TECHNICAL UNIVERSITY OF CRETE
SCHOOL OF ELECTRONIC & COMPUTER ENGINEERING
DIGITAL IMAGE & SIGNAL PROCESSING LABORATORY

Sparse Representations in Machine Learning and
Remote Sensing
by
Konstantinos T. Karalas

A thesis submitted for the degree of Master of Science in
Electronic and Computer Engineering

Crete, November 2015

Thesis Committee:
Professor Michael Zervakis, Supervisor
Professor Panagiotis Tsakalides, University of Crete

Associate Professor Katerina Mania






Abstract

Land cover maps are critical for environmental monitoring and urban development
among others. Unfortunately, in order to produce such maps significant labor inten-
sive effort is required by human annotators through field-studies. Interestingly, on
the other hand, high resolution imaging systems onboard airborne and spaceborne
platforms are able to capture rich information in parts of the electromagnetic spec-
trum that the human eye cannot discern. This remote sensing imagery can be used
to overcome the issues associated with field-studies, providing global and up-to-date
land cover maps. Typically, during the mapping procedure, each remotely sensed
pixel is classified into a single class, leading to very coarse representations. In the
past few years, the development of the powerful framework of multi-label learning,
where instances may be associated with multiple labels simultaneously, has been
successfully applied in various computer vision scenarios. Part of the success is
also attributed to the development of hand-crafted features which can dramatically
boost the performance under specific conditions, however, these features are very
specialized and lack universality.

This thesis introduces a radically novel approach for inferring the complex re-
lationships between multispectral satellite imagery and spectral profiles of different
surface materials, exploiting the proliferation of remote sensing imagery, through
the introduction of the multi-label classification framework. The adoption of this
scheme provides a real-world answer to the scale incompatibility problem between
remote sensing imagery and ground-based measurements, since they naturally come
in different spatial resolutions. Furthermore, instead of relying on specialized fea-
tures, we propose the application of deep feature learning with stacked sparse au-

toencoders, in order to automatically extract meaningful features identifying the
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underlying explanatory patterns hidden in low level satellite data.

To validate the merits of the proposed approach, we consider real contempo-
rary data from the European Environment Agency for generating the ground-truth,
and multispectral images from the Moderate-resolution Imaging Spectroradiometer
sensor for feature extraction. We present results using several state-of-the-art multi-
label learning classifiers and evaluate their predictive performance under different
challenging scenarios, including cases where training is localized in a specific area
and time, while testing takes place on a different location or time instance. Experi-
mental results suggest that the proposed framework can achieve excellent prediction
accuracy, even from a limited number of diverse training examples, whereas the
application of feature learning leads to more representative features that can signi-

ficantly boost the performance of multi-label classification problems.



ITepirndm

O ydptee xdhudne Tne yne elvon amogacio TixhAc onupactag yiol TNV TapaxoloinocT) Tou
Tep3dhhovTog xal TN Ao TS avdmTuing UeTaC GAA®Y. AucTuy®g, Yiol Vo Tapo-
Y900V tE€T0t0L YdpTEG amontelton oMuavTIXY xou evTaTixny| avipmtonpoondideia Yoo Tov
xATANAO oyohlaoud Toug Uéoa amd uehéteg. Katd évav evolagépovta toomo, amd
™V GAAN Theupd, LPNAAG aVEAUOTG ATEXOVICTIXG CUOTH AT oL BploxovTon Téve
OE EVUEPLEC XL DO TNUIXEG TAATPOPUES, AVTAOLY TAOUGLA TANEOYORia antd UERT, TOU
NAEXTEOUAYVTIXOU PACUOTOS TTOU TO ovlp@mivo UdTL O umopel va doxpivel. Autég ot
TNAETUOXOTUXES EXOVES UTOROLY VoL yenotponotndoly yia vo LEMEQUOTOUY Tor Véuatal
mou oyetiCovtal Ue TIC MEAETES, TUPEYOVTAS TOYXOOUIOUG XAl EVAUERWUEVOUS YAPTES
xdhudne yng. BuvAdng, xoatd T Sdwactio yopToyedpnong, xdle TNAETIOXOTIXG €l
xovooTolyeto Tadvoueiton oe pla xhdor, odnydvTag oc TOA) ABEES AVIUTUQUC TACELS.
To teheutaio ypdvia, N avdmtuln Tou oyveol Thaiciou Tng exudinone TOMATAGY €-
TIXETOY, OTOU ToL OElyUoTOl UTOEOVY VO GUCYETIOTOUY UE TOAAES ETIXETEC TAUTOYPOVA,
€yl epappooTel ue emituylo og dudpopa oevdpla LToAoYLo TixY g dpaong. Mépog trng e-
mruylag auThAC amodideTon xou O TNV AVATTULT YELPOTOINTWY YAURPUXTNPLO TIXMY T OTolo!
UTOPOUY Vol B®O0LY dEoATIX] WUNOY GTNY amOd0CT XATW UNO CUYXEXPWEVESG GUV-
Vxeg, TapoOho TOU AUTA Ta YoEAXTNEIG TIXG Efval TOAD eZEBIXEUUEV XAl GTEQOUVTOL
%) OO TNTOG.

