to spatial data analysis, ST data analysis is tougher and more laborious,
since the latter involves analysis of much larger volumes of data and study of dependency
patterns in space and in time that are far more complex. A better understanding of
these spatial and temporal variations is essential to adequately manage and preserve the
ecology and economy of areas near coastal regions. Finding and understanding periodic
spatial and temporal behaviors of upwelling regions is also of crucial importance to derive
climatological indices and reason about climatic changes.

Consequently, a technique to allow the tracking of upwelling regions from SST re-
mote sensing data will also be developed and tested using images from the Portuguese
Upwelling System. Weekly images, which will be an arrangement of 8 daily images, will
be used in order to study and track first the seasonal upwelling variations, and then the

work will be focused on the tracking of several years of SST images taken of that coast.

1.2 Objectives of the Dissertation

Since there is almost non-existing work in the ST analysis setting where data is in the
form of ST fields and the clusters are dynamic, this motivated us in proposing a method
to automatically detect and segment dynamic coastal upwelling regions from ST data.
Moreover, along with the detection and segmentation process, a mechanism of tracking
using this ST information will be proposed, where these regions will be monitored over
time, in a seasonal, monthly and yearly time windows.

Following and completing the aforementioned information, the objectives for this

dissertation are the following;:

1. Toimplement and test a robust preprocessing pipeline to prevent over segmentation
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problems when applying the S-STSEC algorithm and to improve the quality of a set
of SST images;

2. To test and assess the quality of the S-STSEC algorithm’s segmentations when ap-
plied to yearly sets of SST preprocessed images;

3. To use an unsupervised algorithm as a time series segmentation method to be ap-
plied to several sets of S-STSEC segmentation results, and test such approach with
several validity measures for the evaluation and validation of the obtained time

series’ segmentation results;

4. To define, propose and implement a new algorithm called Core-Shell clustering
algorithm for a new proposed model with the intent of automated detection and

posterior characterization of coastal upwelling events;

5. To fine tune hyperparameters of the algorithm to the problem of upwelling tracking,

mainly on defining a proper time window to track the upwelling dynamics;

6. To design and develop a proper experimental protocol, including validation, to
apply the algorithm of Core-Shell clustering to a representative collection of SST

images of the Portuguese upwelling system.

1.3 Organization of the Document

The rest of the document is organized as follows. Chapter 2 gives an introduction to
some better known image segmentation techniques, such as clustering, where three main
approaches are overviewed, followed by SRG techniques and finally automatic threshold
approaches. For each category, several works and studies are presented for various ap-
plication areas. Still in this chapter, a few supervised and unsupervised approaches for
automatic recognition of coastal upwelling are presented. Finally, two approaches for the
automatic unsupervised upwelling segmentation are explored, these being the SEC and
S-STSEC algorithms [56, 59] by Nascimento et al.. In Chapter 3 an introduction to ST
clustering is made, which is a major topic in the area of ST data mining. An overview on
data types and clustering methods for each data type is presented, followed by a survey
of some applications present in the current literature and finally an introduction to time
series segmentation. Chapter 4 introduces the proposed approach for this dissertation,
where firstly the proposed preprocessing pipeline is presented, followed by the introduc-
tion of a new technique for time series segmentation for the obtention of upwelling spans
and the introduction of a new clustering algorithm called Core-Shell clustering algorithm.
In Chapter 5, the experimental study is explored, where every important and relevant
analysis are made and discussed, regarding the produced segmentations, the Core-Shell

clusters derived from such segmentations and time series created with features extracted
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from both the segmentations and the Core-Shell clusters. The conclusions and work to

be continued in the future are available in Chapter 6.



2

Related Work

2.1 Introduction to Image Segmentation

Image segmentation can be defined as the use of techniques or algorithms to divide an
image into smaller and meaningful segments, which ideally represent different objects
or regions of interest. Image processing strategies and segmentation techniques have

become a part of many applications nowadays.

Many fields can take advantage of these kinds of techniques: medical imaging, content
based image retrieval, fishing, landscape monitoring, climatic changes, natural disasters,
traffic control systems, object detection, machine vision, recognition tasks, video surveil-
lance, and several others. Surveys on various image segmentation techniques have been
carried out in several research articles, such as [9] by Anjna and Kaur, [42] by Kaur and
[101] by Zaitoun and Agel.

Supervised approaches can be more accurate than unsupervised approaches, but the
former depend heavily on the training phase. Creating training datasets for supervised
segmentation requires manual delineation of labels which is labor-intensive and costly
for a dataset that is sufficiently large for training purposes. Furthermore, new image
types are constantly being developed and discovered, making the creation of the manual
training sets needed for supervised segmentation an expensive and ongoing task. Un-
supervised segmentation, however, has the advantage of using unlabeled data only to
segment images and therefore is helpful in the absence of manually-labeled datasets.
Unsupervised segmentation methods are more generally applicable and more robust to

atypical or unseen situations [5].

In this Section we focus on three popular unsupervised approaches to image segmen-
tation: Clustering, SRG, and Automatic thresholding. Proposed and published works
using one or more of these approaches will be analyzed and summarized, interesting
results obtained will be mentioned and problems found of the developed approaches will
be discussed.
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2.1.1 Clustering

One unsupervised approach that is commonly used in image segmentation is Clustering,
which is used to divide pixels into a number of clusters, a number that can be received as
an input or can be computed by an algorithm in order to automate the process. Clustering
can also be considered as the partition of data sets into subsets, in such a way that the
data in each subset should exhibit some common properties [23].

Finding the optimal clusters’ number to be used is one of the major challenges in
clustering methods. This parameter is one of many used in algorithms of this kind, so a
proper initialization needs to be studied and implemented in order to obtain the most
optimal results possible.

Of all the types of clustering present in the literature, the most popular partitional
clustering methods are generally divided into two main categories: hard clustering and

fuzzy clustering.

* Hard Clustering: Hard clustering techniques group data in an exclusive way, so
that if a certain data point belongs to a definite cluster then it could not be included
in any other cluster [15]. In other words, hard clustering is about grouping the data

items such that each item is only assigned to one cluster.

* Fuzzy Clustering: In fuzzy clustering, fuzzy sets are used to cluster data, so that
each point may belong to two or more clusters with different degrees of membership.
In this case, data will be associated to an appropriate membership value. In many
situations, fuzzy clustering is more natural than hard clustering. Objects on the
boundaries between several classes are not forced to fully belong to one of the
classes, but rather are assigned membership degrees between 0 and 1 indicating

their partial membership [15].

2.1.1.1 K-Means

One of the most known and used hard clustering algorithms is k-means by MacQueen
et al. [52], a classic algorithm to solve the clustering analysis problems and widely used
in image segmentation. Given a fixed number of K clusters, observations are assigned
to clusters so that the means across clusters are as different from each other as possible
and the means inter cluster are as similar as possible. This method finds non overlapping

clusters, where each cluster is described by its members and by its cluster centroids.

2.1.1.2 Expectation Maximization

The Expectation Maximization (EM) algorithm [22] is an unsupervised method where
the maximum likelihood estimate of the parameters is computed from a given data set.
The EM algorithm alternates between two steps. The first step is called the expectation
process, where missing variables in the data set are estimated, or in other words, an esti-

mation of the probability distribution over completions of missing data given the current
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model is made. The second step is called maximization process, where the maximum
likelihood estimates of the parameters are computed. This last step can also be explained
as the re-estimation of the model parameters using the completions of the first step. The
most common termination rule used in this method is when the values computed in both

steps converge.

2.1.1.3 Fuzzy C-Means

Fuzzy C-Means, presented by Dunn in [25], is an unsupervised technique based on the
fuzzy logic clustering that is frequently implemented in the image segmentation field,
very similar to the k-means method aforementioned. This method allows each data point
to be in multiple clusters with different probabilities assigned to each one. These prob-
abilities are called memberships and are values in a range between 0 and 1. Therefore,

each pixel in an image has a membership corresponding to each existing cluster.

2.1.1.4 Clustering applications to Image Segmentation

Clustering is a very useful technique to accomplish several image segmentation tasks.
As image clustering is an unsupervised learning based approach, it is capable to handle
unlabeled image data [96].

Looking at medical imagery clustering, Ghane et al. [31] proposed an approach that
combined Otsu and k-means to extract white blood cells and its nucleus in order to help in
the diagnostic process of blood-related diseases. Nasir et al. [61] introduced the concept
of variance into k-means, creating an Enhanced K-Means (EKM) clustering algorithm to
acquire good segmentation of malaria parasite species from malaria images. Qaddoura et
al. [69] presented a method for dental radiography segmentation where the EM algorithm
was combined with the grasshopper optimization algorithm [76]. Kaur and Sharma [43]
introduced an automatic detection method of tumor regions in brain Magnetic Resonance
Imaging (MRI) images, where properties of the segmented regions obtained from fuzzy
c-means were used in order to keep or discard segmentations of an image.

Moving onto remote sensing, Niharika et al. [62] presented an algorithm where Otsu
was applied on the k-means’ output with the goal to solve the speckle noise problem
when segmenting Synthetic Aperture Radar (SAR) imagery. Zhang et al. [103] introduced
an extension to the fuzzy c-means algorithm for extraction of land cover information
from remotely sensed imagery, where a novel fuzzy local similarity measure is defined to
replace a fixed parameter in an enhanced version of the fuzzy c-means algorithm. Suji
et al. [84] proposed a novel method for polar ice sheet segmentation from radar imagery
using a fuzzy c-means approach combined with Gaussian mixture models. Reza et al. [73]
introduced a combination of k-means clustering with kernel conjugate gradient algorithm
to separate rice grains from background objects using unmanned aerial vehicle images

and therefore improve the accuracy of rice yield estimation.
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Regarding the industrial sector, Riaz et al. [74] proposed a method where Gaussian
filters and k-means were used to detect casting surface defects. Soligon et al. [82] in-
troduced a k-means based approach for corrosion detection in steel power transmission
lattice towers. Noh et al. [63] introduced a work for automatic detection of cracks in
concrete surfaces, where morphological operations were used to make the cracks more
visible and then fuzzy c-means was applied in order to segment these. Zhang et al. [104]
presented a robust framework for automatic fabric defect detection based on L0 gradient

minimization and fuzzy c-means.

2.1.2 Seeded Region Growing

Seeded Region Growing is a region based image segmentation method, also identified as
a pixel based segmentation method, introduced by Adams and Bischof in [3].

In this algorithm, an image is segmented with respect to a set of initial selected points
called seeds, from which regions will be grown. Each step of the SRG algorithm consists
in adding one pixel to one of the aforementioned regions. In the most simple version of
this algorithm, each pixel is assigned, one by one, to the region that minimizes a given
similarity condition. When a pixel is assigned to a region, its neighbors that are not
inserted into one of these regions will be added to a set in order to be analyzed later. The
algorithm finishes whenever every pixel is assigned to a region or whenever a different

termination condition is met.

Seed Selection: In order to run a SRG algorithm, there needs to be an initial set of
points from which the growth of the regions starts. This initial seed can be selected in

two ways:

* Manual seed selection: The first way and the simplest one is manual seed selection.
This process involves human interaction and requires prior information about the
image being segmented. Park in [66] presented a graph method to segment water
present in river and reservoir images where prior knowledge was used to manually
place the initial seeds. In [100] by Yasar et al., a method to detect cancerous tissue
in stomach gastroscopy images was proposed based on SRG, where a seed was
selected manually whenever a region stopped growing. In [39], Ijiri et al. proposed
a method for computed tomography images segmentation in order to extract 3D
heart models. Three types of manually placed seeds were introduced, these being

spheres, cylinders and negative seeds.

¢ Automatic seed selection: The second method of seed selection is known as auto-
matic seed selection, where algorithms, some more complex than others, are used to
find optimal seeds. An automatic seed selection approach is used in [38] by Huang
et al., where semantic segmentation networks were trained to find seed cues, then a

method called Classification Activation Map (CAM) was used to select from these
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the initial seeds for the background and foreground. An example where the authors
take advantage of the domain’s knowledge is in [56] by Nascimento et al., where the

seeds are automatically selected as the coldest temperature pixel in the SST map.

Similarity Condition: Whenever growing a region starting from a seed, a pixel will
be added to the region based on a similarity criterion. In [3] by Adams and Bischof, the
similarity condition presented was very simple, this being the difference between the gray
level of the pixel being analyzed and the mean of gray levels of an adjacent region. In
[4] by Afifi et al., the method used was changed in order to avoid the explosion problem
when segmenting brain MRI images. Instead of using the mean intensity value of an

adjacent region, the intensity value of the initial seed of an adjacent region is used.

2.1.2.1 Applications of SRG

The SRG algorithm has been studied and extended in order to be used in many real world
applications.

In remote sensing segmentation, Xianchen et al. [98] used SRG with the goal to seg-
ment Digital Elevation Model (DEM) using remote sensing images. Brilliant et al. [17]
developed a method to detect land cover changes using land satellite images, where the
initial seeds were placed in the maximum gray value on the grayscale converted photos.
Zhang et al. [105] had the goal to provide an inexpensive method of fast coastline map-
ping from remotely sensed imagery in coastal sectors with intense human interference.
Instead of using individual pixels to start the region growing step, whole regions automat-
ically computed were used as the initial seeds. Chen et al. [19] presented a method for
automatic road extraction from remote sensing imagery using Gabor wavelets to extract
Gabor features and given the possibility of objects being present in the roads, connection

analysis was performed to the edges in order to fully connect these features.

Regarding medical image segmentation, Fan et al. [27] published a breast cancer
computer aided diagnosis where iterative quadtree decomposition was used for the seed
selection phase. Taori et al. [90] proposed a method where retina images were used in
order to segment and extract the macular region with the help of black and white top-hat
functions. The seeds were found automatically with a priory knowledge of the structure
of the eye. Seada et al. [77] presented a modified SRG approach for the automatic segmen-
tation of the ascending aorta from Computed Tomography Angiography (CTA) images,
where a ray based region growing was used and all the pixels from the seed pixel to the
edge of the aorta were analyzed.

Finally looking at color image segmentation, Shimodaira [80] presented a color image
segmentation method that combines a SRG method and a merging method based on
square elemental regions. Wang et al. [94] introduced the concept of initial regions as
initial seeds obtained using a watershed segmentation algorithm proposed in [93].

10
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2.1.3 Automatic Thresholding

Threshold based approaches are among the most popular and commonly used methods
due to their simplicity and efficiency, consisting in image pixels being divided using
intensity levels of an image. This family of methods is mainly used to distinguish the
foreground objects from background ones. These approaches can be divided into 3 main

categories:

* Global thresholding: A threshold value is computed based on the whole image,

and this is the value used to segment the entire image.

* Adaptive thresholding: In adaptive thresholding, different threshold values for

different local areas are used.

* Multiple thresholding: More than one threshold is used in order to segment an

image.

One of the most known thresholding algorithms is called Otsu presented by Otsu
[65]. In its most basic form, this global thresholding method is used to automatically
find an intensity value that best divides an image into two classes. This is determined by
minimizing intra-class intensity variance, or in other words, by maximizing inter-class

variance.

Other automatic thresholding methods that are used and mentioned in image seg-
mentation are Kittler and Illingworth’s method [46], a multiple thresholding approach
which is an efficient solution to the minimum error thresholding problem, Ridler and
Calvard’s method [75], where an optimum threshold is chosen automatically through an
iterative process, and Chow and Kaneko’s method [21], an adaptive threshold method
used to separate desirable foreground image objects from the background based on the
difference in pixel intensities of each region.

Automatic thresholding is a very important step in the segmentation of image fea-
tures. Singla and Patra [81] presented a threshold selection technique for any kind of
image where energy curves of the images were used to incorporate spatial contextual
information in the threshold selection process along with a genetic algorithm to detect
the optimum values for thresholds. Feng et al. [28] introduced a novel thresholding
algorithm based on 3D Otsu and multiscale image representation for medical image seg-
mentation. Septiarini et al. [78] proposed a method for optic disc and cup segmentation
for glaucoma evaluation based on border mask, Otsu’s thresholding and Sobel methods.
Lu and Lu [51] introduced a combination of three methods based on bimodal threshold-

ing techniques, Intermode, Ridler and Otsu, for the automatic segmentation of bruises in

apples.

11



CHAPTER 2. RELATED WORK

2.2 Automatic Recognition of Coastal Upwelling

2.2.1 Supervised Approaches

Supervised approaches are based on the idea that a user can select or target regions of
interest in an image and direct the image processing software to use these as training
for the classification of other regions in other images. Some of these approaches, such
as neural nets, have a good abstraction about the temperature ranges over a time period,
yielding consistent classification of temperature bands when compared to individually
applied clustering methods [18].

Chaudhari in [18] proposed a novel method for the detection and segmentation of
upwelling regions in AVHRR SST data using a feed-forward back propagation neural net-
work. Images with and without upwelling regions were segmented using k-means and the
outputs were used to train a neural network. In [67], Piedra et al. implemented and com-
pared a set of supervised methods, including a neuro-fuzzy system and a hybrid system
for the automatic recognition of oceanic structures including coastal upwelling. Rojas et
al. in [33] introduced a method for automatic recognition of oceanic structures, including
coastal upwelling regions. It includes an automatic cloud mask system developed using a
neural approach, an iterative segmentation region builder based in intelligent threshold
detection and a high-level information classifier which uses functional and operational
principles derived from artificial neural networks and rule-based knowledge systems.
In [68] by Fernandez et al., a set of methods to be used for automatic ocean structure
recognition was proposed, such as a neuro-fuzzy system called Nefclass, the fuzzy lattice
neural map (0-FLNMAP) and a proposed hybrid hierarchical model composed by three
classifiers, these being two Bayesian Nets and one o-FLNMAP.