H mapodoo dimhwpatin epyoascta Vé€tel 6Téy0 Ty eloaywnyn wac pllixd véag mpo-
OEYYIONG YLOL VAL GUVAYEL TOUG GUVIETOUC BECUOUS PETAE) TWYV ETXTNTWY BOPUPOPXKV
EXOVOY X0 TV QUCUTIXGY UTOYQRUPOY amtd SLapopeTixd (0N LAWY ou Beloxovto
OTNY ETPAVELL TNS YNG, OEIOTOWMVTAC TNV OAOEVA UEYUAUTERY SLodECIUOTNTA TNAETL-
OXOTUXWY EXOVLY PECU A6 TNV ELOUY WYY TNG TOEVOUNONE TOU GUVOEETAL UE TTOURUTAV®

omo pla etixéteg. H viodétnon autod tou oyfuatog tapeyet ula yviota andvinon oo
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TEOBANUN aoLUBATOTNTAUS TNG XAlUAXAS PETAE) TWY TNAETIOXOTIXGY EIXOVGLY XL TGV
YEEOUWY UETPAOEWY, Aol ex PUCEWS dlatilevTal OE BIUPOPETIXES Y WEIXES UVAAUGCELC.
Emuniéov, avtl va otnpilduacte oTo eCEWOIXEUPEVL YORUXTNELO TIXY, TEOTEVOUUE TNV
eopuoY”) TNe Padide pdinong yapaxTNELo TIXGY UE oToSayHEVOUS 0palols AUTOXG-
OLXOTOINTES, ETOL MO TE Vo EEAYOUPE UTOUTO YUPUXTNPIOTIXG UEGTOV TEQLEYOUEVOU
IXUVEL VoL oVOrY VWREGoUY TOUG BLEUXEIVIO TIXOUE TPy OVTEG TTIOU UTOXEUTTOVTOL OF Y0o-
UNAOU ETUTEDOL BOELPOELXE DEBOUEVAL.

[o Ty embpmoT TwV TAEOVEXTNUATOY TNG TEOCEYYLONS Uag, Yewpolue oAndvd
xan oVYyeova dedouéva and tov Eupwmnaind Opyavioud IepiBdhhoviog yia tn dntove-
yioe Tou mivocar aknetog, xan TohugaouaTinég exdveg and Tov Métplac-avdiuone Onti-
%6 PaopatogwToueTewd oucInThAa yior TNV eCorywyy| Twv yopoxtnelo Txoy. lapou-
Ol8COVUE AMOTEAECUATA YPNOHIOTOLWYTOS UEQIXOUS TagVounTéC Udinong ToAATAGY
eTXETWY TeheuTalag TeYVoloYiog, TV omolwy N meofAenTixnd| wavdTnTo atohoyelto
O€ DLAPOPES AMAUTNTIXES CUVINXES, CUUTEQLAUBAVOUEVKY TEQITTMOEWY OTOU 1) EXTA-
0cuUoT) EVTOTULETOL OE CUYXEXPLWIEVO TOTO XoL YPOVO, eV 1) e€ETaor Aaufdvel ywpo oe
oapopeTt) Tonovesta X ypovixh otiyun. To nepapatind anotehéopato amodetxviouy
TWS TO TPOTEWOUEVO TAalolo umopel Vo emiTOyEL pla dplo T oxplBeta TpdBAedng, axoun
A0 UE EVOLY TIEQLOPLOHEVO 0ptUUO BLUPORETIXMY OELYUATWY EXTIUBEUCTS, EVG 1) EQUOUO-
Y1) TG EXPEUNOTG YUPAXTNPLO TIXGY OONYEL O TO AVTITPOCKTEUTIXG Y UQUXTNELO TIXY
TOU UTOPOUY VoL BOGOLY GNHAVTLIXY UNOT GTNV AmOdOCT) GE TEOBAAUATA TOAAATAGDY

ETIXETOV.
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Chapter 1

Introduction

1.1 Background

Land cover analysis refers to the monitoring of the geophysical and biophysical cha-
racteristics of the Earth’s surface, a process critical in global environmental sciences
studying the ever-changing continental-scale evolution of our planet. Though hu-
mans have been modifying land to obtain food and other essentials for thousands of
years, current rates, extents and intensities of land cover change are far greater than
ever in history, driving unprecedented changes in ecosystems and environmental pro-
cesses at local, regional, and global scale [1]. These changes encompass the greatest
environmental concerns of human populations today, including climate change and
pollution of water, soil, and air. Information about land cover is of paramount im-
portance for effective conservation planning and management of biological diversity,
since it is used to identify those geographic areas with sufficient quality to support
wildlife and biodiversity becoming extinct.

These vital needs mandate an increased effort in creating accurate and timely
high spatial resolution land cover maps. Despite the urgency, such endeavors are
hindered by various constraints, the most prominent of which is the labor inten-
sive hand-operated process of collecting ground-based data from field surveys. To
that end, remote sensing systems represent a major resource for monitoring global-
scale variations in land cover [2]. High resolution sensors retrieving optical, synthetic

aperture radar, multispectral, and hyperspectral data, are being employed to achieve

1



1.2. Thesis Motivations 2

this demanding objective. Recently, the use of advanced multispectral and hyper-
spectral imaging instruments has emerged as a particularly effective approach for
distinguishing among physical phenomena by observing differences in their spectral
signatures [3,4].

However, spectral signatures gathered by even such high resolution systems,
cannot always capture all the objects on the Earth’s surface, principally due to
the fact that surrounding objects are not sufficiently spectrally different (mixing
in the signals). Furthermore, machine learning algorithms which are tasked with
the automated classification of remotely sensed data are heavily dependent on the
choice of data representation (features) on which they are applied [5]. To address
this issue researchers have always tried to increase the input quality by incorporating
specialized features that ease the burden of learning algorithms. This strategy is
particularly evident in computer vision tasks, where carefully designed hand-crafted
features, such as Scale Invariant Feature Transform (SIFT) [6] or Histogram of
Oriented Gradients (HOG) [7], have shown great effectiveness in a variety of tasks.
Analogous features already exist in remote sensing, for example the Normalized
Difference Vegetation Index (NDVI) [8], the Enhanced Vegetation Index (EVI) [9],
or the Normalized Difference Water Index (NDWI) [10], aiming to provide a stronger
indicator of the amount of the photosynthetically active green biomass, of the leaf

water content, and of the soil humidity than the pure spectral signatures [11].

1.2 Thesis Motivations

During the mapping procedure with remotely sensed data, a classification technique
has to be applied in order to annotate the acquired pixels with additional metadata.
In typical satellite image classification [12,13], especially in situations where multi-
ple spectral bands are acquired, each pixel is associated with a single class from a set
of two or more classes [14,15]. Furthermore, in order to sustain a high classification
performance under specific conditions, the design of high quality hand-crafted fea-
tures has been for years the only way, even though such features are characterized

by limited generalization ability and require significant human intervention. These
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limitations motivate the need for efficient feature representations extracted auto-
matically from data through representation learning [5], a set of techniques which
intends to learn useful (i.e., discriminative, robust, smooth) representations of the
raw data for the purpose of higher level tasks (e.g., classification, recognition) and
minimize the dependency of learning algorithms on feature engineering. We note
that learning such features in a domain where the underlying data are subject to
many factors of variation is a challenging task [16]. In remote sensing exist many
such factors including the ground environmental conditions and cloud contamina-
tion, forming a domain full of challenges.