Supervised approaches can be more accurate than unsupervised approaches, but they
depend heavily on the training phase. Massive amounts of labelled information are
needed to achieve good results when doing classification. This involves major manual
work from the user where each data sample needs to be labelled and identified for training
purposes, therefore requiring a lot of time and money when compared to unsupervised

approaches. Taking as an example [33], it took one full hour to process a single image.

2.2.2 Unsupervised Approaches

When looking at unsupervised approaches, there are no training stages, and therefore
it is possible to handle unlabeled image data. This helps to save valuable time when
running experiments or doing any kind of research and therefore reduce the amount of
data needed to acquire, store and process.

In [57] by Nascimento and Franco and in [60] by Nascimento et al., a novel approach
named FuzzyUPWELL for the automatic segmentation and recognition of coastal up-
welling was presented using a fuzzy clustering method in conjunction with the anomalous

clustering initialization method.
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In [85], Tamim et al. had the goal to segment the main upwelling front in the Mo-
roccan Atlantic Coast. Fuzzy c-means was used and was then compared to the more
traditional Otsu. In [89] by Tamim et al., fuzzy c-means was used doing purposefully an
overestimation. After the segmentation, adaptive cluster merging was applied in order to
get the final segmentation. In that same year, [88] by Tamim et al., a two phase approach
to segment upwelling regions in the Southern Moroccan Atlantic Coast was presented. In
the first phase, an extension of the fuzzy c-means algorithm was used called Gustafson-
Kessel (GK) [34], where the Mahalanobis distance was used instead of the Euclidean
distance and therefore allowing the detection of clusters with different shapes. In [87],
Tamim et al. worked on a segmentation algorithm for the upwelling segmentation using
SST images in the Southern Moroccan Atlantic Coast that made use of the expectation
maximization algorithm. Later in [86] by Tamim et al., k-means and fuzzy c-means were
tested against each other. The number of clusters used was derived from the analysis of
19 validity indices and a merge procedure was introduced using the mean temperatures
of the obtained clusters.

In [1], Abidi et al. used both biological and physical satellite images for the segmenta-
tion of upwelling regions. Both types of images were used in order to overcome the cloud
noise and dust that might cause discontinuity in the images and the temperatures of the
water. Fuzzy c-means was applied to both images and these were merged using an AND
operation.

In [11] by Aouni et al., the goal was to develop an upwelling segmentation method
from SST and SSC images while trying to overcome the problem of over segmentation
that usually occurs in the northern Moroccan coast. To solve this, each image was divided
into subregions. The Particle Swarm Optimization (PSO) algorithm was then used at
each subregion. These subregions were then grouped into a bigger subregion, creating
the upwelling region. Aouni et al. [12] tried to improve the aforementioned work. Each
image was partitioned into a number of r lines which were perpendicular to the coast,
and each line was then normalized with respect to its maximum temperature found
offshore. After the normalization, fuzzy c-means was applied to the normalized images.
Very accurate and robust results were obtained throughout the entire coast of Morocco,
surpassing successfully the explosion problem present in that region and possibly solving

this problem in other parts of the globe where the upwelling events are studied.

2.3 A Spatial Clustering Algorithm and its Extension

2.3.1 Seeded Expanding Cluster Algorithm

In 2015, Nascimento et al. [56] proposed a novel seed expanding cluster algorithm for
deriving upwelling areas from sea surface temperature images as an extension of the SRG
algorithm presented in [3]. Here, the goal was to overcome several issues that came along

with using a SRG approach: (i) manual seed selection when initializing all the parameters
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needed to run the algorithm; (ii) definition of the non-homogeneity threshold used to
select which pixels would pass or fail the homogeneity test; (iii) segmentation results

being dependent on the order at which the pixels were tested.

Pre Processing: Before starting the algorithm itself, a numerical preprocessing phase is
used in order to center the data values. Let A(L, C) be a SST map, with L rows/lines and C
columns. The average temperature of the whole image t* = mean(A(L, C)) was subtracted
to each pixel (i, j), meaning that the new average temperature for each image will be zero.

The new centered pixel values were denoted as t(i, j).

Cluster Initialization: This algorithm will find a cluster Z in the format of a binary
map Z(L,C), where each element z; ; takes the value of 1if (i,j) € Z or 0if (i, ) € Z. The
algorithm also uses a window W where W(i,j) is a squared window of the size 7 x 7
centered at the pixel (i, j).

After the numerical preprocessing phase, the algorithm starts by selecting a single
seed pixel 0 = (i, j,). This single seed is the pixel with the lowest temperature value of
the entire image. If there are several pixels with the same temperature value, the seed
pixel o is selected randomly. The cluster Z is therefore initialized as a set containing the
initial seed o and any other pixel within the window W(i,, j,) that satisfies the similarity
condition:

cx ti,j)> 7, (2.1)

where c is the temperature of the initial seed pixel o and 7t is the similarity threshold,

which will be later discussed.

Boundary Cluster Initialization: Alongside the initialization of the cluster Z, a set F
referred as the cluster boundary of Z is also initialized, and it will contain pixels that
have their 8 neighborhood intersecting at least one pixel that is in Z. This boundary set
F is defined as:

F={(i,j)eZ|N({,j)n Z=a}, (2.2)

with N(i’,j’) being the 8-neighborhood of the pixel (i, j).

Region Growing Process: The algorithm then starts growing the cluster Z iteratively
until the boundary set F becomes empty or this doesn’t change between two consecutive
iterations. For each boundary pixel (i’,j’) € F, a boundary expand region is defined as the
set of pixels (i, j) € Z that intersect the exploring window W (i’,j’), or in other words, the
boundary expand region is defined as (i, j) € W(i’,j’) N Z, and the average temperature of
this region is defined as c".

For a boundary pixel (i,j’) € F to be added to the cluster Z, it needs to satisfy two
homogeneity conditions. The first condition, called the temperature similarity condition,
is as follows:

cx tij)zm (2.3)
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The second homogeneity condition is a density condition defined as:

W@, j")nZ|

_— ) 4
w2 24

where |W(i’,j’) N Z| is the density of points at a boundary pixel (i’,j’), defined as the
number of pixels inside the window W (i’,j’), centered at the pixel (i’,j’), that intersect
the cluster Z. This condition is used to ensure the cluster Z being built has a smooth
shape without irregular fragments.

If both conditions are satisfied, the point (i’,j’) is added to a secondary set Z" and
its 8-neighborhood Ng(i’,j’) that does not already belong to the cluster Z is added to a
secondary set F’. Whenever F becomes empty, meaning that an iteration ended, all the
pixels in Z’ are moved into Z, all the pixels in F’ are moved into F and a new iteration
begins. At the end of an iteration, if no pixel satisfied both homogeneity conditions and

Z’ is empty, the algorithm stops.

2.3.1.1 Self Tuning SEC

In the base version of the SEC algorithm, the threshold 7 used in the eqgs. (2.1) and (2.3)
is given to the algorithm as an input and is used as a constant throughout the whole run.

To solve that and in order to automatize the process, a self tuning version was imple-
mented, ST-SEC, where the threshold is derived from the cluster approximation criterion.
Here, the threshold 7 for the similarity condition is derived as being the half squared
average temperature over the cluster Z intersecting with the window W centered at a

boundary point (i’,7’):
mean(T(W(i’,j’)N Z)))?

= > (2.5)

A more or less smooth shape of the growing region is warranted by the averaging

nature of the similarity criterion and by involving windows around all pixels under
consideration. This new structure of the clustering process allows to abandon the density
condition (2.4).

2.3.1.2 Experimental Results

When experimenting, the results obtained from the base SEC and the ST-SEC versions
were compared with manual segmented reference images, since there is no generally
accepted methodology for evaluating segmentation algorithms.

The base SEC algorithm was tested using two methods to define the threshold 7 in
both eqs. (2.1) and (2.3). In the first method called the supervised approach, a range of
values between 0.01 and 0.15 was tested by running the algorithm several times with
an incremental step of 0.01, and the value that maximized the F-score was used as the
7t threshold. For the unsupervised approach, Otsu’s method was used. In this case,
the optimum threshold value was fixed as the one presenting the minimum intra-class

variance when dichotomizing the pixels in a bimodal histogram.
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Figure 2.1: Upwelling area retrieved by the SEC algorithm with supervised thresholding
(left column) and binary ground-truth map of that image (right column) [56].

The base SEC algorithm with supervised tuning of the parameters got 93% of the F-
scores between 0.768 and 0.985, having only 2 images with F-scores lower than 0.7. The
base SEC algorithm with Otsu’s method got 82% with F-scores between 0.7 and 0.977,
having 5 images with F-scores lower than 0.6. The final version of the algorithm, with
the self tuning of the parameters, got 75% of the tests with a F-score higher than 0.7.

The images that got lower F-scores were images that either had discontinuity along

the upwelling region or images that obtained over segmented results.

2.3.2 S-STSEC Algorithm

In 2020, Nascimento et al. [59] presented a new approach that extended the previous
algorithm ST-SEC, explained above. The method discussed here, named S-STSEC, is a
sequential version of the ST-SEC that extracts clusters one by one until a stop condition

is reached, without providing the number of final clusters.

2.3.2.1 Improvements to the ST-SEC version

This extension was proposed in order to overcome the possible discontinuity along the
upwelling region since coastal upwelling can cover two or more contiguous regions.
Instead of looking at the 8-neighborhood when selecting the pixels to go into the set
F, the 4-neighborhood was instead used since it showed to produce better segmentation
results. Therefore, when defining F, N(i’, j’) will correspond now to the 4-neighborhood.
Unlike the prior version, the algorithm does not stop when no pixel satisfies both
homogeneity conditions and C’ is empty. This version will keep building clusters one by
one until a different termination condition is reached. This condition is defined based
on a priori knowledge of the studied domain. Another difference is that candidate seed
pixels are the coldest pixels that do not exceed a predefined distance o to the coastline.
Other than that, it was experimentally verified that the difference between the average

temperature of the first extracted cluster mean(C') and the lowest temperature value of
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the current cluster t(i,, j,) decreases with the increase of the number of clusters. A second
sub-condition was then established which guarantees that the aforementioned difference

can not be less than a threshold 7, automatically calculated by the Otsu’s method.

Figure 2.2: SST image of Canary System (left image); Upwelling area retrieved by the
S-STSEC when dealing with discontinuities (right image) [56].

The algorithm has shown to be effective and efficient in automatically delineating
continuous and non-continuous coastal upwelling regions. This version showed good
and precise results in more than one region, these being in the coastal upwelling of the
Portuguese coast and in the upwelling system of the Canary system, as it can be seen
in Figure 2.2. Therefore, this method tackles one major drawback of the majority of the
approaches presented until the present, which is approaches being specific to only one
region and not working in other regions than the one where the study focused on. The

leaking or explosion problem is still up to further investigation.

2.4 Coastal Upwelling Tracking

A better understanding of spatial and temporal variations is essential to adequately man-
age and preserve the ecology and economy of areas near coastal regions. Finding and
understanding periodic ST behaviors of upwelling regions is also of crucial importance
to derive climatological indices and reason about climatic changes.

In [71] by Ramanantsoa et al. and [53] by Marcello et al., two approaches were pre-
sented for the understanding of the seasonal and interannual variability of coastal up-
welling in Madagascar and West African coast, respectively. Both methods used a Coastal
Upwelling Index (CUI) to determine the intensity of the upwelling regions studied, being
such index defined as the difference between coastal water and offshore water at the same
latitude.

In [64], Oerder et al. proposed a method to automatically identify the front and
define characteristics of coastal upwelling regions from SST images in Central Chile. The
upwelling detection method is rather simple and region specific, where the main front is
detected if the difference between the coastal (at 1km of the coast) and offshore (at 300km
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of the coast) mean latitude’s temperatures is greater than 1 degree. Broad upwelling
regions can’t be detected with this approach since the aforementioned condition can not
be satisfied. The intensity analysis is handled in the same way as the 2 aforementioned
methods. It can only handle an analysis in a 0.5° area. The upwelling regions are not
segmented in detail here, only the front is detected as being the isotherm corresponding
to the mean SST over the frontal zone detected. Doesn’t work when upwelling regions
are broad neither when noticeable cloud noise is present.

In [37] by Huang and Wang, a semi-automatic technique to map upwelling areas
was presented and further analysis of its behavior was studied. A combination of the
Topographic Position Index (TPI) and the multi-resolution algorithm was used in order
to segment the upwelling regions, where good and precise segmentation were obtained.
Area of influence, SST anomaly and upwelling speed were the upwelling characteristics
studied in this work. The upwelling index was also analyzed in order to study mechanism
behind the phenomena and wind data was taken into account to compute this value.
Month to month, seasonal and yearly variability was studied here. Some level of human
intervention is needed in the selections of TPI window size, segmentation parameters
and SST threshold, and the removal of a few upwelling candidates.

All the aforementioned techniques presented are simple in terms of implementation
and concepts, causing them to be too region specific and therefore needing to set too
many parameters manually as well as possibly giving imprecise results due to the way
fronts are detected in the analysis. Another weak point of these approaches is the lack
of relationships between the upwelling regions detected over time, not taking into ac-
count how several upwelling regions evolve. This is really important given the dynamic

characteristics of the event being studied.
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Spatio-Temporal Clustering

Spatio-temporal clustering is a major topic in the area of spatio-temporal data mining.
Spatio-temporal data mining is a powerful approach with the potential to extract useful
and unknown information from immense amounts of data. Spatio-temporal data mining
is becoming more important every day in the big data era that we live in. Due to the low
cost of geographic positioning sensors, more and more applications are being produced
and engineered. This allows to collect the usual data along with spatial and temporal
information, which is called ST data. This data is becoming increasingly available in
many forms like maps, virtual globes, remote-sensing images and GPS trajectories [95].

Spatio-temporal data is data that is collected along with spatial and temporal infor-
mation, which is information that is always present in any kind of measurements made
[13]. This extra spatial and temporal information introduces dependencies among mea-
surements, allowing a new kind of analysis to be made, and new results can be perceived
and discovered. When working with this kind of data, it is really important to not forget
about these new properties or else it can lead to misinterpretation of results when used
with traditional approaches.

Common methods of interpreting this kind of data are clustering, visualization of
data, classification, forecasting and anomaly detection, which can be applied in several
application domains namely environment and climate vigilance, public safety, human

mobility and many more.

3.1 Introduction

The presence of space and time introduces a rich variety of kinds of ST data types and
representations, varying depending on the application domain. There are two main
characteristics of ST data.

The first main characteristic of this kind of data is auto-correlation. Measures made
in a spatial and / or temporal proximity are correlated with each other. This can cause
traditional data mining approaches to malfunction, because many of these have the as-

sumption of uncorrelated or independent data.
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The second main characteristic is related with heterogeneity. Another assumption
made by traditional data mining approaches is that every instance belongs to the same
population and hence is identically distributed. ST datasets can show heterogeneity both

in space and in time.

3.1.1 Data Types

The classification of data types is based on two dimensions. The first is the spatial di-
mension, and this describes if a given data object has a fixed location or if its location
is dynamic. The second one is the temporal dimension, and it describes if an evolution
of the data is captured. ST data can be classified into five different types: event data,
trajectory data, geo-referenced data items, geo-referenced time series and moving objects
[10].

* Event data: Event data can be characterized by where and when an event occurred.
Both spatial and temporal information is static since no evolution nor movement
is present in these measures. Apart from these two characteristics, event data can
have other variables called marked variables, which provide additional information

about the given event. A collection of ST events is called a spatial point pattern.

* Trajectory data: Trajectory data can be described as the path that a given body takes
in space over a period of time. This data may not only have the path information
throughout time, but also associated marked variables to further characterize the

trajectory.

* Geo-referenced data item: A geo-referenced data item is usually the measure, at a
fixed location, of a given characteristic over a period of time. In this kind of data,

usually only the latest measure is kept.

* Geo-referenced time series: A geo-referenced time series is the measure of a con-
tinuous ST field over a set of fixed reference points over a period of time. The fixed
locations can be organized like a grid, e.g. pixels in an image, or can be placed in a
random spatial pattern. Observations are recorded at a set of time stamps, which

can be regular delays between each recording or can be irregularly spaced

* Moving objects: A moving object changes its spatial location over a period of time.
In this kind of data, the most recent data observations are maintained while the past
observations may or not be forgotten. Usually a moving object has an id in order to

trace the movement of a particular individual.
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Figure 3.1: Overview of ST data types. Image taken from [45]

3.1.2 Clustering Methods

Spatial and temporal aspects introduce a novelty when clustering ST data instances.
When doing so, pre-processing of data needs to receive a lot of attention. The possi-
bility of existing irrelevant attributes might change the results when looking at spatial
or temporal distances. When looking at the different kinds of data instances, one may

suggest that there are different goals and approaches to cluster each kind of data.

* Event Clustering: One goal of event clustering is to find hot-spots: clusters with a
high density of ST event points. This problem is known as event detection, and it
consists in finding data points that are close to each other in terms of spatial position
and time. Another goal of this kind of clustering is to find clusters of points that

have similar non ST attributes.

* Trajectory Clustering: When clustering trajectories, the goal can be to group tra-
jectories with similar paths or even group trajectories that have similar sub-paths
between them. Two important points of this kind of clustering are the choice of the

distance method used and the choice of the clustering technique.

* Geo-referenced data items clustering: Clustering geo-referenced data items con-
sists in finding groups of objects with similar spatial attributes at any given time. It
can also be used to find groups of objects similar among them regarding non-spatial

attributes at any timestamp.