In any case, the conventional way of classification to a single class is guided by
an assumption that is often violated in real-life scenarios, because pixels of aerial or
space images are simultaneously characterized by multiple classes due to the pres-
ence of different materials. Consequently, single class assignment can be unrealistic
and leads to ambiguities in the maps. State-of-the-art methods try to uncover the
different materials contained in a spectral pixel along with their corresponding pro-
portion values by a process known as spectral unmixing [17]. Despite the significance
of spectral unmixing, the majority of approaches that have been proposed rely on
extremely limited and outdated hand-labeled datasets, such as the Cuprite mining
district data [18]. A consequence of the lack of real data is that typically one arti-
ficially applies a theorized forward mixing process and tests the capabilities of the
proposed algorithm on performing the inverse process [19]. The utilization of sim-
ulated /synthetic data can provide some intuition regarding the capabilities of each
approach, however, it is very difficult to generalize the behavior of these algorithms
when they are applied under more realistic conditions. Omne should also keep in
mind that performance conclusions based on laboratory-crafted datasets cannot be
regarded entirely reliable, since acquisition under a controlled environment inflicts
a smaller number of sources of variation than when dealing with real data where
isolated and unpredictable situations frequently happen [20].

Nevertheless, nowadays, there is a plethora of large unlabeled remote sensing
datasets which remain unexploited, an issue which has raised a lot of research in-

terest. One main obstacle in the utilization for such data is the problem of scale in-
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compatibility. Whereas field-based measurements can be conducted at meter scales,
distance to the ground and speed of the moving platforms are directly responsible
for the considerably lower spatial resolution of remote sensing imagery. This spatial
scale incompatibility between ground-based and satellite-based sampling inevitably
hinders the exploitation of the acquired measurements. For instance, while Coor-
dination of Information on the Environment (CORINE) land data, collected and
distributed by the European Environment Agency (EEA), are available at 100m?
resolution, the MODerate-resolution Imaging Spectroradiometer (MODIS) multi-
spectral satellite instrument by National Aeronautics and Space Administration
(NASA) provides usually products at a resolution of 500m? per pixel. Similarly,
while Global Land Cover (GLC) data provided by the National Geomatics Cen-
ter of China (NGCC), are available at 30m? spatial resolution (GlobeLand30), the
PROBA-V mission by the European Space Agency (ESA) supplies 300m? multi-
spectral images. Despite their lower resolution, airborne and spaceborne platforms
can provide imagery at significantly higher temporal sampling rates, as more and

more of these platforms are in continuous flights and orbits around the Earth.

1.3 Thesis Contributions

In this thesis, we propose a radically novel approach for inferring the complex re-
lationships between multispectral satellite imagery and spectral profiles of different
surface materials, exploiting the proliferation of remote sensing imagery, through the
introduction of the multi-label classification [21,22], a powerful framework in ma-
chine learning. Departing from traditional single-label classification, in multi-label
learning each sample is associated with multiple labels simultaneously, while in many
cases the labels are also ranked according to their relevance to a given sample, a
premise that seems appealing for application in remote sensing. This framework
has attracted considerable attention from the data mining community over the last
decade due to its numerous contemporary and real-world applications [23]. Tradi-
tionally, it is applied in text [24], audio [25], and image classification [26], where

a document could belong to several topics, a music song could fit to different gen-
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res, and an image could be annotated by many tags, respectively. Inspired by the
previous examples, one can cast the prediction of multiple characteristics which
are not mutually exclusive in a specified spatial area, as an appealing multi-label
classification problem.