* Geo-referenced time series clustering: One of the main goals of clustering time
series is to find spatial locations with similar temporal activity. Another goal of this
kind of clustering is to group objects based on spatial closeness and associated time

series similarity among objects.

21



CHAPTER 3. SPATIO-TEMPORAL CLUSTERING

* Moving clusters: In moving clusters, the identity of a moving cluster does not
change although its location and content may change over time [10]. One main idea
of this kind of clustering is to find a majority of points that are similar to each other
and therefore compose a cluster, and then at each timestamp, evaluate how this
cluster’s content and/or location changes without having to recompute the whole

clustering process again, by using information from previous time steps.

3.1.3 Domains of Application

Surveys on this relatively young field of research have been made in [13] by Atluri et
al., [10] by Ansari et al., [79] by Shi and Cheng, where a state of the art is presented,
and many application areas are discussed. Some main sectors where ST data mining and
clustering are employed are climate science, neuroscience, epidemiology, traffic dynamics

and crime data.

Climate Science: The understanding and monitoring of earth science sensor datasets
offer unique data-centric and algorithmic challenges imposed by the volume, variety
and richness. In [14] by Birant and Kut, ST-DBSCAN was introduced, a density-based
clustering algorithm based on DB-SCAN that creates clusters with arbitrary shapes based
on non-spatial, spatial and temporal attributes. In [6] by Agrawal et al., ST-OPTICS was
proposed where micro clusters are created in a clustering phase and are then merged
in an agglomerating phase. In [48], Liu et al. proposed the DcSTCA, an approach to
detect and cluster marine anomaly variations. Here, a ST grid cube formulation is used,
which takes into account spatial adjacency, attribute homogeneity, and time continuity of

marine anomaly variations.

Neuroscience: Continuous neural activity captured using a variety of technologies is
commonly studied in neuroscience [13]. In [24] by Doborjeh and Kasabov, a method for
clustering of ST brain data based on NeuCube spiking neural network architecture was
presented. Clustering is performed using spiking neural networks and a functional anal-
ysis between the clusters obtained is performed in order to understand brain functional

dynamics.

Epidemiology: Traditional epidemiology surveillance comprises a set of epidemiolog-
ical procedures that monitor the spread of a disease and determine how it is spreading
[32]. In [32] by Gomide et al., a method that accomplished active surveillance of Dengue
epidemic looking at Twitter information was proposed using regression models and ST-
DBSCAN. In [7], Alkhamis et al. explored the temporal and spatio-temporal dynamics in
the beginning of the COVID-19 pandemic in Kuwait using the effective time-dependent
reproductive numbers model, a likelihood method used in the SARS pandemic in 2002,

and multi variable permutation scan statistic implemented in SatScan.

22



3.2. DYNAMIC CLUSTERING

Traffic Dynamics: Looking at traffic dynamics, in [29] by Fiori et al., a novel approach
called DeCoClu was developed to overcome the lack of network topology knowledge
regarding position signals of buses and bus stops. In [35] by Higgs and Abbas, research
was presented to investigate characteristics of different driving behaviors linking drivers’
states to actions performed by them using segment lengths and segment centroids for the

segmentation phase and k-means for the clustering one.

Crime Data: Finding crime hotspots and related crime risks and interactions between
crimes are some results obtained when applying ST data mining in this field. In [55] by
Nakaya and Yano, a novel approach for interpretation of ST patterns of crime hotspots in
Kyoto was proposed, by creating a three-dimensional mapping of crime events in a space-
time cube using ST data. In [36], Hu et al. proposed a ST framework for predictive hotspot
mapping and evaluation of crimes in Louisiana, where ST kernel density estimation was
used to estimate density of an event and predictive accuracy index was used to evaluate

predictive accuracy of the identified crime hotspots.

3.2 Dynamic Clustering

A common clustering problem that is of interest when dealing with ST data is to identify
subregions that show coherent measurements in both spatial and temporal dimensions,
termed dynamic ST clusters[20]. In other words, dynamic ST clusters can be defined as a
sequence of spatial clusters that appear in consecutive snapshots such that two consecu-
tive spatial clusters share many common objects [41].

The discovery of dynamic ST clusters can help in detecting phenomena that only
influence a subset of locations during a subset of time points. For example, water bodies
that grow and shrink in space over time, e.g., lakes and reservoirs, can be identified as
dynamic ST clusters in remote sensing data, as they appear as coherent observations in
subsets of space and time. Note that a dynamic ST cluster may evolve over time and
thus change its shape, size, and appearance as we progress in time. Hence, while some
locations are retained across consecutive time stamps, the cluster assignments of locations
are dynamic and the clusters can grow and shrink over time [13].

It is known that in several dynamic settings, there’s an evolution occurring in the clus-
ters’ compositions, but there is usually a set of points that does not change its membership
for a long period of time.

In the work by Kalnis et al. [41], the concept of dynamic clustering was applied to
moving groups of animals. In this context, during the movement of a group of animals,
some animals might leave the group and others might join the group, but the majority
of its composition will not change for a long period of time. Clusters were found at each
time step using DB-SCAN and Jaccard index was used to evaluate similarities between
clusters of consecutive time steps, and therefore verifying if a cluster of a time step s is

an extension of a cluster detected at the time step s — 1.
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3.2.1 Dynamic Density-Based Clustering

In [20] by Chen et al., a novel approach to identify dynamic ST clusters for detecting
surface water dynamics was proposed, while helping to deal with missing data and noise,
which are some of the biggest challenges when dealing with ST clustering in real world
applications.

The first step of this method consists in finding points that for a certain time don’t
have their membership changed and therefore have the most certain cluster memberships,
called core points. These core points compose steady clusters, which are identified using
an extension of the traditional DB-SCAN algorithm. The goal is to associate pairs of
points that have similar feature values over a non-trivial time window. These are denoted
as e-neighbors, points with spatial adjacency and with a temporal distance between them
smaller than e. If a point has more than m e-neighbors, then it is considered a core point.
Then, a second step is used where the uncertain points are labelled, these being most
likely at the clusters’ boundaries where dynamics occur.

This approach considers two main aspects these being the definition of temporal

similarity and a method for growing and refining clusters, which will be described next.

3.2.1.1 Temporal Similarity

Two time series are considered similar if they have the same expected value for a given
time interval. There is the assumption that real data observations x(t) are the result of a
sum between the true value of the data X(¢) and a white noise n(x, ). This sum is called

the additive white noise model:
x(t) = x(t) + n(x, t)

When two objects, x and y, are temporally similar, their true value is identical and there-

fore:
x(t) = y(t) = n(x, t) —n(y, t)

Assuming the white noise model, the expected noise value is zero and for this reason the
estimation of temporal similarity between two time series x and y can be given by the
p-value of the test:

HO:E(x-y)=0

Ha:E(x-y)=0

When data is susceptible to outliers, instead of the expected value, an alternate test using
the median can be used. Under the white noise assumption, two time series are similar
if the difference between them given a time interval is centered around zero. Then the
p-value of this hypothesis test can be used as the similarity measure.

Even if the target clusters’ and background’s temporal profile differ from each other
only during some small period of time, the temporal similarity over a long period of time

introduced in this method will help to deal with ST heterogeneity.
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3.2. DYNAMIC CLUSTERING

The temporal similarity measure is very sensitive to the time window w used. If w
is equal to 1, this approach would be similar to traditional approaches that do not take
into account time. If the w value is too high, the uncertainty introduced would be higher
from the highly variable data signal or the changing properties of the dynamic cluster,

resulting in a higher quantity of uncertain points.

3.2.1.2 Growing and refining clusters

After applying the two steps mentioned in Section 3.2.1, these being the labelling process
of core and uncertain points, there might be points that still have no label assigned, thus
being called uncertain points. These points need to be assigned to clusters and errors that
might have happened in the previous steps need to be corrected.

At a certain time step t, the cluster assignments from the previous time step t —
1 are used to build a spatial predictive model. This model is used to predict cluster
memberships of uncertain points based on their spatial proximity and feature values at
the current time step t. Assuming that k stable clusters were found in the time step -1,
a k class classifier is built to estimate the probability of an uncertain point being a part
of one of the k stable clusters at the current time step . When classifying an uncertain
point, if it has the same label as its neighbor from a stable cluster, the label is accepted
and the next uncertain point is analyzed. If the uncertain point has a different label than
the neighbor from a stable cluster, this point is then classified as unknown, delaying the
decision until there is more information about other neighboring points.

For this approach, a local Bayesian classifier was used and for each neighborhood, a
Bayesian classifier was trained. The data in the same cluster is considered to follow a

normal distribution and its conditional probability for any cluster C is:
p(x|xeC,t)~N(u(Cg,t), 0(Cgr,t)),

where p(Cg, t) is the mean of all points belonging to the cluster C in a region R, centered
in the point x at time ¢, and identically o(Cg, t) is the standard deviation of all the points
belonging to the cluster C in a region R. The prior probability of p(x € C | t) is given as:

_ HX»CHspace
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where [|x, Cl[spqce is the spatial distance between the point x and the cluster C. The param-
eter 6; controls the weight of the spatial constraint. As this value increases, the smaller
impact the spatial distance has on the prior probability.

Concluding this step, each uncertain point is finally assigned to the cluster with the
highest probability.

When analyzing the results of this approach and comparing them with two other ap-
proaches, Normal-cut which is an image segmentation technique and Gao et al.’s method,
a k-means based approach, all three methods performed similarly well when data had
small amounts of missing data. As the amount of missing data increased, the method

here presented outperformed the other two.
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CHAPTER 3. SPATIO-TEMPORAL CLUSTERING

3.3 Overview of time series segmentation

One of the most frequent forms of presenting temporal data is through time series [50].
A time series is an ordered sequence of data points measured over time, where each data
point can be of univariate or multivariate types.

When analyzing time series with the goal of finding patterns or changes in the data’s
behavior through time, one can approach such a challenge by finding a certain group of
points called change points. A change point is a point located where the behavior of a
given time series changes. In other words, change points can be seen as abrupt variations
in a time series where transitions between states occur.

Change Point Detection (CPD) is the process of finding abrupt changes in the data
being studied where some property of the time series’ data changes. Such problem can
also be denominated as edge detection or event detection [8].

Looking at CPD approaches, the number of change points to be detected can be known
a priori or the assumption of an unknown number of change points in the data can be
made.

Another way to achieve the same goal as the one aforementioned is by doing time
series segmentation, where a time series is segmented into different segments without
purposely finding the change points’ locations. An example of change points and obtained

segments can be seen in Figure 3.2.
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Figure 3.2: Example of change points and time series segmentation results

Such segments or change points’ locations can be detected using online approaches,
where a real time stream of data is being analyzed as it is collected, or using an offline
approach, where the scanning and division of the entirety of a time series into a number
of segments or the detection of change points’ locations is performed while the available
number of data points remains unchanged during the execution time of the algorithm
[50].

Taking such characteristics and descriptions into account, time series segmentation
and CPD methods can be divided into two major categories, these being supervised and
unsupervised approaches.
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3.3. OVERVIEW OF TIME SERIES SEGMENTATION

Supervised Approaches: Supervised time series segmentation methods can be defined
as machine learning algorithms trained for binary or multi-class classifiers for the detec-
tion of single or multiple change points.

Such methods can be multi class classifiers, to which decision trees, nearest neighbor,
support vector machine, bayesian nets, hidden markov models and gaussian mixture
models approaches belong to; binary class classifiers, which can be divided into sup-
port vector machine, naive bayes and logistic regression approaches; and finally virtual

classifier methods.

Unsupervised Approaches: Unsupervised methods, however, have the advantage of
not requiring training data, thus being more generally applicable and more robust to
atypical or unseen situations. Given the study being conducted in this dissertation, this
kind of approaches is of greater importance and relevance.

A great amount of approaches uses statistical models to predict and estimate change
points positions, where probability functions and distributions are analyzed regarding
candidate change points. Such methods can be divided into several approach types like
cumulative sum, change finder and semi-parametric log-likelihood change detector meth-
ods. Other approaches in the same realm of application where there is the estimation
of some sort of parameter are bayesian methods. A final probabilistic method usually
utilized in this kind of problems is the gaussian process, where normal distribution pre-
dictions are made for CPD [8].

Kernel based methods where the homogeneity of data is tested using sliding windows
and graph based methods where a generalized dissimilarity measure is used to compute
and create a graph structure are two other techniques explored for CPD and time series
segmentation.

One kind of approach that is of great interest to be studied and discussed is the use
of clustering techniques for time series segmentation. Rakthanmanon et al. in [70] intro-
duces a subsequence grouping based on minimum description length for data extraction
and posterior bit stream bottom-up clustering of the extracted data, where the clustering
algorithm is based on three operators: create, add and merge. In [92] by Tran, an online
change detection algorithm using reactive clustering with the use of two moving win-
dows is introduced, where a change point is detected whenever an instance or portion of
data does not belong to the current cluster being built and where K-means is used along
with the euclidean distance for the clustering procedure. Bose and Mali [16] and Song
et al. [83] introduced two time series segmentation approaches based on rough Fuzzy
C-means, noting that the latter approach used L2-norm to describe the temporal relation-
ship between mining machinery data and a Lagrangian multiplier method to minimize
the segmentation objective function and thus obtain an optimal segmentation result.

Based on and adding to the concepts aforementioned, there’s other three types of un-
supervised segmentation methods of great importance, these being the top-down, bottom-
up and sliding window approaches [50].
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Top-Down Approach: A top-down approach, also referred to as divide and conquer
method, can be described as a set of methods where the starting point is a complete time
series. The first step is defined as dividing a time series into two segments where these
segments are as different as possible form each other considering a certain metric. After
this, both of the sub-segments are then tested from the aspect of the level of the approxi-
mation error. If the approximation error of the observed segments is above a user-defined
threshold, the segmentation procedure stops, and the tested segments are accepted. If
not, each sub-segment is divided and processed like the original time series was. The
division stops until a requested number of segments is found or the approximation error

of the observed segment is over the user-defined threshold.

Bottom Up Approach: Moving to the bottom up approach, which is also referred to as
the iterative merge, is an algorithm where firstly the original time series is divided into
very small segments with equal lengths. After this initial step, and taking into account
an error measure, the two consecutive segments that cause the minimal increase in the
error are merged into a bigger segment. The merging process stops until a requested
number of segments is found or the approximation error of the observed segment is over
the user-defined threshold.

Sliding Window Approach: Ending with the sliding window algorithm or one pass
algorithm, this online method iterates the entirety of the time series from start to finish.
When a specified error measure for the current segment being built is greater than a user
defined threshold, that segment is defined as being a final segment, and a new segment

starts to be built. These steps are repeated until there are no more data points available.

Combining the bottom up and the sliding window algorithms, Keogh et al. in [44]
introduced the SWAB algorithm, which combines the online aspect of the sliding window
algorithm with the accuracy of the bottom up approach to perform piece wise linear
approximation. Such a method only requires constant space and produces high quality
linear approximations of the data.
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4

Proposed Approach

This chapter is focused on presenting the proposed approach for this dissertation. In
section 4.2, a new preprocessing pipeline will be presented, which has the goals of over-
coming the over segmentation problem as mentioned in previous Sections and preparing
the data set for the dynamic clustering procedure. Following this, in Section 4.3 an
overview of extracted features from the obtained S-STSEC segmentations of the fully
preprocessed SST images is made, for the unsupervised definition of several upwelling
time periods where the upwelling activity follows alike patterns which is explained in
Section 4.4. After this, in Section 4.5, the developed algorithm for the construction of
Core-Shell clusters is discussed. In Section 4.6, an explanation of features extracted from
the obtained Core-Shell clusters is made, in order to finalize the overview of the entirety

of the developed workflow.

4.1 Proposed Workflow

The entire developed pipeline can be analyzed in Figure 4.1. In summary, a set of N SST
images referent to an upwelling season are preprocessed using the preprocessing pipeline
described in Section 4.2. The SST maps resulting from this are called SST instants, and
these are given as input to the S-STSEC algorithm in order to extract the correspondent
coastal upwelling regions.

With the obtained coastal upwelling regions, several features are extracted and time
series of these are created, in order to perform an analysis of the upwelling regions
through time and also to perform time series segmentation. This segmentation allows
grouping consecutive SST instants with similar coastal upwelling behavior, groups that
are called upwelling spans.

Then, T SST instants referent to each upwelling span are used as input to the Core-
Shell clustering algorithm, which produces a new segmentation called Core-Shell cluster.
These structure allow to analyze a more constant region of a coastal upwelling event called
a Core and to study the dynamics of the coastal upwelling present in that upwelling span
called Shells. To do so, several features are extracted from these new structures in order
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to analyze such and study how the constant and dynamic portions of a coastal upwelling

event evolve over time.

Figure 4.1: Full experiment pipeline

4.2 Preprocessing Methodology

Image preprocessing is the processing of images using one or several algorithms in order
to prepare a set of images to be used in a certain context. Being more specific, in the
present study, image preprocessing was used to overcome a very common problem which
is known as the explosion problem observed along several studies [12, 56, 2], where over
segmented results are obtained by a given segmentation algorithm. Such processing was
also used to manipulate a set of SST imagery data with the goal of improving the images’
quality while concealing any unwanted deformation of the data itself.

In this Section, a full preprocessing pipeline was developed with the intent of prepar-
ing a set of SST images to be used by the newly developed Core-Shell clustering algorithm.
This pipeline can be seen in Figure 4.2. With the set of weekly SST images received as
input, the first phase is the smoothing of the north-south temperature gradient, explained
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in Section 4.2.1, then a moving average filter is used in order to produce a set of SST aver-
aged images, explained in Section 4.2.2, and finally the images go through a temperature
preprocessing method which enhances the east-west temperature gradient, which is de-
scribed in detail in Section 4.2.3. This temperature preprocessing method was developed
to overcome the existing over segmentation problems of the S-STSEC algorithm whenever

the front of upwelled waters was not well-defined.

Figure 4.2: Entire preprocessing pipeline

4.2.1 Smoothing of North-South temperature gradient

In order to remove the north-south gradient present in the Portuguese SST images and
thus help to improve the segmentation results, Generic Mapping Tools (GMT) [91] was
used with the Julia programming language. GMT is a set of modules widely used to
process geophysical data and project maps mainly present in Earth, Ocean and Planetary
sciences.

To do so, the grdtrend() function from GMT was used, which fits a low order polyno-
mial to the data provided. The number of model parameters N to be used was set to 3 in
order to only use linear parameters. When applying such transformation to the original
Portuguese SST images, the north-south gradient is removed as it can be seen in Figure
4.3.

In order to evaluate if this transformation helped in the segmentation of an upwelling
region using the S-STSEC algorithm, this algorithm was used to segment one image twice.
The first segmentation was made using the original SST image without any transforma-

tion. The second segmentation was done on the same image with the north-south gradient
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Figure 4.3: Original image on the left and the same image after smoothing the
north-south temperature gradient on the right

removed. As one can observe in Figure 4.4, the segmentation using the image without the
north-south gradient, this being the Figure on the right, presents a more precise result
when compared to the middle image, avoiding some over segmented artifacts present in
the segmentation with the original image.

These results were observed in the majority of the segmentations, which allows to con-
clude that the north-south gradient smoothing helps with the over segmentation problem

aforementioned, therefore improving the segmentation results.

Figure 4.4: Comparison of segmentation results using a non preprocessed SST image in
the middle and a SST image which suffered the transformation mentioned in Section
4.2.1 on the right

4.2.2 Moving Average Filter

The previously described preprocessing method, which helps to get more precise seg-
mentation results obtained by the S-STSEC algorithm, was included into a preprocessing
pipeline in order to prepare a data set of weekly SST images to be used by the Core-Shell
clustering algorithm.
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For this, a moving average filter was applied to a set of weekly SST images in order
to create a new time series of SST images. This new time series is a smoother set of
data which is comprised on the original SST images and which better exposes the target
behavior to be studied.

This procedure also helps to remove white noise from the images, result of measure
errors and atmospheric events. A complete study was made, where the temporal variation
of the mean temperatures regarding averaged SST images was observed. Knowing that
one year of images is composed by 46 8 days weekly SST images, a moving average of
window size from 2 to 25 was studied in order to analyze which window size kept the
maximal temporal resolution while smoothing out the curve of the correspondent time
series. Note that for every time window studied, a step of 1 was used in the moving
average procedure.

As expected, with greater window sizes the resulting averaged images had to low of a
variability between them, implying that the temporal resolution was lost due to using too
much information to compose a single image. With a smaller window size, the temporal
resolution was kept, but the smoothing of data was not enough and therefore a lot of
variability was still observed in the results as well as fragments of white noise.

As aresult of these observations, a window size of 5 was set to be used in this study. Af-
ter applying such moving average filter, the mean temperatures, the correspondent stan-
dard deviations and the median temperatures of such averaged images were extracted and
can be seen in Figure 4.5, which present a smooth curve of temperature values throughout

the year while maintaining enough resolution.

Figure 4.5: Mean, standard deviations and median upwelling temperatures’ series for
the year of 2017

4.2.3 Enhancement of East-West temperature gradient

To deal with the still occurring over segmentation problem like the one present in Figure
4.6, where the region growing algorithm S-STSEC over segmented the northern region of
the image, the preprocessing pipeline described until here was extended adding a third
phase of preprocessing.

In the work proposed by Aouni et al. [12], a SST image processing algorithm was
developed to tackle the over segmentation problem present in region growing algorithms
when applied to upwelling detection. The main goal of this approach was to enhance the
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Figure 4.6: Example of an over segmentation situation when using the S-STSEC
algorithm in a Portuguese coastal SST image

gradient between the upwelling regions to be extracted and the offshore waters. Thus,
whenever applying the similarity condition in the border region of the target area, a
greater distinction between upwelling pixels and non-upwelling ones is present which
helps to ignore the latter and therefore preventing over segmented results.

Therefore, a preprocessing algorithm was developed based on the work presented by
Aouni et al. with the goal of focusing the study in the Portuguese coast.

Method Summary: This method boils down to processing a given SST map using per-
pendicular lines to a given coastline.

The method starts by finding the coastline orientation for the image to be segmented.
Since the western coastal region of Portugal has a somewhat constant longitude, the
coastline was defined as being a column of the image matrix.

Having the coastline orientation, the next step is to compute a set of perpendicular
equations to the coastline. In order to do so, each row of an SST image A(L,C) = a; ; was
used as a perpendicular line to the coast, with @; ; being the temperature of the pixel (i, j).
Therefore, for a SST image with L lines and C columns, L perpendicular lines to the coast
are computed and L correspondent sets s are initialized.

Moving to the transformation phase, for each set of points s, the max temperature t,,,

is computed and, for each pixel (i, j) belonging to s, its temperature value «; ; is updated:

@i =i~ by (4.1)

After this update, one last step is performed where a mean filter is used in order to
smooth the result from the transformation phase, which can leave some unnatural lines

in the final result. The result of such preprocessing can be seen in Figure 4.7

Improving temperature gradient: Since the gradient obtained in the previous method
is not strong enough and therefore did not avoid the S-STSEC algorithm to over segment
the upwelled waters, the eq. (4.1) was modified. Instead of using the max value of a set
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Figure 4.7: Original image on the left and corresponding preprocessed image on the right

s to update the value of a pixel «; j, the mean value of a set s is used instead, and the
update is only applied in certain situations.

All the steps until the assignment of each pixel to the correspondent set s were per-
formed as explained before. After these, for each set of points s, the mean temperature
£

sean 18 computed. For each pixel (i, ) belonging to a set s, if its temperature is higher

than the computed mean t;,,,,,, the value assigned to that pixel is 0. If not, its temperature

value a; ; is updated:

i =ajj— tishean (4.2)

The improved method produces a stronger gradient between the upwelling and non-
upwelling regions, allowing the S-STSEC algorithm to segment a very accurate result and
avoiding over segmented results like before. An example of the improved preprocessing
method of a Portuguese SST image can be observed in Figure 4.8, which result can be

compared with the previously obtained preprocessed image in Figure 4.7.

Figure 4.8: Original image on the left and corresponding preprocessed image on the right
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4.2.4 Summary: Preprocessing workflow

All the aforementioned stages of the preprocessing pipeline can be seen in Figure 4.2.
Given a set of N weekly SST images, the north-south gradient of each image is removed
as described in Section 4.2.1. Then, every W images are averaged into a single W weeks
averaged SST image like explained in Section 4.2.2. Finally, each averaged SST image is
preprocessed with the temperature preprocessing method explained in Section 4.2.3.
This pipeline creates fully preprocessed SST averaged images, which are called SST
instants. Such instants are then used as inputs for the S-STSEC algorithm to produce

binary segmentation maps.

4.3 Feature Extraction from S-STSEC instants’ segmentations

With the SST instants of a given upwelling season segmented by the S-STSEC algorithm,
several features were empirically chosen and extracted, with the intent of studying the
behavior of the obtained upwelling regions.

To do so, upwelling regions (UR) time series were built, these being composed by the
areas and average temperatures time series of the obtained upwelling regions. In addition
to these, the latitudes of the northernmost and southernmost areas of the upwelling
regions were obtained, in order to study and analyze such characteristics of the upwelling
regions through time.

When studying such features, it was noticed that the segmented upwelling regions
did not gradually evolve through time. Instead, it was found the presence of several
time periods where in each one the upwelling behavior was similar and followed an alike
pattern. It was also noted that the upwelling events were of different intensity and had
a different morphology when compared to other time periods. Such differences can be
seen in Figure 4.9, where a clear distinction of upwelling area morphology can be seen
between SST instants 1 and 2 and SST instants 13 and 14 for the year 2007.

Therefore, it was concluded that several groups of consecutive SST instants needed to
be obtained. Such groups of SST instants are called upwelling spans.

The bi-partition maps obtained by the S-STSEC algorithm are also used to automat-
ically delineate the upwelling fronts and thus to create the upwelling front (UF) time
series. From this time series, the pixels that belong to the frontier of the upwelling region
are obtained and their distance to the coastline is computed.

4.4 TIterative Anomalous Pattern for unsupervised Time Series

segmentation

In order to create such upwelling spans in an unsupervised manner, the features afore-
mentioned are used with an unsupervised method introduced in [54] by Mirkin called
Iterated Anomalous Patterns (IAP).
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Figure 4.9: SST instants 1 and 2 on the top row and SST instants 13 and 14 on the
bottom row for the year 2007, where a clear distinction in upwelling region
characteristics can be noticed

Iterated Anomalous Patterns: This clustering algorithm is categorized as a divide and
conquer method and can be included in the top-down approaches for the segmentation
of time series. It is also classified as an unsupervised approach in this context since it
does not receive as an input the number of spans to be extracted.

This algorithm uses 2 seeds, a constant reference point and a cluster seed which at
first is the furthest point to the reference point. Then, a cluster is built as being the set of
points that are closer to the cluster seed than to the reference point. The cluster seed is
updated to the new cluster’s gravity and the previous two steps are repeated until one of

four stop conditions is reached:

1. All entities are clustered: There are no unclustered points left;

2. Cumulative contribution: The clusters’ cumulative contribution is greater than a
pre-defined threshold;

3. Relative contribution: The cluster’s contribution is too small;
4. Cardinality of clusters: The number of extracted clusters reached a given threshold.
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The full pseudocode for such algorithm can be seen below:

Algorithm 1: Iterated Anomalous Patterns

1 Preprocessing: Specify a reference point @, which can be the grand mean, and
standardize the original data in order to shift the space origin to the reference
point a;

2 Initial setting: Initialize a centroid c as being the most distant unclustered point to
a;

3 Cluster update: Determine the cluster set S as being the set of points that are closer
to the centroid c than to the reference point «;

4 Centroid update: Calculate the within S mean ¢’ and check if it differs from the
previous centroid c. If it does, the centroid ¢’ is set as the new centroid ¢, and return
to step 3. Else, go to step 5;

5 Stop condition check: The stop conditions are tested. If any stop condition is
verified, go to step 6. Else, save the set S and go to step 2;

6 Output: Outputs the saved sets S’s, the centroids c’s and further aiding information.

For the present study, the IAP algorithm will be used as a top-down approach for
the task of time series segmentation. The goal of this algorithm is the creation of several
upwelling spans using an unsupervised clustering algorithm, where each upwelling span

is composed by several consecutive SST instants.

IAP algorithm inputs: To produce such upwelling spans, like aforementioned, the IAP
algorithm will be used with the following features as input: the areas’ and average tem-
peratures’ time series of the N upwelling regions obtained by segmenting N SST instants
in their chronological order, and the latitudes of the northernmost and southernmost

region of the detected upwelling.

IAP algorithm stopping condition: The IAP algorithm was used to segment a given
upwelling season time series until no more data is left to be analyzed, this being the
condition number 1 aforementioned. The use of such condition can be justified by the

fact that the goal here is to include every instant of a time series into an upwelling span.

After running the IAP algorithm, several clusters with different sizes are generated,
some of them with sizes smaller than a pre-defined threshold of 3 maps. This threshold
was defined with the thought that an upwelling span can not be defined by less than 3
SST averaged maps.

Therefore, for each cluster obtained which size was smaller than the defined threshold,
an automatic correction is made. For each image instant that belongs to a smaller cluster,
it is added to the closest consecutive cluster with the lowest contribution value. After this
step, each cluster is composed by three or more consecutive instants.

Finally, each one of these clusters is considered an upwelling span, which is composed

by several consecutive SST instants. Such SST instants that belong to a certain upwelling

38



4.5. CORE-SHELL CLUSTERING

span are then used by the Core-Shell clustering algorithm as inputs for the creation of a

single Core-Shell cluster.

4.5 Core-Shell Clustering

In this Section a novel dynamic clustering model for the automated detection and tracking
of coastal upwelling events from SST remote sensing data is introduced.

To this end, the segmentations resulting from the S-STSEC algorithm were included
into a dynamic Core-Shell clustering algorithm based on the method presented in Section
3.2.1. This proposal is integrated into a broader field of research called dynamic ST
clustering, which embodies the identification of subregions in space and in time that
show coherent measurements, denominated dynamic ST clusters.

The main goal of this dissertation was to conceive an adaptive dynamic ST cluster-
ing algorithm based upon SST remote sensed imagery to segment pretended coastal up-
welling regions. With this purpose, a new algorithm called Core-Shell clustering algo-
rithm was developed which goal is to iteratively maximize a clustering criterion G until
all the SST instants are processed and a local maximum value for the clustering criterion
is found, creating a new segmentation result called a Core-Shell cluster.

As discussed in Section 3.2, dynamic ST clustering involves real challenges on data
representation and data analysis methodologies. One of these is the spatial and the
temporal resolutions, where the integration of domain knowledge when selecting such is
recommended since there are no objective guidelines provided by the current literature
[13].

Adding to this, another common challenge present is the need of ad-hoc parameter
specification. The requirement of such parameters can be explained by the existence
of features that are not informative enough, caused by common absence of data and/or

presence of noise in it.

4.5.1 The Model

Given T SST instants A(L,C) = af']., withielL,jeC,t=1,2,3,.., T, a Core-Shell cluster is
represented by the union of T +1 binary maps. Of these binary maps, one is the upwelling
Core R(L,C) = r; ; and the rest are upwelling Shells S(L,C) = sf,j.

A Core is a steady cluster composed by a set of points that have the most constant
membership, with r; ; = 1 if a pixel (i, j) belongs to the Core and r; ; = 0 otherwise.

The union of the remaining binary maps is called an upwelling Shell, characterized by
a binary matrix S(L,C) = Uthlsf,]-. A Shell is a cluster comprised of points with uncertain
memberships, which represent the dynamics of an upwelling event through time. In
this binary cluster, sf,]- =1 if a pixel (i, j) belongs to the Shell at time step ¢t and sf,]- =0

otherwise.
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Note that a Core pixel can not belong to any upwelling Shell at any instant ¢ =
1,2,3,...,T. The same happens when a pixel belongs to any or several upwelling Shells at

any moment f, where this can not belong to the upwelling Core:

rij*sii=0, t=1,2,..T (4.3)

Given a SST instant A(L,C) = ait’j, the proposed model is defined by:

£ gt t t £ ot
a; ;= A si,j+(/\ +u) Tij + € jr

(4.4)

where A is the Shell’s intensity value at time step t, A’ + u' is the Core’s intensity
value at time step ¢ and e! jare the residual values. The Core’s intensity should be always
smaller than the Shell’s intensity for any t € T since the Core’s temperatures are lower

than the Shell’s temperatures. The values ¢! . are to be minimized according to the least

J
squares criterion:

T L C
A=) ) ) lal= (e p)riy=ATs] ) = min (4.5)

Using the first order optimality conditions, which states that for a smooth function to
achieve a minimum its gradient must be zero:
JdA JdA
=—=0; 5—=0 4.6
I Iy 4.6)
These conditions lead to the optimal intensities of both Core and Shell to be equal
to the mean upwelling temperatures, retrieved from the SST instants according to the

corresponding binary matrices:

C L C t
12 10‘1 i j 12' 19557,
Ay = ] ] 3 A+ pe = d (4.7)
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When replacing the derived expressions 4.7 in eq. (4.5) and algebraically simplifying

the expression, the A criterion can be written as:

A=D-G, (4.8)

with D and G being, respectively:

p-) 3 ) ey

t=1 i=1 j=1 t=1

((Af + pe)? # IRl + (A)* #1S")), (4.9)

M“]

where |R| is the number of pixels in the Core of interest and |S’| is the number of pixels
in the Shell at time step t being analyzed.
Since the term D is constant, one can conclude that minimizing the criterion (4.8),

which is the goal of this algorithm, is equivalent to maximizing the term G.
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4.5.2 The Algorithm

Given that a Core is composed by the pixel points with higher and most constant mem-
berships, the initial Core set R is instantiated as being the intersection of every S-STSEC

segmentation result received as input:

R=nL (4.10)

with T being the number of the of SST instants under study and C’ being the t’th
cluster obtained by the S-STSEC algorithm. Afterwards, the shells S* are defined as being
the set differences between each S-STSEC segmentation result C' and the computed core
set R:

St=C'-R, (4.11)

With R and S! computed, for t = 1,2,...,T, a set B is computed as being the union
between the core R, all the shells S! computed, and the set of pixels forming a 4 neighbor-
hood F, with the region defined by the union of the core R and the shells S’

B=RUL, S"UFy, (4.12)

A set B contains all the pixels of interest to be visited and analyzed by the Core-Shell
clustering algorithm, whose goal is to find a suboptimal Core-Shell cluster RU’_; S* and
the Core’s and Shells’ intensities. With all the initializations finished, the Core’s and
Shells’ intensities are computed from the sets obtained in eq. (4.10) and eq. (4.11) and an
initial G value is calculated.

All of these steps can be seen in Algorithm 2 (lines:1-3)

In order to maximize the increase of the criterion G, specified in eq. (4.9), 1 + 2T
scenarios need to be analyzed in order to find a suboptimal one. These scenarios are the

following;:

1. r; j = 1: For this single scenario, a pixel (i, j) is seen as belonging to the Core. Using
the criterion specified in eq. (4.3), the pixel can not belong to any shell for t =
1,2,.., T. Therefore, sf]. =0fort=1,2,..7T (lines:5-9);

2. r;; = 0: If a pixel (i, j) does not belong to the Core, it can belong to up to T different
Shells for t = 1,2,..., T. Therefore, there are 2T different combinations to be tested,

where each states to which Shell’s partitions a pixel belongs to (lines:10-17).