In the proposed schema, we jointly model ground-based land cover data and
multispectral satellite imagery of different spatial resolutions. This way, we provide
a genuine answer to the scale incompatibility problem which arises through the
sampling procedures. More specifically, we combine data from the CORINE Land
Cover (CLC) maps of 2000 and 2006 compiled by EEA [27] coming at 100m? spatial
resolution and corresponding to the European environmental landscape annotated
by experts, with satellite data products from the MODIS database [28] at 500m?
spatial resolution. Due to this difference in scale, each multispectral pixel may
be associated with multiple labels simultaneously, naturally leading to the case of
multi-label annotation.

To the best of our knowledge, this is the first work which applies a multi-label
classification scheme in remote sensing data, an approach that can effectively address
the issues arising inevitably due to the multiple scales of the data, without requiring
the explicit and often unrealistic modeling of the generative single-label processes.
A key benefit of our method is accurate and up-to-date high resolution land cover
maps, obtained through a new supervised dataset composed of freely available and
real data which can leverage the abundance of satellite imagery. The complete
dataset will be available online.

We claim that multi-label learning can provide valuable information on remotely
sensed data, especially in the case of land cover estimation, where the heterogene-
ity of different regions suggests an overwhelming amount of mixed pixels. Under
the multi-label learning logic, one does not have to assume a priori where the data
should lie, in contrast to unmixing algorithms which largely rely on the expected
type of mixing [29]. Moreover, multi-label classification provides a wide range of
performance evaluation measures which can provide a detailed picture of the whole
procedure under different viewpoints, whereas unmixing, being in principle an un-

supervised procedure, has not well established arithmetic assessment expressions.
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Finally, the multi-label community has highly recognised that exploiting the de-
pendencies between related classes and samples during the classification process is
critical in order to improve prediction performance [30,31], and thus most of the
state-of-the-art algorithms take into account such correlations, in contrast to unmix-
ing algorithms. All in all, multi-label classification can be thought as an alternative
more realistic model than single-label classification for remotely sensed data, while
in parallel it can provide supplementary solutions to the tasks of conventional un-
mixing.

A second focus of this thesis, is to find “good representations” for satellite data
under the aforementioned multi-label learning scenario, since real-world sensor me-
asurements are complex and highly variable leading to limited performance. Instead
of relying on specialized features (e.g., NDVI), we propose the application of a par-
ticularly successful unsupervised representation learning approach to automatically
extract meaningful features identifying the underlying explanatory patterns hidden
in low level satellite data. This way, we consider the framework of Sparse AutoEn-
coder (SAE) [32,33], a type of artificial neural network which employs nonlinear
codes and imposes sparsity constraints for representing the original data. The pro-
posed scheme utilizes a series of sparse autoencoders stacked in a greedy layer-wise
fashion, in order to train a deep learning model in the context of multi-label satellite

image classification.

1.4 Thesis Outline

The rest of this thesis is structured as follows:

e Chapter 2 provides an overview of the related state-of-the-art from the lite-
rature. We firstly present some benchmark remote sensing sensors used for
mapping and classification, highlighting that their design parameters can de-
termine the overall quality of classification performance. Then, we present
some frequently employed algorithms for single-label classification in remote
sensing, followed by the definition of spectral unmixing problem. Finally, we

present feature learning techniques, especially in terms of autoencoders with
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different regularization penalty terms, as well as the deep learning version.

e Chapter 3 presents the multi-label classification framework and explains why
it can address the challenges of remotely sensed data analysis better than con-
ventional single-label classification. We also discuss the algorithms considered
in this thesis presented in discrete categories, along with their internal me-
chanisms and differentiations. Finally, we explain the evaluation measures we
use to evaluate the effectiveness of the algorithms, and thus the merits of our

approach.

e Chapter 4 describes the basic theory of feature learning with autoencoders.
Then, we present the single-layer sparse autoencoder variant along with its
background intuition. Finally, we discuss about deep learning and how this

framework can be applied to construct the stacked sparse autoencoders.

e Chapter 5 analyzes the datasets that are employed in this thesis. We ex-
plain thoroughly the steps followed for their formulation, along with indicative

statistics that reveal their challenges.

e Chapter 6 demonstrates and discusses an extensive set of experimental results.
In the first part, we consider the evaluation of the proposed multi-label learning
approach on remote sensing data. To that end, we perform some interesting
experiments for predicting land cover coverage in different spatial regions or
temporal instances with respect to the number of training examples, as well as
a comparison with spectral unmixing. The second part affords representation
learning experiments, where the best results arise by utilizing the deep learning

architectures.

e Chapter 7 provides a synthesis of the contributions, makes concluding remarks,

and discusses future work by exposing possible extensions of this thesis.