In summary, in order to find a suboptimal solution to the criterion in eq. (4.8), all
the pixels (i, j) from set B need to be iterated and for each pixel, the Core values r; ; and
Shells’ possible combinations sf'j aforementioned need to be tested and analyzed.

The combinations that cause a bigger increment in the clustering criterion G are saved
(lines:18-19), and when all the pixels (i, j) that belong to the set B are visited, for each
decision saved, the assignments to the Core’s and Shells’ values are made (lines:20-21).
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With the completion of this last step, the final Core’s and Shells’ intensities are com-
puted, and the final Core-Shell cluster is computed (lines:23-24) as being:

SC=RUL, s, (4.13)

where R’ is the Core after all the assignments made and S’ are the Shells with all the
assignments made.

In conclusion, for each pixel (i, j) that belongs to the set B, 2T +1 different scenarios are
analyzed where the pixel is added and removed from the Core and different T Shells, in
order to find the combination of r; ; and sf} j values that maximize the clustering criterion
G formulated in eq. (4.9).

The outputs of such algorithm are the intensity values of the obtained Core and Shells,
as well as the computed Core-Shell cluster, in a tri-partition map form. The pseudocode

for such algorithm can be seen and inspected in Algorithm 2.

4.6 Feature Extraction from Core-Shell clusters

A time series based on the tri-partition maps obtained for a whole upwelling season called
Upwelling Span (US) time series is built, with the intent of evaluating the evolution of
the minimum, maximum and average temperatures of the obtained Core-Shell clusters,
as well as offshore difference temperatures and areas of such computed structures.

Such time series are of great importance in order to comprehend the upwelling behav-
iors and dynamics through time of the Core-Shell clusters obtained from the Core-Shell
clustering algorithm discussed until this point for a given upwelling season. It is also im-
portant to study the dynamics captured by the obtained Shells for the different upwelling

spans.
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Algorithm 2: Core-Shell Clustering Algorithm

Inputs:
- T SST instants A = (alt.].),i =12,.,Lj=12,.,Ct=1,2,..,T.
- T bi-partition maps obtained by S-STSEC algorithm over the T consecutive A’
maps.

1 get R, S! for t=1,2,...,T, and B;
2 get starting intensities A; and A; + yy;
3 get correspondent G value;

4 fori,jin B:

5 # Case where pixel belongs to the Core and not to any Shell
6 rij < 1;

7 sf’j « 0, for t=1,2,...,T;

8  get new intensities A; and A; + yy;

9 getnew G value;

10  # Cases where pixel belongs to any number of Shells and not to the Core
1 1< 0;

12 # Gets all possible combinations of 0’s and 1’s of T digits.

13 combinations = get_combinations(2T);

14 for combination in combinations:

15 sj,j < combination;

16 get new intensities A; and A; + p;

17 get new G value;

18 if new G value greater than any other G value:
19 save correspondent decisions for r; ; and s; j;

20 for decision in saved decisions:
21 assign decisions to R and S%;

22 get intensities A; and A; + yy;
23 return R Uthl SY Ay, Ady+pp, witht=1,2,..,T;
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5

Experimental Study

In this chapter we present and discuss the experimental results. The chapter is organized
as follows: in Section 5.1, the goals of the current study will be presented. The imagery
data is explained in Section 5.2 and the settings for the conducted study can be consulted
in Section 5.3. The experimental study will be discussed starting in Section 5.4, where
the segmentation results of the algorithm S-STSEC are analyzed when applied to pre-
processed and non preprocessed SST images. Following this, experts’ reviews of such
segmentations can be seen in Section 5.5 and the upwelling regions time series obtained
from such segmentations can be examined in Section 5.6. The obtained upwelling spans,
posterior analysis of the obtained Core-Shell clusters and analysis of Cores” and Shells’
fronts can be explored in Section 5.7. In Section 5.8, time series created using the com-
puted Core-Shell clusters are explored. A final summary of the results obtained for such

experimental study can be found in Section 5.9.

5.1 Goals of the Study
The goals of the experimental study are:

1. Development of a robust preprocessing stage able to overcome the problems of
North-South and East-West temperature gradients in order to overcome the prob-
lems of explosion present in S-STSEC algorithm’s segmentations, to smooth a set of
time series SST images and to improve SST data quality, explored in Section 4.2 and

referred as the preprocessing pipeline in Figure 4.1;

2. Assessment and analysis of not only the quality of S-STSEC segmentations applied
to complete upwelling seasons of the Portuguese coast, but as well as the upwelling
features extracted from those segmentations, referred as bi-partition maps and
upwelling regions time series in Figure 4.1 and mentioned at the start of Section 4.5.

Posterior reflection and opinion of oceanography experts about obtained results;

3. Application of the IAP algorithm discussed in Section 4.4 to several groups of SST
images coupled with S-STSEC segmentations to retrieve unsupervised upwelling
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spans through time series segmentation, method presented in the full experimental

pipeline 4.1 as "Group SST instants into P spans";

4. Exploration of validity measures to assess the quality of the unsupervised retrieved

upwelling spans;

5. Application of the Core-Shell clustering algorithm to the retrieved upwelling spans
using the SST instants and their S-STSEC segmentations to extract one Core-Shell
cluster per upwelling span, alongside with Core’s and Shells” information of each
Core-Shell cluster as explained in Section 4.5.1 and shown in Figure 4.1 as "Core-
Shell Clustering algorithm";

6. Extraction of several upwelling features from the upwelling spans and creation
of features’ time series called Upwelling Span time series in the full experimental
pipeline 4.1, features such as areas of the Cores, Shells and the whole Core-Shell
clusters, mean, minimum and maximum temperatures of the obtained regions, and

posterior analysis of the upwelling trends along different upwelling seasons.

5.2 Imagery Data

Each image used in this study is a SST map with a resolution of 401 pixels by 251 pixels.
Each pixel of such matrix represents a float value of temperature in degrees Celsius and
has a spatial resolution of 2km by 2km. These images are from the Portuguese coast,
ranging from a latitude of 36°N to a latitude of 44°N, and a longitude from 8°W to 13°W.
Each one of the SST images is a composition of 8 daily SST images, which were processed
and combined to form a single weekly SST image.

For the whole collection of images, whenever a measure for a pixel (i, j) is collected
with some error associated, such as meteorological events related errors or collected data
from a non-sea surface, a value of NaN is instead saved for that pixel (i, j).

The entire available data set is comprised by 16 different SST image collections from
16 different years, since 2004 until 2019, the most recent one. For each year, 46 8 days
weekly SST images are available.

It is known that off western Iberia an upwelling season develops between March and
October [97, 30]. Taking into account the temporal resolution of each image and the
aforementioned knowledge, only the images from approximately the 30! of March until
the 30" of October were taken into consideration for the study here conducted.

One important detail regarding the experimental study is how SST instants relate to
the dates of the SST images. Given that an instant is a SST averaged image composed by
5 SST weekly images, and the upwelling seasons under study begin at the 30" of March,
the first instant corresponds to the SST original images from the 30" of March until the

8t" of May, the last day. After the first instant, each instant starts 8 days after the previous
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instant’s start, and ends 8 days after the end of the previous instant. Formulating this,

each instant i starts x days after the 30" of March, with x being:

x=(i-1)+8 (5.1)

Figure 5.1 shows two SST original images as an example within the time window
determined in the paragraph above. The image on the left is referent to an 8 days week
starting on the 30" of March 2009, where one can not see a well-defined upwelling
system. This is very common since the upwelling regions tend to increase in strength
starting at around this time. The image on the right is referent to an 8 days week staring
on the 24" of October 2017, where one can see a drastic difference in the upwelling

strength when compared to the left image.

Figure 5.1: Original SST weekly image of the Portuguese upwelling system from the 30"
of March 2009 on the left image and an original SST weekly image of the Portuguese
upwelling system from the 24" of October 2017 on the right image

Other kinds of SST images and bi-partition maps used and analyzed in this experimen-
tal study are the SST instants, which are created from the procedure described in Section
4.2, and the binary maps segmentations’ results when applying the S-STSEC algorithm
to the fully preprocessed data. An example of such images can be found in Figure 5.2.

In order to analyze uncorrelated years of SST imagery regarding upwelling regions,
there was the caution to select non-consecutive years in order to work and study different
kinds of data and coastal upwelling trends. Therefore, a very important aspect of the
study conducted was related to the preliminary analysis of the entire collection of 736

SST images, divided between 16 collections of SST images.

5.3 Setting of the Experiments

Another variable that needed to be studied was the quality of available data. Due to cloud
cover and other meteorological events, a lot of weekly SST images present more than 50%
of NaN values, thus having very low quantity of information available.
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Figure 5.2: Instant 15 of the year 2019, with a SST averaged image of the Portuguese
upwelling system on the left, its preprocessing result on the middle image and its S-
STSEC segmentation bi-partition map on the right image

Figure 5.3: Weekly SST image from 2013, where almost no information regarding tem-
perature values near the coastline is available.

As an example, in Figure 5.3 there is almost no information regarding temperature
values near the coastline, the target area to be studied. In order to avoid that problem,
the collections of SST images correspondent to the years 2007, 2015 and 2019 were
selected as being the years with the highest quality of data. These sets of images were also
selected due to none of these being consecutive years, which introduces the uncorrelated

upwelling episodes between such sets of data.

Like mentioned before, only the images from the 30" of March until the 30" of
October were taken into consideration for the study here conducted, totaling 27 weekly
SST images. After applying the full preprocessing pipeline, 23 SST instants per year
were obtained, giving a total of 69 SST instants for the exploratory study conducted on 3

upwelling seasons for the years 2007, 2015 and 2019.

The following experimental setting will follow the order of the workflow described in

Section 4.
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Smoothing of North-South temperature gradient: In order to smooth the north-south
gradient from the images, the grdtrend() function from the GMT library [91] was used
with a parameter N = 3 for the use of only linear parameters for the polynomial fit.

Moving average filter: For the moving average filter included into the preprocessing
pipeline, a window size of 5 was used alongside with a moving step of 1. Therefore, for

every 5 consecutive SST images, 1 averaged SST image was produced.

Enhancement of East-West temperature gradient: Regarding the enhancement of East-
West temperature gradient method, all the images were preprocessed using the improved
method explained in Section 4.2.3. For the smoothing of the final results, a mean filter
with a window size of 5 and a step of 1 both vertically and horizontally were used for the

smoothing of the preprocessing result.

Upwelling Spans definition: The upwelling spans were studied and discovered using
the unsupervised method IAP, and a threshold value of 3 was set to the minimum size of
an upwelling span. Mean upwelling temperatures, areas of the obtained upwelled waters
and latitudes of the northernmost and southernmost pixels of the S-STSEC segmentation

results were the features used and explored for the computation of such upwelling spans.

Time Series analysis: When analyzing the results of the S-STSEC segmentations for all
the SST instants for a give upwelling season and the results of the Core-Shell clustering
algorithm, which both are binary matrices, the average temperatures and areas of such
structures are extracted, and time series are created with such features in order to study

the obtained behavior for the upwelling season.

5.4 SST Image Preprocessing

One of the first steps of the work here produced was to find a proper preprocessing
pipeline for the SST images, where the goal was to overcome the over segmentation
problem and prepare the imagery data for the Core-Shell clustering algorithm.

In order to evaluate the impact of such preprocessing method on the S-STSEC algo-
rithm results, this algorithm was applied to the SST averaged images with the original
scale of values and to the SST instants, and the results of both sets of image’s segmenta-
tions were compared.

After a thorough examination, 69 out of 69 segmentations obtained with the S-STSEC
algorithm using SST non preprocessed images were over segmented on the northern
region, while at the same time showed impressive quality and precision on the segmenta-
tions on the southern upwelling region, which can be seen on the middle column images
of Figure 5.4. Such SST images were selected due to the representation of upwelling

scenarios with different intensities.
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Figure 5.4: Comparisons between segmentations of non preprocessed and preprocessed
SST images

After applying the preprocessing method and segmenting the new SST instants, 69
out of 69 images did not present over segmented regions like the ones obtained before,

results that can be perceived on the right column of Figure 5.4.

Despite that, it was noticed that in some particular cases a loss of quality in the
upwelling segmentation results occurred. This can be seen when comparing the last
row’s images, where the segmentation obtained for the southern region of the Portuguese
coast has more detail on the frontier of the non preprocessed image when compared with

the segmentation of the SST instant.
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It was also noted that some over segmented results occurred, while less frequent and
of lower dimensions when compared with the prior segmentation results. Such behavior
can be observed on the northern region of the first row’s image of Figure 5.4, where there
is no upwelling presence but still was recognized a small area of upwelled waters.

With that being said, it is safe to conclude that the preprocessing method discussed is
of great quality and helps to overcome the major problem of over segmentation present in
methods like the S-STSEC algorithm. It is of great interest to improve this preprocessing
technique, in order to improve the quality of the obtained segmentations and to avoid

the low amount of over segmentations obtained.

5.5 Automatic Recognition of Upwelling regions

The 69 SST segmentation results obtained by the S-STSEC algorithm were provided
to and evaluated by two oceanographers with the goal of assessing the quality of the
obtained upwelling regions and how well the segmented regions represented the original

real upwelling regions.

Figure 5.5: Segmented results of two SST instants for the years of 2007 and 2019,
respectively

Two examples of segmentation results can be seen in Figure 5.5, where the high quality

of such can be perceived after applying the preprocessing pipeline and different numbers

50



5.5. AUTOMATIC RECOGNITION OF UPWELLING REGIONS

of upwelling regions segmented can be counted.

In order to evaluate the segmented upwelling regions, a scale of five grades was used
composed by: 1 (bad), 2 (poor), 3 (fair), 4 (good) and 5 (excellent). The grades 1 (bad)
and 2 (poor) were provided to images where the upwelling regions obtained did not
correspond or did not correspond well to the real upwelling regions. The grade 3 (fair)
was provided to results where the upwelling regions obtained had some over or under
segmentation problems or small regions wrongly recognized as upwelling. The grade
4 (good) was given to images where a good representation of the real upwelling region
was obtained by the S-STSEC algorithm and a grade of 5 (excellent) was provided to a
segmentation result which represented perfectly the existing upwelling region.

Thus, in order to evaluate the quality of the segmentations’ results created in this
study of the SST instants for the years 2007, 2015 and 2019, available in annex 1.1, these
were provided to the team of oceanographers and the obtained evaluations can be ana-
lyzed in Table A.1.

Before analyzing the grades provided by the specialists’ team, note that the study
being made here is an objective approach for a subjective problem, thus the grades some-
times differed from different experts for a given binary segmentation result.

Looking at the results for the year of 2007, a mean classification of 3.93 was obtained,
with the lowest value of 2.5 being given to the instants 8 and 10. Such results can be
explained by the over segmented area present in the southern region of the Portuguese
coast and in the instant 8, an upwelling region was detected north of Lisbon where in fact
there is no existing upwelling, which can be seen in Figure 1.8.

The year 2015 was the year when the worst results were obtained, but still with a
mean grade of 3.37, where the lowest ratings were given to the first 6 instants. This is
evident when looking to the segmentations’ results, like the one in Figures 1.24 and 1.27,
where in such instants the upwelling behavior was of low intensity, with low gradients
throughout the whole map and therefore causing the S-STSEC algorithm to detect big
upwelling regions where in fact there are none or of small intensity and size.

Concluding this analysis with the best results, the year of 2019 obtained a mean
grading of 4.13. The worst result for this year was given to the instant 5 which obtained a
grade of 2.0. Looking at Figure .51, while the obtained southern segmentation region for
such instant was of great precision, other two upwelling regions were obtained north of
the first one which were not present in the original image. Other than that, the majority
of the results for this year were of high quality, with the majority of grades higher than
4.0.

In summary, the majority of the results were graded as precise and were considered
very compelling to the experts. Whenever the upwelling event was of moderate to high
intensity, the upwelling segmentation results were overall classified as excellent, with
grades above or equal to 4.0. The noticed downsides of the segmentation algorithm S-
STSEC together with the full preprocessing pipeline was the slight over segmentation

of some existing upwelling regions and the recognition of non-existing small upwelling
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Figure 5.6: First instant of year 2015, where an over segmented upwelling area was
obtained in a SST image with a small upwelling presence throughout the entire coastal
region

areas whenever the upwelling presence was weak throughout an entire SST map, as seen
in Figure 5.6. Another downside of the temperature preprocessing method introduced in
Section 4.2.3 is the handling of the northern and southern coast of Portugal, where the
average orientation of the coastline is no longer a vertical line. This issue can compromise

the results in such areas and will be handled in future works.

5.6 Analysis of Upwelling Regions Time Series

After the segmentation of the SST instants using the S-STSEC algorithm, a study was
made regarding the areas and the temperatures of the segmented upwelling regions
through time. This analysis is fundamental and of high importance since there is the

interest of extracting features to characterize the upwelling trends.

5.6.1 Upwelling vs offshore temperatures

The first study to be conducted was the comparison of the temperatures of the segmented
upwelling regions with the temperatures of the non-upwelling regions. Attending to the
knowledge of coastal upwelling regions, these are characterized as being regions with
generally colder waters when compared to non-upwelling or offshore waters.

When looking at the year 2007 on the top image of Figure 5.7, the mean temper-
atures of the upwelling regions obtained by the S-STSEC algorithm are always colder
when compared to the mean temperature of non-upwelling waters. The upwelled waters’
temperatures also tend to be constant from the instant 13, which represents the moving
average of the weekly SST images starting in August.

When analyzing the mean upwelled waters temperatures’ time series of the years
2015 and 2019 in the middle and bottom graphs respectively of Figure 5.7, these present
a similar pattern to the one in the year of 2007. However, both of these time series
exhibit an unusual behavior in the first 3 instants, where the mean segmented upwelled
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waters’ temperatures are higher than the mean non upwelled waters’ temperatures (mean

temperature of non upwelled waters).

When analyzing the SST averaged images without any preprocessing, these being the
averaged SST images with the original range of temperature values, one can conclude
that the northern non-upwelling regions have a high amount of low temperature pixels,
which is a result of the moving average filter used. Thus, when performing the mean
temperature of the non-upwelling regions, these tend to have a lower mean temperature
than the upwelling regions. It is important to note that such differences are rather small
when compared to how warmer the non-upwelling regions are when compared to the

segmented upwelling regions from the instant 4 onward.

Figure 5.7: Upwelling mean temperatures vs. non-upwelling mean temperatures from
2007, 2015 and 2019 respectively
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5.6.2 Upwelling area analysis

After the temperatures’ time series analysis, a study was made regarding the areas’ time
series. This study was made while looking at the entirety of the SST maps of Portugal,
but also to the regions north of and south of Cabo da Roca, since this is geographic region
of major importance due to upwelling having different behavior north of and south of

such area.

When looking at the areas’ time series for the year 2007 in Figure 5.8, a detail of major
importance was detected. When comparing the areas’ information throughout the series
between the whole SST map and the region north of Cabo da Roca, it was concluded that
these follow a similar pattern. While evaluating the areas of the full SST images, Figure
on the top, one can conclude that from instants 1 to 7, the upwelling areas follow a rather
constant pattern. After this, starting on instant 8 where a minimum of upwelling area is
reached, the upwelling area almost doubles its value until the instant 19, where it reaches
to the maximum upwelling area value for this year. The instant 19 refers to the time
window from approximately the 21 of August 2007 until the 29" of September of the
same year. Then, the upwelling area tends to decrease until the end of the upwelling

season being studied.

Figure 5.8: Areas for the segmented upwelling regions from the SST instants of the year
2007
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It is also important to note that while the upwelling on the region south of Cabo da
Roca tend to increase 38.7% from its minimum value to its maximum value, the upwelling
area north of Cabo da Roca increases 242.3% from its minimum value to its maximum
value, this meaning that a lot of dynamics happened on the region north of Cabo da Roca
in 2007 when compared to the region south of Cabo da Roca.

Moving to the year of 2015, in Figure 5.9, a similar pattern is present between the
whole SST map’s upwelling areas and the upwelling areas on the region north of Cabo da
Roca, like what was stated in the year of 2007. The upwelling behavior throughout the

upwelling season studied is very different when compared with the year of 2007.

Figure 5.9: Areas for the segmented upwelling regions from the SST instants of the year
2015

When looking at the whole SST images’ areas, the upwelling area tends do increase
right from the beginning, ignoring the drop in area from the first instance to the second,
hitting its peak at instant 10, a time window starting approximately on the 10" of June
2015 and ending on the 19" of July 2015, which is around 2 months earlier than the
maximum area value from 2007. After this maximum, the upwelling areas decrease in
small steps throughout the rest of the upwelling season.

When analyzing the whole SST map, the upwelling area grew 95.8% from its lowest
to the highest area values, whether in the regions north of and south of Cabo da Roca,
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the increase from the minimum area value to the maximum area value was of 236.3%
and 77.4% respectively. Once again, the dynamics on the north of Cabo da Roca occurred
with more intensity than on the region south of Cabo da Roca, meeting the 2007 results

discussed previously.

Finally, when analyzing the upwelling areas’ time series of the year 2019, in Figure
5.10, some patterns observed in the previous years persist. The variation in areas of
the full Portuguese upwelling area follows a similar behavior when compared to the
upwelling areas north of Cabo da Roca. This year presents a behavior closer to the one
studied in the year of 2007, where there is an increase of the upwelling areas over time
and where the greater upwelling region is detected at instant 20, correspondent to the
time frame from the 29" of August 2019 until the 7*" of October 2019.

For this year, the maximum variation detected for the full upwelling regions through-
out the entirety of the time window being studied was of 104.7%, the maximum variation
throughout the year for the region north of Cabo da Roca was of 411.2% and the same
metric for the region south of Cabo da Roca was of 30.9%, noticing again the most vari-
ability of upwelling area and thus greater dynamics detected on the region north of Cabo

da Roca.

Figure 5.10: Areas for the segmented upwelling regions from the SST instants of the year
2019
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In summary, it was noticed that in the 3 years here studied and analyzed, the northern
region of Cabo da Roca always presented a more dynamic upwelling activity, where it
grew more from its lowest value when compared to the southern region of Cabo da Roca.

The year 2015 had the most abrupt growth in upwelling area, taking only 3 instants
to go from its lowest area value to the highest area value, whereas the years of 2007 and
2019 had a more conservative growth of segmented upwelling areas throughout the time.
It was also noted that the behavior on the region south of Cabo da Roca never followed
a recurrent pattern during the 3 years studied neither had similarities when compared

with the region north of Cabo da Roca.

5.7 Modelling Upwelling Spans

5.7.1 Unsupervised Time Series Segmentation

In order to evaluate the obtained Core-Shell clusters in an unsupervised manner by the
IAP algorithm and correspondent time series regarding mean temperatures and areas of
such clusters, a small analysis to the computed upwelling spans, which can be observed
in Table 5.1, will be provided.

Upwelling Spans | Year 2007 | Year 2015 | Year 2019
1 1to7 1to3 1to3
2 8to12 4t08 4t07
3 13to 20 9to 14 8to 13
4 21 to 23 15to 23 14 to 23

Table 5.1: Upwelling spans’ composition for each year

While the upwelling seasons for the 3 years were separated into four different up-
welling spans, the years of 2015 and 2019 had very similar upwelling spans. It is impor-
tant to note that the smallest obtained upwelling spans are of length 3, correspondent
to the last span of the year 2007 and to the first span of the years 2015 and 2019, and
the largest upwelling span obtained was the last one of the year 2019 with a length of 10
instants.

For the entirety of the study here produced, the upwelling spans presented in Table

5.1 are the upwelling spans that are to be analyzed and referred to.

5.7.2 Core-Shell Clusters

In order to demonstrate how the construction of such Core-Shell clusters works, the
second upwelling span of the year 2007 will be used as an example. The SST instants of
such upwelling span and correspondent S-STSEC segmentations can be seen in Figure
5.11 and 5.12, respectively.
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Figure 5.11: SST instants that belong to the second upwelling span for the year 2007

Figure 5.12: Bi-partition maps resulted from the segmentation of the second upwelling
span’ SST instants for the year 2007
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After segmenting such SST images, the obtained segmentation maps are used as the
input of the Core-Shell clustering algorithm to build the Core-Shell cluster correspondent

to such upwelling span.

Figure 5.13: Core-Shell cluster for the second upwelling span of the year 2007, with its
fronts plotted on top of the instants that belong to that upwelling span

Moving onto the analysis of the obtained Core-Shell clusters, the output of the Core-
Shell clustering algorithm for the second upwelling span of the year 2007 is shown in
Figure 5.13 on the top left image, as well as its frontiers on top of the instants that are
a part of that same upwelling span. Note that the Core and Shell are represented in
two different colors in the Figure, but the final Core-Shell cluster is defined as the union
of these two structures. The plots of the Core-Shell clusters” fronts for the other three
upwelling spans of the year 2007 and for the years 2015 and 2017 can be inspected in
Annex [.2.

As pretended, the Core represents the pixels with the most constant membership,
these being regions closer to the coastline and represented in light blue, and the obtained
Shell represents the dynamics of every SST instant for the correspondent upwelling span
and is represented in green. The same results were obtained for the other three upwelling
spans of the year 2007, which can be seen in Figure A.9, as well as for the year 2015 and
2019, which can be seen in Figures A.10 and A.11, respectively.

According to the Section 4.5.1, the Core-Shell clustering algorithm has the goal of
maximizing the clustering criterion G presented in eq. (4.9) when building a Core-Shell
cluster. Therefore, looking at Figure 5.14, one can observe the evolution of the G criterion
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when building the second Core-Shell cluster for the year of 2007.

Figure 5.14: Evolution of the clustering criterion G when building the second Core-Shell
cluster for the year 2007

As expected, the clustering criterion G converges to a local maximum when building
the Core-Shell cluster for the second upwelling span of the year 2007, as well as when
building the remaining Core-Shell clusters referent to the first, third and fourth upwelling
spans of that same year, which plots can be observed in Figure A.12.

The evolution of the clustering criterion G for the years of 2015 and 2019 can be
seen in Appendix, in Figures A.13 and A.14, respectively, where the same behavior as
the one mentioned for the year 2007 occurred. All the clustering criterion G here ana-
lyzed converged to a local maximum and followed an alike pattern, therefore concluding
that the goal of minimizing the residual values of the proposed model was reached and

suboptimal Core-Shell clusters were obtained.

5.7.3 Analysis of weekly SST images with upwelling span front delineation

In order to further inspect the results of the Core-Shell clustering algorithm, a fine analy-
sis was made regarding the Cores and Shells obtained for every upwelling season studied.
To do so, for each instant i, with i = 1, 2,...,23, the correspondent Core and Shell were
obtained automatically and plotted with the intention of helping the specialists” analysis
of such results.

Since each instant i is a preprocessed SST averaged image, and each one of these
instants is composed by 5 original weekly SST images, the Core’s and Shell’s frontiers for
the instant i were plotted in each of these 5 images. An example of such composition of
images can be seen in Figure 5.15. In 1.3, the same compositions of images can be seen
for the rest of the year 2007 and for the years of 2015 and 2019.

All the evaluations made by the experts to all the Cores’ and Shell’s frontiers plotted
on top of the images that compose the correspondent SST instant can be observed and
analyzed in Table A.2. Note that the Core plotted for a given instant is the Core for the
upwelling span that the instant belongs to, and the Shell plotted is the Shell Sf, where ¢
is the t'h instant of the correspondent upwelling span.
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Figure 5.15: Computed Core and Shell of instant 13 of the year 2007, with fronts plotted
on top of the original weekly images that compose the SST instant 13

Like the results analyzed in section 5.5, the year when the grades were the lowest was
the year 2015. Given that the Core-Shell clusters are built using the segmentation results
of the correspondent SST instants and since these segmentations for the year 2015 were
the ones with the lowest grades and therefore the least accurate, such inaccuracy was
propagated to the final results of the Core-Shell clusters. Nevertheless, this year received
an average result of 4.26, meaning that even with some inaccurate binary segmentation

results the obtained Cores and Shells represented the upwelling region really well.

The other two years, these being the years 2007 and 2019, received both an average
score of 4.39 and 4.52 respectively. It was noted by the specialists that the Cores” and
Shells’ fronts did usually fit better the second, third and fourth SST original images of a
given SST instant, while not fitting so well the first and fifth SST original image. It was
also noted that the fronts usually fitted the best the center and southern region of the
Portuguese coastline, usually failing on the northern region. This can be explained, again,
by the over segmented results obtained by the S-STSEC algorithm in the beginning of the
upwelling season on the northern region of the Portuguese coastline when segmenting
the SST instants that then are input to the Core-Shell clustering algorithm.

It is important to note that these comparisons made between a front of the Core and
the Shell and 5 SST original images is a tough comparison to do, due to the fact that some
fronts fit well in the northern region of some images, while in other images the fronts fit

better the central or southern region of the SST images.
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Assessment of Core-Shell segmentation results

When analyzing the quality and precision of the computed Core-Shell clusters by
comparing these structures to the SST instants that belong to their correspondent spans,
two similarity measures were used. Note that the inputs for both similarity measures are

S-STSEC segmentations, i.e. binary maps, which are used as ground truths.

Adjusted Rand Index: The first similarity measure to be studied was the ARI [72],
which is a very important and common used index to compare clustering results against
some external criteria. It can also be defined as a measure of agreement between a given
partition and the target data.

In general, this index has values between 0 and 1, a value of 0 whenever two sets being
compared have no agreement between any pair of points, and a value of 1 when two data
clusters are equal to each other.

Given a ground truth P* = {Cj, ..., Cx} and clustering results P = {C,..., Cx} generated
by a clustering algorithm, the ARI between these is defined, using the Permutation model:

i (=[2G OH] /)
HE B+ D) -[Z: Bz, )]/E)

where N is the number of data points in a given data set, Nj; is the number of data

ARI(P*,P) = (5.2)

points of the class label C]”f € P assigned to cluster C; in partition P, N; is the number of
data points in cluster C; of partition P and N; is the number of data points in class C}f
[99].

In this case of study, it was used to measure the similarity between each Core-Shell
cluster and each one of the SST instants belonging to the correspondent upwelling span.
When analyzing the ARI scores for the three years under analysis, which can be
observed in Table 5.2, one can conclude that the majority of the ARI scores obtained are
higher than 0.7 and the mean values of such scores are close to 0.8, which indicates a
high similarity between each Core-Shell cluster and the SST instants’ segmentations that
composed it. The highest ARI scores obtained for each year are highlighted in a bold font.
For the year of 2007, there is not a single instant where the ARI index was lower than
0.7. Adding to that, it is possible to note that the SST instants correspondent to the first
upwelling span and thus, to the first Core-Shell cluster, are the ones that are generally less
similar when compared to the correspondent Core-Shell cluster, but still with a similarity
index greater than the threshold value of 0.7.
Moving on to the year 2015’s results, only the ARI indexes regarding the instants
2 (Figure 1.25), correspondent to the first upwelling span, and 23 (Figure 1.46), which
corresponds to the fourth upwelling span, are lower than the 0.7 threshold value. When
manually inspecting the reason for these lower ARI values, one can conclude that both in-

stants’ segmentations do not have a great upwelling presence in the region north of Cabo
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Upwelling Instants Year 2007 Year 2015 Year 2019
1 0.726 0.766 0.923
2 0.735 0.652 0.799
3 0.725 0.862 0.802
4 0.776 0.703 0.663
5 0.752 0.833 0.787
6 0.724 0.829 0.714
7 0.731 0.822 0.748
8 0.707 0.831 0.775
9 0.789 0.819 0.811
10 0.926 0.820 0.781
11 0.939 0.775 0.813
12 0.928 0.775 0.830
13 0.766 0.772 0.843
14 0.789 0.753 0.790
15 0.812 0.764 0.791
16 0.825 0.776 0.808
17 0.835 0.773 0.805
18 0.841 0.747 0.811
19 0.851 0.721 0.798
20 0.791 0.722 0.819
21 0.911 0.709 0.821
22 0.913 0.725 0.769
23 0.888 0.676 0.763

Mean 0,812+ 0,076 | 0,766 + 0,055 | 0,794 + 0,048

Table 5.2: ARI scores when Core-Shell clusters were compared to the correspondent
upwelling instants

da Roca while the correspondent Core-Shell clusters present higher upwelling intensity

in such region.

Finally, regarding the year 2019, only the ARI score for the instant 4 (Figure 1.50),
correspondent to the second upwelling span, is under the 0.7 threshold. The northern
region of the Core-Shell cluster for the second instant has high presence on the northern
region which extends to the offshore waters. This behavior occurred due to the obtained
S-STSEC segmentation of instant 5 (Figure 1.51), which got an over segmented result on
the northern region of Cabo da Roca and thus contributed to the presence of such a big
upwelling region on the northern region of the obtained Core-Shell cluster. For the rest
of the year, the ARI index scores show a very good similarity between the Core-Shell
clusters obtained and the SST instants’ segmentations that belong to each Core-Shell

cluster’s upwelling span.

When looking at the overall results regarding the ARI similarities, all the years got
an average for these scores above 0.76 and standard deviations lower than 0.08, which
shows that overall the partitions obtained by the IAP method are of high quality without
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significant deviations from the average results obtained, which allows to obtain Core-
Shell clusters for each upwelling span that represent very well the SST segmentations of

the instants that belong to it.

Kulczynski Similarity Index: After inspecting the ARI index scores, a more precise
evaluation analysis was conducted, where a similarity measure was used to validate the
obtained Core-Shell clusters based on the Kulczynski Similarity (KS) index [47].

This new measure was introduced in [102] by Zakani et al. called the Weighted
Kulczynski Similarity (WKS) index. This index has an advantage when compared to the
original measure, which is allowing the comparison of one single cluster, for example a
segmentation result, with a set of associated ground-truth clusters.

Let {Sy,...,S,} be the set of ground truths where each S; = {Rél_,...,R’gi} is a ground
truth segmentation and A = {R} ,..,R’}'} the result partition from a given segmentation
algorithm. First, for each qu, its optimal correspondent segments jo is searched for every

available ground truth as follows:

iy = nmxj(maxkllRil N RI§J,||) (5.3)

Then, the Kul Similarity index between each pair qu and R;ﬁ is computed using the
]

formula:

C o IRy N R | IR} Ry |
KS(RA’ RS/) - E i iy i iy * i iy iy i !
IRS MR I+ IR \RE I IR AR [1+[IRE \ Ryl

(5.4)

with ||x|| being the cardinality of the set x and \ the set difference operation. The WKS
is then computed as the average of all the Kul Similarity indexes computed:

" KS(RI,RY)
WKS(A,{S,)) = — ! (5.5)

For the present study, this is an interesting measure because it allows to compare each
obtained Core-Shell cluster with all the SST instants” segmentations from which it was
built.