Chapter 2

Related Work

2.1 Remote Sensing Mapping and Classification

Since the 90’s, satellite data have been extensively used for land cover mapping
and classification. Land cover datasets provide a critical input for global models
and hence they have gained significant attention. The most established land cover
datasets include the GLC2000 [34], the GlobCover [35], and the MODIS land cover
product [36] which provide a global mapping, whereas the CORINE project [37]
encompasses data for the European continent. Fach set is prepared using differ-
ent data sources, classification algorithms, methodologies or even spatial resolution,
leading in many cases to areas of uncertainty (spatial disagreement) [38]. All of the
above datasets have been investigated with a plethora of typical [39] as well as more
sophisticated classification methods [40]. Notable among them, Support Vector Ma-
chines (SVM) demonstrate very good performance for the classification of airborne
and satellite imagery with limited training examples, especially by incorporating
composite kernels [41].

Apart from learning algorithms, modeling the sensors that are employed in the
process is also of crucial importance for the quality of the features and thus the
construction of the land cover maps and classification. There are two main categories
of optical remote sensing systems: multispectral imaging devices which typically
acquire 5 to 20 spectral bands, and hyperspectral imaging devices which can acquire

hundreds of spectral bands. Nevertheless, it has to be underlined, that except for

9
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spectral information, spatial, temporal as well as radiometric resolution properties
of the sensor determine dominantly the success of classification [42,43].

One of the first sensors that provided satellite data at a large scale, was the Ad-
vanced Very High Resolution Radiometer (AVHRR) on the National Oceanic and
Atmospheric Administration (NOAA) platforms', which triggered many studies on
land cover discrimination [44]. Some more recent and broadly used medium resolu-
tion remote sensing systems include PROBA-V on SPOT?, Thematic Mapper (TM)
or Enhanced Thematic Mapper Plus (ETM+) on Landsat®, and MODIS aboard the
Terra and the Aqua satellites®. Note that a higher spatial resolution generally im-
plies smaller coverage area of the system [43]. In order to compensate for the coarse
resolution provided by these multispectral instruments, the use of time evolution of
surface reflectance (time series) has proven to be valuable and thus is adopted in
most relevant studies [45].

On the opposite side, the most explored hyperspectral remote sensing scenes
which are appropriate for supervised classification (containing ground-truth tables)
were gathered by the Airborne Visible / Infrared Imaging Spectrometer (AVIRIS) [46]
(e.g., Indian Pines, Salinas Valley, Kennedy Space Center) and the Reflection Optics
System Imaging Spectrometer (ROSIS) [17] (e.g., Pavia Center, Pavia University)
airborne sensors, which generate 224 and 115 contiguous spectral bands, respec-
tively. Due to the increased number of bands, these sensors achieve a finer spectral
resolution and hence dimensionality reduction [48] and sparsity techniques [49] have

been extensively applied.

2.2 Spectral Unmixing

Under normal operating conditions, in remote sensing imaging systems each pixel
(spectral vector) captures and encodes a multitude of signals, a phenomenon at-

tributed to the physical properties of light, its interaction with matter and atmo-

http://noaasis.noaa.gov/NOAASIS/ml/avhrr.html
2http://proba-v.vgt.vito.be/
3http://landsat.usgs.gov/
4http://modis.gsfc.nasa.gov/
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sphere, and the technical characteristics associated with the acquisition process [50].
More precisely, on one hand nonlinear mixing of signals occurs when the light scat-
tered by multiple materials in the scene is reflected of additional objects, as well as
when two materials are homogeneously mixed [29]. On the other hand, even in the
ideal case where the incident light interacts with a single material, linear mixing
occurs due to the instrumentation (primarily low spatial resolution of the sensor)
and various sources of noise.