Moving on to the analysis of the obtained WKS index, in the study made from Zakani
et al., the results were classified as very good segmentations when these had values above
0.8 for the WKS index, like the scale used in the Jaccard similarity index [40], and were
classified as perfect segmentations when these values were closer to a value of 1.

It is yet important to note that the segmentations being analyzed in the present study
are of greater difficulty and thus more challenging due to the fact that the upwelling
patterns are blurred and with a not well-defined front separating these regions from a

non-upwelling region.
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Core-Shell Clusters Year 2007 Year 2015 Year 2019
1 0.857 0.866 0.895
2 0.902 0.882 0.855
3 0.885 0.875 0.882
4 0.919 0.857 0.878
Mean 0.891 + 0.026 | 0.870 + 0.011 | 0.878 + 0.017

Table 5.3: Weighted Kulczynski similarity indexes when comparing each Core-Shell
cluster with the SST instants’ segmentations that composed it for each year

When looking at the obtained WKS scores, one can conclude that the results for
all the similarities between each Core-Shell cluster and its correspondent SST instants’
segmentations are greater than 0.8. Note that the second upwelling span of the year
2019 was the one with the lowest WKS index value despite still being well above the 0.8
threshold.

Looking at the average WKS scores for each year, one can conclude that these are
very close to 0.9, with a low standard deviation that is never above 0.026, confirming the
quality of the obtained results.

In summary the WKS similarities between the Core-Shell clusters and the correspon-
dent SST instants’ segmentations received a classification between relatively good results

and perfect results, which is concordant with the ARI similarities” analysis.

5.8 Analysis of Upwelling Spans Time Series

Having all the Core-Shell clusters correspondent to all the upwelling spans for a given
year, several features were extracted and used to create several new time series, each one
of these being called an upwelling span time series.

Like the time series analyzed in Section 5.6, the mean, minimum, maximum and
median temperatures of the Cores, Shells and complete Core-Shell clusters were obtained,
along with the temperature differences between the Core’s region and the non-upwelling
regions, and the areas of such obtained structures.

All the collected information about each feature for each year was divided into 3 time
series: 1 for the full map of the Portuguese coast, 1 for the region north of Cabo da Roca,
and 1 for the region south of Cabo da Roca.

5.8.1 Analysis of Core upwelling vs offshore temperatures over upwelling

spans

The first analysis to be made was the comparison of the mean Cores’ temperatures with
the mean non upwelled waters’ temperatures, which plots can be observed in Figure 5.16
for the years 2007, 2015, 2019.
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Figure 5.16: Comparison of the mean core’s temperatures with the mean non-upwelling
waters’ temperatures for the years 2007, 2015 and 2019

The results are as expected regarding the year 2007, where the average Core’s temper-
atures are very distinct and of lower values than the mean non upwelled waters’ temper-
atures. This difference is smaller when the upwelling presence is of lower intensity, but
as the upwelling activity tends to increase throughout the year, the differences between
the obtained average Cores’ and non upwelled waters’ temperatures increase as well.

The same pattern can be observed for the years of 2015 and 2019 in the middle and
bottom Figures, where the mean Cores’ temperatures are generally lower when compared
to the mean non upwelled waters’ temperatures. Such does not happen in the first
three instants for both years due to small over segmented results regarding the S-STSEC
segmentations of such instants, like it was noted in Section 5.5.

Regarding all the three years under study, it was also noted that a strong increase
in the gradient between the Core’s and non upwelled waters’ temperatures between the
instants 9 and 11 occurs, which coincides with summer where the upwelling events tend

to get stronger.
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Overall, the results presented for the three years being studied were as expected when
looking at the comparison between the Core’s temperatures and the mean non upwelled
waters’ temperatures, thus validating the method for obtention of the Cores of the Core-
Shell clusters.

5.8.2 Analysis of Core-Shell temperatures over upwelling spans

Moving on to the analysis regarding the comparison and analysis between the S-STSEC
instants segmentations’, whole Core-Shell clusters’, Cores’ and Shells’ mean temperatures
throughout a given year, the temperatures are analyzed looking at the entire Portuguese

coastline as whole, and also to the regions north of and south of Cabo da Roca.

Figure 5.17: Mean temperatures for the segmented upwelling regions, Cores, Shells and
Core-Shell clusters of the year 2019 on the region south of Cabo da Roca. Upwelling
span 1 contains instants 1 to 3, upwelling span 2 contains instants 4 to 7, upwelling span
3 contains instants 8 to 13 and upwelling span 4 contains instants 14 to 23
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When looking at the average temperatures of the structures aforementioned for the
years of 2007, in Figures A.1, A.2 and A.3, 2015 in Figures A.4, A.5 and A.6 and 2019 in
Figures A.7, A.8 and 5.17, all of these show a steady increase of mean water temperatures
throughout the defined upwelling season, reaching a maximum average temperature

value in the second half of each season.

For the years of 2007 and 2019, the average temperatures of the Cores” and Shells’
regions are very similar in the first half of the upwelling season. From then on, the
differences between these tend to increase and maintain a greater difference for the second
half of the upwelling season. Regarding the year of 2015, the average temperatures of the

Cores and Shells keep a constant difference throughout the entire upwelling season.

Regarding the Cores’ and Shells’ average temperatures, it is important to remember
that the Cores are supposed to have a lower average temperature when compared to the
Shells” when looking at the same instant. When looking at the average temperature on
the regions north of and south of Cabo da Roca, it is important to note that this behavior
happens much more clearly on the regions south of Cabo da Roca, while on the regions
North of Cabo da Roca, the sea surface temperatures of the Shells regions are sometimes
lower than the Cores’ temperatures. This can be explained by the obtained S-STSEC
segmentations of the first few instants of the upwelling seasons studied on the northern
region of the Portuguese coastal waters, where like aforementioned, over segmented

results were obtained.

The desired behavior regarding the temperatures of the obtained Cores” and Shells’
regions can be well observed in Figure 5.17, which refers to the region south of Cabo da
Roca for the year of 2019 and where the temperatures of the Cores are always considerably

lower than the temperatures of the Shells.

5.8.3 Analysis of Core-Shell areas over upwelling spans

Finalizing the analysis with the area’s time series, a comparison was made between the ar-
eas of 4 different derived structures: the SST instants segmentations’ results, the obtained
Core-Shell clusters, and the Cores and Shells obtained for the previously mentioned Core-
Shell clusters.

When looking at all the information regarding the computed areas for the years 2007,
2015 and 2019 correspondent to the Figures 5.18, 5.19 and 5.20 respectively, there are
some existing details in common between the 3 years. Note that since a single upwelling
span only has a single Core-Shell cluster, composed by 1 core and N shells, for each
instant n € N, the area of the Core-Shell cluster is the result of the sum between the

Core’s area and the Shell’s area of such instant n.

One detail that was perceived in this analysis was that the Shells have a varying area
through time with a pattern very similar to the Core-Shell clusters’ and SST instants
segmentations’ areas. This happens because the Shells represent the dynamics of a given
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Figure 5.18: Computed areas for the whole Portuguese coast and regions north of and
south of Cabo da Roca for the year 2007 regarding the SST instants segmentation results,
the obtained Core-Shell clusters, and the Cores and Shells of the respective Core-Shell
clusters

upwelling region during an upwelling season. With this statement, it is possible to con-
clude that, for each year here studied, the Shells are correctly representing the dynamics

of the entire upwelling season.

When comparing the areas of the full Portuguese coast with the regions south of and
north of Cabo da Roca, it is possible to observe that the Cores” and Shells’ areas of the
region north of Cabo da Roca, for the 3 years, follow a similar pattern to the Cores’ and

Shells’ areas of the full Portuguese coast.

Unlike the region north of Cabo da Roca, the region south of Cabo da Roca presents a
very distinct behavior when compared to the region north of Cabo da Roca and the full
Portuguese coast, thus not presenting any common behavior when comparing to these

two time series.

Concluding such analysis of the upwelling span time series for the 3 years being
studied, it is important to note that the Shells capture correctly the pretended dynamic
behavior of the upwelling events under research, and the areas north of Cabo da Roca of
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Figure 5.19: Computed areas for the whole Portuguese coast and regions north of and
south of Cabo da Roca for the year 2015 regarding the SST instants segmentation results,
the obtained Core-Shell clusters, and the Cores and Shells of the respective Core-Shell
clusters

all the structures under analysis in this Section follow an alike behavior when compared

to the entirety of the Portuguese coast region.

5.9 Summary

All the experiments belonging to the experimental study were done using a 15-inch
MacBook Pro 2018, with a 2.2 GHz 6-Core Intel Core i7 processor, 16 GB 2400 MHz
DDR4 of memory and a Radeon Pro 555X 4 GB graphics card, on the macOS Big Sur

version 11.6 operating system.

5.9.1 Running time of experiments

The average time of running each step of the experimental study for one SST image,
excluding the Core-Shell clustering algorithm step where the times are regarding the

whole experiment, are as follows:
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Figure 5.20: Computed areas for the whole Portuguese coast and regions north of and
south of Cabo da Roca for the year 2019 regarding the SST instants segmentation results,
the obtained Core-Shell clusters, and the Cores and Shells of the respective Core-Shell
clusters

* Preprocessing pipeline: 12.6 seconds

S-STSEC segmentations: 15.6 seconds

* Definition of upwelling spans by IAP: 0.47 seconds

Core-Shell clustering algorithm:

— 2007: 5:57 mins
— 2015: 10:50 mins

— 2019: 18:37 mins
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It is important to note that the variable which impacted the most the running time
of the experiments for each year was the length T of the defined upwelling spans. Since
in this step there is an exponential number of combinations to be tested 27, the aver-
age running time increases exponentially whenever the length T of a defined upwelling
span increases by 1. Therefore, looking at the running time of the Core-Shell clustering

algorithm for different T values:
e T=3: 00:08 mins;
e T=4: 00:14 mins;
e T=5: 00:26 mins;
e T=6: 00:54 mins;
e T=7:01:42 mins;
e T=8: 03:43 mins;
e T=9: 09:13 mins;

e T=10: 17:27 mins.

5.9.2 Outlook of the obtained results

Looking at the results obtained, the preprocessing pipeline developed demonstrated to
be very successful, not only eliminating and overcoming almost completely the issue
of over segmentation but also removing any unwanted noise from a set of SST images.
Such method shown to not work as well on the regions where the coast had a non-vertical
orientation, these being the northern and southern coasts of Portugal. Despite these small
setbacks, the results obtained were already very promising and of high quality.

With a good preprocessing method implemented, the S-STSEC algorithm shown once
again its precision and efficiency when segmenting upwelling regions from SST imagery
data, obtaining very good grades by the team of experts who evaluated the obtained
segmentations. This algorithm shown to be more effective whenever the upwelling event
was of greater intensity, causing small over segmented results in very few occurrences of
low intensity upwelling events.

For the unsupervised definition of the upwelling spans, the IAP algorithm shown
to be appropriate for such task. Having the upwelling spans, the Core-Shell clustering
algorithm obtained Cores and respective Shells that captured very well the constant
and dynamic regions of the upwelling events studied. When the results were analyzed
using the ARI and WKS measures, these shown that the use of the IAP algorithm for
the unsupervised upwelling span discovery and the Core-Shell clustering algorithm is of
high proficiency and quality to model upwelling spans.

72



6

Conclusion and Future Work

6.1 Main Contributions

The work here developed started with the creation of a preprocessing pipeline, with the
goals of overcoming the explosion problem present in segmentations provided by SRG
based algorithms, like the S-STSEC algorithm, and also with the goal of preparing a set
of SST images for the Core-Shell clustering algorithm also developed.

A moving average filter was implemented to prepare a set of weekly SST images to
be used by the Core-Shell clustering algorithm. Such procedure also helped to remove
white noise from the images. This method produced a smoother time series of averaged
SST images, ready to be preprocessed. The averaged SST images looked natural and with
good quality, allowing for an easier perception of the evolution of the upwelling regions

through time.

The smoothing of the North-South temperature gradient and the Enhancement of the
East-West temperature gradient were the two methods developed to tackle the explosion
problem. These methods, when used together, allowed to get much improved segmenta-
tion results when using the S-STSEC algorithm, avoiding the over segmented areas on the
northern region of the Portuguese coast. Such segmentations were reviewed by two ex-
perts, who stated that the results were very promising and of good precision. When using
the S-STSEC algorithm alongside with the two preprocessing methods aforementioned,
the segmentation results tend to be better when the upwelling presents a higher intensity.
Whenever an upwelling episode was of lower intensity, the segmentation results were of

lower but still of satisfactory quality.

Several features were obtained from the S-STSEC segmentations’ time series, like the
upwelled waters’ area, mean temperatures of the upwelled waters and mean temperatures
of the offshore waters, and such were analyzed and compared with the real world behavior,
coming to the conclusion that the obtained upwelling segmentations represented very
well the real world behavior of upwelling regions, regarding not only the areas but also
the upwelling temperatures for the region of Portugal through time.
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Such features were also used to perform time series segmentation using the IAP al-
gorithm, with the intent of obtaining several upwelling spans for each upwelling season
where in each one the upwelling behavior was similar and followed a constant pattern.

When looking at the Core-Shell clusters created by the Core-Shell clustering algorithm
from the upwelling spans created by the IAP algorithm, these represented very well the
correspondent upwelling spans. Such statement is backed by the experts’ evaluations of
such representations.

The obtained Shells for the Core-Shell clusters managed to represent properly the
dynamics of the upwelling events when looking at the time series of the Shells” and Cores’
areas and temperatures through time.

It is also possible to conclude the effectiveness of the unsupervised upwelling span
discovery method, due to the fact that when comparing the obtained Core-Shell clus-
ters with the SST images from the correspondent spans, the average similarity measures
obtained were higher than 85%.

6.2 Future Work
The future work following the progress made in the current dissertation is as follows:

1. Improve the method for the East-West temperature gradient enhancement, to over-
come the slight over segmented results that rarely occur when segmenting SST

images using the S-STSEC algorithm;

2. Improve the approach when applied to massive data of a given geographical loca-

tion;

3. Extend the approach for other geographical locations of the globe. A good adapt-
ability is expected due to previous results obtained by the S-STSEC algorithm [58];

4. Develop a more robust unsupervised approach for the time series segmentation

procedure, with the goal of describing coastal upwelling profiles;
5. Improve the Core-Shell clustering method and validation protocol;

6. Develop a comparison study between the IAP algorithm and the SWAB algorithm

for the task of time series segmentation.
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Appendix 1

A.1 Instants S-STSEC segmentations’ evaluations

Upwelling Instants | Evaluation 2007 | Evaluation 2015 | Evaluation 2019
1 4.5 2.0 3.5
2 4.5 2.0 4.0
3 4.5 2.0 4.0
4 4.0 2.5 3.5
5 4.0 3.0 2.0
6 3.5 2.5 3.5
7 4.0 3.0 4.0
8 2.5 3.5 4.0
9 3.5 3.5 4.5
10 2.5 3.5 4.5
11 3.5 4.0 4.5
12 4.0 4.0 4.5
13 4.0 3.5 5.0
14 5.0 3.5 5.0
15 4.5 3.5 4.0
16 4.5 4.5 4.5
17 4.0 4.0 4.5
18 4.0 4.5 4.0
19 3.5 3.5 4.0
20 4.0 4.0 4.5
21 4.5 3.5 4.0
22 3.5 4.0 4.5
23 4.0 3.5 4.5

Mean 3.93+£0.80 3.37 £ 0.97 4.13+0.78

Table A.1: Evaluations of the S-STSEC segmentations regarding the fully preprocessed
SST moving averages
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A.1. INSTANTS S-STSEC SEGMENTATIONS” EVALUATIONS

Upwelling Instants | Evaluation 2007 | Evaluation 2015 | Evaluation 2019
1 4.0 2.0 3.0
2 4.0 3.0 4.0
3 5.0 3.0 4.0
4 5.0 3.0 4.0
5 5.0 4.0 4.0
6 5.0 4.0 5.0
7 5.0 4.0 5.0
8 5.0 5.0 5.0
9 5.0 5.0 5.0
10 5.0 5.0 5.0
11 4.0 5.0 5.0
12 5.0 5.0 5.0
13 5.0 4.0 5.0
14 5.0 5.0 4.0
15 5.0 4.0 5.0
16 4.0 5.0 5.0
17 4.0 5.0 4.0
18 3.0 5.0 4.0
19 3.0 5.0 5.0
20 3.0 5.0 5.0
21 4.0 4.0 5.0
22 4.0 4.0 4.0
23 4.0 4.0 4.0

Mean 4.39+£0.72 4.26 £ 0.86 4.52 £ 0.59

Table A.2: Evaluations of the Core’s and Shell’s delineation on the 5 original SST images
that compose each SST average map
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APPENDIX A. APPENDIX 1

A.2 Time Series

Figure A.1: Mean temperatures for the segmented upwelling regions, Cores, Shells and
Core-Shell clusters of the year 2007. Upwelling span 1 contains instants 1 to 7,
upwelling span 2 contains instants 8 to 12, upwelling span 3 contains instants 13 to 20
and upwelling span 4 contains instants 21 to 23
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A.2. TIME SERIES

Figure A.2: Mean temperatures for the segmented upwelling regions, Cores, Shells and
Core-Shell clusters of the year 2007 on the region north of Cabo da Roca. Upwelling
span 1 contains instants 1 to 7, upwelling span 2 contains instants 8 to 12, upwelling

span 3 contains instants 13 to 20 and upwelling span 4 contains instants 21 to 23
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Figure A.3: Mean temperatures for the segmented upwelling regions, Cores, Shells and
Core-Shell clusters of the year 2007 on the region south of Cabo da Roca. Upwelling
span 1 contains instants 1 to 7, upwelling span 2 contains instants 8 to 12, upwelling

span 3 contains instants 13 to 20 and upwelling span 4 contains instants 21 to 23
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A.2. TIME SERIES