Given the mixing of signals, there is a crucial need for a process that can separate
the pixel spectra into a collection of pure materials, called endmembers. Spectral
unmixing [17] points towards this problem aiming to calculate the number of end-
members (optionally), distinguishing their spectral signatures, and estimating their
fractional abundances (proportion of each endmember’s presence) in the pixels [29].
Unmixing algorithms work better assuming a specific type of mixing, with the ma-
jor effort in the last decade to be focused on the Linear Mixing Model (LMM),
since, despite its simplicity, is an acceptable approximation of the behavior of the
light [29]. Under this model, a mixed pixel is a linear combination of the endmem-
bers signatures weighted by the corresponding fractional abundance, and thus one
can assume that such a pixel lies inside the convex hull of its endmembers. Due
to physical considerations in the data acquisition process, the unknown fractional
abundance vector for a given pixel is subject to the Abundance Non-negativity
Constraint (ANC), meaning that the estimated vector cannot be negative, and the
Abundance Sum-to-one Constraint (ASC), meaning that the sum of the abundance
values must sum up to one.

In order to decompose a mixed pixel spectra, different kinds of endmember ex-
traction algorithms have been developed, essentially divided into two approaches,
namely the geometrical, and the statistical. The geometrical one, exploits the fact
that mixed pixels lie inside a simplex (convex geometry shape) and is further divided
into two subcategories: the pure pixel based, which assume that there is at least one
pure pixel per endemember in the training data (i.e., at least one spectral vector
on each vertex of the simplex set), and the minimum volume based, which have

not such a prerequisite and seek to minimize the volume of the simplex (nonconvex
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optimization problem). Two well-known examples of the former approach include
the N-FINDR [51] algorithm, which seeks for the simplex with the largest volume,
and the Vertex Component Analysis (VCA) [52], which consists a robust technique
to the presence of weak nonlinearities targeting to find extreme points in the data
cloud. A representative paradigm from the latter approach is the Simplex Identi-
fication via Split Augmented Lagrangian (SISAL) [53], which solves a sequence of
nonsmooth convex subproblems using variable splitting to obtain a constraint for-
mulation, and then applies an augmented Lagrangian technique in order to unmix
hyperspectral data in which the pure pixel assumption is violated. Statistical me-
thods model the abundance fractions as random variables and formulate the spectral
unmixing as a statistical inference problem, providing a natural framework for rep-
resenting variability in the endmembers. They include the Independent Component
Analysis (ICA) [54], a well-known tool in blind source separation problems, which
is yet strongly criticized due to the fact that the abundance fractions associated to
each pixel are not statistically independent [55], as well as Bayesian approaches [56],
which have the ability to model statistical variability by imposing priors that can
constrain solutions to physically meaningful ranges. The statistical methods per-
form better in highly mixed images than the geometrical approaches (because there
are not enough spectral vectors in the simplex facets), however, they have a much
higher computational complexity.

The abundance estimation part comprises the last step of the unmixing process.
It can be solved via classical convex optimization methods, such as the Constrained
Least Squares (CLS), which in this context minimizes the total squared error under
the ANC, as well as the Fully Constrained Least Squares (FCLS), which adds the
ASC to the CLS problem. Meanwhile, sparse regression approaches have become
popular, such as the the Sparse Unmixing by variable Splitting and Augmented
Lagrangian (SUnSAL) [57], where sparse linear mixtures of spectra are investigated
in a fashion similar to that of compressed sensing [58]. Recently, effort has been
also given to study nonlinear mixing models in order to handle specific kinds of
nonlinearity, such as the Polynomial Post-Nonlinear Mixing Model (PPNMM) and

its associated unmixing algorithm based on the subgradient method proposed in [59].
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2.3 Unsupervised Representation Learning

In general, representation learning encompasses a variety methods, most of them
based on neural networks that combine linear and nonlinear transformations of the
data. This way, autoencoders (or autoassociators) were adopted with impressive
success as feature learning architectures, although they were initially studied in
the late 80’s as a technique for dimensionality reduction by considering a hidden
layer with fewer units compared to the input (forming a bottleneck). More recently,
extending their initial use, overcomplete basis vectors have been employed to obtain
more expressive representations, where the number of features exceeds the number
of raw inputs. In this setting, a form of regularization during autoencoder learning
is needed in order to avoid trivial solutions where the autoencoder could reconstruct
the input perfectly, without needing to extract any meaningful features. Several
autoencoder variants have been developed in order to introduce regularization in the
latent space, including the denoising [60], the contractive [61], the saturating [62],
and the SAE [32,33].