Figure A.4: Mean temperatures for the segmented upwelling regions, Cores, Shells and
Core-Shell clusters of the year 2015. Upwelling span 1 contains instants 1 to 3,
upwelling span 2 contains instants 4 to 8, upwelling span 3 contains instants 9 to 14 and
upwelling span 4 contains instants 15 to 23
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Figure A.5: Mean temperatures for the segmented upwelling regions, Cores, Shells and
Core-Shell clusters of the year 2015 on the region north of Cabo da Roca. Upwelling
span 1 contains instants 1 to 3, upwelling span 2 contains instants 4 to 8, upwelling span
3 contains instants 9 to 14 and upwelling span 4 contains instants 15 to 23
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A.2. TIME SERIES

Figure A.6: Mean temperatures for the segmented upwelling regions, Cores, Shells and
Core-Shell clusters of the year 2015 on the region south of Cabo da Roca. Upwelling
span 1 contains instants 1 to 3, upwelling span 2 contains instants 4 to 8, upwelling span
3 contains instants 9 to 14 and upwelling span 4 contains instants 15 to 23
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Figure A.7: Mean temperatures for the segmented upwelling regions, Cores, Shells and
Core-Shell clusters of the year 2019. Upwelling span 1 contains instants 1 to 3,
upwelling span 2 contains instants 4 to 7, upwelling span 3 contains instants 8 to 13 and
upwelling span 4 contains instants 14 to 23
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A.2. TIME SERIES

Figure A.8: Mean temperatures for the segmented upwelling regions, Cores, Shells and
Core-Shell clusters of the year 2019 on the region north of Cabo da Roca. Upwelling
span 1 contains instants 1 to 3, upwelling span 2 contains instants 4 to 7, upwelling span
3 contains instants 8 to 13 and upwelling span 4 contains instants 14 to 23
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A.3 Core-Shell Clustering Algorithm Results

A.3.1 Core-Shell clusters results

Figure A.9: First, third and forth Core-Shell clusters for the year 2007
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A.3. CORE-SHELL CLUSTERING ALGORITHM RESULTS

Figure A.10: Core-Shell clusters for the year 2015
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Figure A.11: Core-Shell clusters for the year 2019
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A.3. CORE-SHELL CLUSTERING ALGORITHM RESULTS

A.3.2 Convergence of the clustering criterion G

Figure A.12: Convergence of the clustering criterion G when building the first, third and
fourth Core-Shell clusters for the year 2007

Figure A.13: Convergence of the clustering criterion G when building the four
Core-Shell clusters for the year 2015
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Figure A.14: Convergence of the clustering criterion G when building the four
Core-Shell clusters for the year 2019
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Annex 1

I.1 Instants S-STSEC segmentations’ results

I.1.1 Year 2007

Figure I.1: Segmentation of instant 1 from 2007

Figure I.2: Segmentation of instant 2 from 2007
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Figure I.3: Segmentation of instant 3 from 2007

Figure I.4: Segmentation of instant 4 from 2007

Figure I.5: Segmentation of instant 5 from 2007
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I[.1. INSTANTS S-STSEC SEGMENTATIONS’ RESULTS

Figure I.6: Segmentation of instant 6 from 2007

Figure I.7: Segmentation of instant 7 from 2007

Figure 1.8: Segmentation of instant 8 from 2007
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ANNEXI. ANNEX 1

Figure I1.9: Segmentation of instant 9 from 2007

Figure I.10: Segmentation of instant 10 from 2007

Figure I.11: Segmentation of instant 11 from 2007
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I[.1. INSTANTS S-STSEC SEGMENTATIONS’ RESULTS

Figure I.12: Segmentation of instant 12 from 2007

Figure I.13: Segmentation of instant 13 from 2007

Figure 1.14: Segmentation of instant 14 from 2007
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Figure I.15: Segmentation of instant 15 from 2007

Figure I.16: Segmentation of instant 16 from 2007

Figure 1.17: Segmentation of instant 17 from 2007
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I[.1. INSTANTS S-STSEC SEGMENTATIONS’ RESULTS

Figure I.18: Segmentation of instant 18 from 2007

Figure I.19: Segmentation of instant 19 from 2007

Figure 1.20: Segmentation of instant 20 from 2007

107



ANNEXI. ANNEX 1

Figure I.21: Segmentation of instant 21 from 2007

Figure 1.22: Segmentation of instant 22 from 2007

Figure 1.23: Segmentation of instant 23 from 2007
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I[.1. INSTANTS S-STSEC SEGMENTATIONS’ RESULTS

I.1.2 Year 2015

Figure 1.24: Segmentation of instant 1 from 2015

Figure 1.25: Segmentation of instant 2 from 2015

Figure 1.26: Segmentation of instant 3 from 2015
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Figure 1.27: Segmentation of instant 4 from 2015

Figure 1.28: Segmentation of instant 5 from 2015

Figure 1.29: Segmentation of instant 6 from 2015
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I[.1. INSTANTS S-STSEC SEGMENTATIONS’ RESULTS

Figure 1.30: Segmentation of instant 7 from 2015

Figure 1.31: Segmentation of instant 8 from 2015

Figure 1.32: Segmentation of instant 9 from 2015
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Figure 1.33: Segmentation of instant 10 from 2015

Figure 1.34: Segmentation of instant 11 from 2015

Figure 1.35: Segmentation of instant 12 from 2015
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I[.1. INSTANTS S-STSEC SEGMENTATIONS’ RESULTS

Figure 1.36: Segmentation of instant 13 from 2015

Figure 1.37: Segmentation of instant 14 from 2015

Figure 1.38: Segmentation of instant 15 from 2015
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ANNEXI. ANNEX 1

Figure 1.39: Segmentation of instant 16 from 2015

Figure 1.40: Segmentation of instant 17 from 2015

Figure 1.41: Segmentation of instant 18 from 2015
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Figure 1.42: Segmentation of instant 19 from 2015

Figure 1.43: Segmentation of instant 20 from 2015

Figure 1.44: Segmentation of instant 21 from 2015
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Figure 1.45: Segmentation of instant 22 from 2015

Figure 1.46: Segmentation of instant 23 from 2015
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I.1.3 Year 2019

Figure 1.47: Segmentation of instant 1 from 2019

Figure 1.48: Segmentation of instant 2 from 2019

Figure 1.49: Segmentation of instant 3 from 2019
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Figure 1.50: Segmentation of instant 4 from 2019

Figure I.51: Segmentation of instant 5 from 2019

Figure 1.52: Segmentation of instant 6 from 2019
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Figure 1.53: Segmentation of instant 7 from 2019

Figure 1.54: Segmentation of instant 8 from 2019

Figure 1.55: Segmentation of instant 9 from 2019
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ANNEXI. ANNEX 1

Figure 1.56: Segmentation of instant 10 from 2019

Figure 1.57: Segmentation of instant 11 from 2019

Figure 1.58: Segmentation of instant 12 from 2019
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I[.1. INSTANTS S-STSEC SEGMENTATIONS’ RESULTS

Figure 1.59: Segmentation of instant 13 from 2019

Figure 1.60: Segmentation of instant 14 from 2019

Figure 1.61: Segmentation of instant 15 from 2019
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Figure 1.62: Segmentation of instant 16 from 2019

Figure 1.63: Segmentation of instant 17 from 2019

Figure 1.64: Segmentation of instant 18 from 2019
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I[.1. INSTANTS S-STSEC SEGMENTATIONS’ RESULTS

Figure 1.65: Segmentation of instant 19 from 2019

Figure 1.66: Segmentation of instant 20 from 2019

Figure 1.67: Segmentation of instant 21 from 2019
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Figure 1.68: Segmentation of instant 22 from 2019

Figure 1.69: Segmentation of instant 23 from 2019
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[.2. CORE-SHELL CLUSTERS RESULTS OVER UPWELLING SPANS

I.2 Core-Shell Clusters Results over Upwelling Spans

I.2.1 Year 2007

Figure 1.70: Core-Shell cluster for the first upwelling span of the year 2007
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Figure I.71: Core-Shell cluster for the third upwelling span of the year 2007
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[.2. CORE-SHELL CLUSTERS RESULTS OVER UPWELLING SPANS

Figure 1.72: Core-Shell cluster for the fourth upwelling span of the year 2007

127



ANNEXI. ANNEX 1

I.2.2 Year 2015

Figure 1.73: Core-Shell cluster for the first upwelling span of the year 2015
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[.2. CORE-SHELL CLUSTERS RESULTS OVER UPWELLING SPANS

Figure 1.74: Core-Shell cluster for the second upwelling span of the year 2015
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Figure 1.75: Core-Shell cluster for the third upwelling span of the year 2015
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[.2. CORE-SHELL CLUSTERS RESULTS OVER UPWELLING SPANS

Figure 1.76: Core-Shell cluster for the fourth upwelling span of the year 2015
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I.2.3 Year 2019

Figure 1.77: Core-Shell cluster for the first upwelling span of the year 2019
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[.2. CORE-SHELL CLUSTERS RESULTS OVER UPWELLING SPANS

Figure 1.78: Core-Shell cluster for the second upwelling span of the year 2019
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Figure 1.79: Core-Shell cluster for the third upwelling span of the year 2019
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[.2. CORE-SHELL CLUSTERS RESULTS OVER UPWELLING SPANS

Figure 1.80: Core-Shell cluster for the fourth upwelling span of the year 2019
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I.3 Original SST images with Core and Shell front delineation

I.3.1 Year 2007

Figure 1.81: Fronts regarding instant 1 of year 2007
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[.3. ORIGINAL SST IMAGES WITH CORE AND SHELL FRONT DELINEATION

Figure 1.82: Fronts regarding instant 2 of year 2007

Figure 1.83: Fronts regarding instant 3 of year 2007
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Figure 1.84: Fronts regarding instant 4 of year 2007

Figure 1.85: Fronts regarding instant 5 of year 2007
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[.3. ORIGINAL SST IMAGES WITH CORE AND SHELL FRONT DELINEATION

Figure 1.86: Fronts regarding instant 6 of year 2007

Figure 1.87: Fronts regarding instant 7 of year 2007
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Figure 1.88: Fronts regarding instant 8 of year 2007

Figure 1.89: Fronts regarding instant 9 of year 2007

140



[.3. ORIGINAL SST IMAGES WITH CORE AND SHELL FRONT DELINEATION

Figure 1.90: Fronts regarding instant 10 of year 2007

Figure 1.91: Fronts regarding instant 11 of year 2007
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Figure 1.92: Fronts regarding instant 12 of year 2007

Figure 1.93: Fronts regarding instant 13 of year 2007
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[.3. ORIGINAL SST IMAGES WITH CORE AND SHELL FRONT DELINEATION

Figure 1.94: Fronts regarding instant 14 of year 2007

Figure 1.95: Fronts regarding instant 15 of year 2007
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Figure 1.96: Fronts regarding instant 16 of year 2007

Figure 1.97: Fronts regarding instant 17 of year 2007
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[.3. ORIGINAL SST IMAGES WITH CORE AND SHELL FRONT DELINEATION

Figure 1.98: Fronts regarding instant 18 of year 2007

Figure 1.99: Fronts regarding instant 19 of year 2007
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Figure 1.100: Fronts regarding instant 20 of year 2007

Figure 1.101: Fronts regarding instant 21 of year 2007
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Figure 1.102: Fronts regarding instant 22 of year 2007

Figure 1.103: Fronts regarding instant 23 of year 2007
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I.3.2 Year 2015

Figure I.104: Fronts regarding instant 1 of year 2015
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[.3. ORIGINAL SST IMAGES WITH CORE AND SHELL FRONT DELINEATION

Figure 1.105: Fronts regarding instant 2 of year 2015

Figure 1.106: Fronts regarding instant 3 of year 2015
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Figure 1.107: Fronts regarding instant 4 of year 2015

Figure 1.108: Fronts regarding instant 5 of year 2015
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[.3. ORIGINAL SST IMAGES WITH CORE AND SHELL FRONT DELINEATION

Figure 1.109: Fronts regarding instant 6 of year 2015

Figure 1.110: Fronts regarding instant 7 of year 2015
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Figure I.111: Fronts regarding instant 8 of year 2015

Figure 1.112: Fronts regarding instant 9 of year 2015
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[.3. ORIGINAL SST IMAGES WITH CORE AND SHELL FRONT DELINEATION

Figure 1.113: Fronts regarding instant 10 of year 2015

Figure 1.114: Fronts regarding instant 11 of year 2015
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Figure 1.115: Fronts regarding instant 12 of year 2015

Figure 1.116: Fronts regarding instant 13 of year 2015
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[.3. ORIGINAL SST IMAGES WITH CORE AND SHELL FRONT DELINEATION

Figure 1.117: Fronts regarding instant 14 of year 2015

Figure 1.118: Fronts regarding instant 15 of year 2015
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Figure 1.119: Fronts regarding instant 16 of year 2015

Figure 1.120: Fronts regarding instant 17 of year 2015
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[.3. ORIGINAL SST IMAGES WITH CORE AND SHELL FRONT DELINEATION

Figure 1.121: Fronts regarding instant 18 of year 2015

Figure 1.122: Fronts regarding instant 19 of year 2015
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Figure 1.123: Fronts regarding instant 20 of year 2015

Figure 1.124: Fronts regarding instant 21 of year 2015
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[.3. ORIGINAL SST IMAGES WITH CORE AND SHELL FRONT DELINEATION

Figure 1.125: Fronts regarding instant 22 of year 2015

Figure 1.126: Fronts regarding instant 23 of year 2015
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I.3.3 Year 2019

Figure I.127: Fronts regarding instant 1 of year 2019
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[.3. ORIGINAL SST IMAGES WITH CORE AND SHELL FRONT DELINEATION

Figure 1.128: Fronts regarding instant 2 of year 2019

Figure 1.129: Fronts regarding instant 3 of year 2019
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Figure 1.130: Fronts regarding instant 4 of year 2019

Figure 1.131: Fronts regarding instant 5 of year 2019
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[.3. ORIGINAL SST IMAGES WITH CORE AND SHELL FRONT DELINEATION

Figure 1.132: Fronts regarding instant 6 of year 2019

Figure 1.133: Fronts regarding instant 7 of year 2019
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Figure 1.134: Fronts regarding instant 8 of year 2019

Figure 1.135: Fronts regarding instant 9 of year 2019
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[.3. ORIGINAL SST IMAGES WITH CORE AND SHELL FRONT DELINEATION

Figure 1.136: Fronts regarding instant 10 of year 2019

Figure 1.137: Fronts regarding instant 11 of year 2019
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Figure 1.138: Fronts regarding instant 12 of year 2019

Figure 1.139: Fronts regarding instant 13 of year 2019
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[.3. ORIGINAL SST IMAGES WITH CORE AND SHELL FRONT DELINEATION

Figure 1.140: Fronts regarding instant 14 of year 2019

Figure 1.141: Fronts regarding instant 15 of year 2019
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Figure 1.142: Fronts regarding instant 16 of year 2019

Figure 1.143: Fronts regarding instant 17 of year 2019
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Figure 1.144: Fronts regarding instant 18 of year 2019

Figure 1.145: Fronts regarding instant 19 of year 2019
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Figure 1.146: Fronts regarding instant 20 of year 2019

Figure 1.147: Fronts regarding instant 21 of year 2019
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[.3. ORIGINAL SST IMAGES WITH CORE AND SHELL FRONT DELINEATION

Figure 1.148: Fronts regarding instant 22 of year 2019

Figure 1.149: Fronts regarding instant 23 of year 2019
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Subsidiary Results

II.1 Distances of upwelling fronts to the coastline for the year
2007

Figure II.1: Mean, minimum and maximum distances of upwelling fronts to the
coastline for the entirety of the Portuguese coast in 2007
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II.1. DISTANCES OF UPWELLING FRONTS TO THE COASTLINE FOR THE
YEAR 2007

Figure I1.2: Mean, minimum and maximum distances of upwelling fronts to the
coastline for the region north of Cabo da Roca in 2007

Figure I1.3: Mean, minimum and maximum distances of upwelling fronts to the
coastline for the region south of Cabo da Roca in 2007
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ANNEX II. SUBSIDIARY RESULTS

II.2 Distances of upwelling fronts to the coastline for the year
2015

Figure II.4: Mean, minimum and maximum distances of upwelling fronts to the
coastline for the entirety of the Portuguese coast in 2015

Figure I1.5: Mean, minimum and maximum distances of upwelling fronts to the
coastline for the region north of Cabo da Roca in 2015
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I1.2. DISTANCES OF UPWELLING FRONTS TO THE COASTLINE FOR THE
YEAR 2015

Figure II1.6: Mean, minimum and maximum distances of upwelling fronts to the
coastline for the region south of Cabo da Roca in 2015
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ANNEX II. SUBSIDIARY RESULTS

II.3 Distances of upwelling fronts to the coastline for the year
2019

Figure II.7: Mean, minimum and maximum distances of upwelling fronts to the
coastline for the entirety of the Portuguese coast in 2019

Figure I1.8: Mean, minimum and maximum distances of upwelling fronts to the
coastline for the region north of Cabo da Roca in 2019
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I1.3. DISTANCES OF UPWELLING FRONTS TO THE COASTLINE FOR THE
YEAR 2019

Figure I1.9: Mean, minimum and maximum distances of upwelling fronts to the
coastline for the region south of Cabo da Roca in 2019
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