Apart from modifying the regularization penalty term, effort has also being given
on the investigation of the impact of other choices on system performance, espe-
cially in terms of the network architecture. For instance, recursive networks [63]
apply the same set of weights recursively over a structure (directed acyclic graphs),
recurrent networks [64] where connections between units form a directed cycle, con-
volutional networks [65] with whitening transformation and pooling operations for
visual tasks [66], and neural networks with rectified hidden units [67].

While it has been shown that one hidden layer can approximate a function to
a very high level of precision, this approach becomes impractical due to the large
number of the required computational units [68]. Inspired by the human cogni-
tive system, researchers have tried to incorporate depth into learning algorithms,
which would allow to achieve function representation more compactly [69], and ob-
tain increasingly more abstract representations. Although theoretical results have
been encouraging, in practice, it has been impossible to train sufficiently deep ar-
chitectures, since gradient-based optimization methods starting from random initial

weights tended to get fixated near poor local optima [70].
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Deep learning was revolutionized in the past decade, when the strategy of greedy
layer-wise unsupervised “pretraining” followed by supervised fine-tuning was intro-
duced [32,71]. This technique was first applied using Restricted Boltzmann Machines
(RBMs) for a digit recognition task, but has proved to be an efficient approach by
incorporating autoencoders in various contexts too. Nevertheless, one should keep
in mind that deep architectures do not guarantee a superiority over shallow archi-
tectures for every type of problem [72], although the behavior in specific settings
is under extensive investigation. We should note that the ideas underlying deep
learning have been motivated by the way the human brain seems not only to be
organized, but also to process received stimuli, which is accomplished through a
chain of multiple transformation stages [68]. For example, it has been experimen-
tally shown that for the object recognition tasks, representations produced by deep
architectures can resemble those features observed in the first two stages of the vi-
sual cortex, i.e., edges and shapes detected by the receptive fields of neurons in V1

and V2 areas.



Chapter 3

Multi-label Learning

3.1 Principal Concept

In traditional single-class classification and multi-class problems, each instance is
relevant to only one class from a set of two or more classes/labels, respectively.
However, in many real-world problems, one instance may belong to more than ones
labels simultaneously. For example, in image classification of Fig. 3.1, a piece of the
image is associated with both the label “sea”, and the label “beach”. One distin-
guishing difference between multi-label learning and binary or multi-class learning,
is that the labels in multi-label problems are not mutually exclusive, leading each in-
stance to belong (optionally) to multiple labels. Motivated by the increasing number
of contemporary applications, multi-label learning has recently attracted significant
attention in the literature [22].

Formally, learning from multi-label examples corresponds to finding a mapping
from the features space to the label sets space (i.e., the power set of all labels).
Increasing the number of labels makes the task of multi-label learning rather chal-
lenging due to the tremendous number of possible label sets. To cope with this
issue, it is deemed that exploiting the correlations among different labels during
training procedure is of paramount importance [30,73]. In order to conceptually un-
derstand the significance of label dependencies, one can think of two images with a
blue background depicting a ship and an airplane. Distinguishing these two images

based solely on the color features is a difficult task for a classifier, since both contain

15
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Image

Labels

v Sea x Car
v'Beach *Road
= v Rocks X Forest

Figure 3.1: Multi-label classification applications.

large regions with blue color. However, if the system is confident enough that the
image should be annotated with the “airplane” label, then it is more likely that the

region of blue in the image should be annotated with “sky”, rather than “sea”.

3.2 Challenges in Multi-label Learning

In comparison with traditional binary and multi-class classification problems, the
generality of multi-label classification inevitably causes difficulties. In the following
paragraphs we list maybe the two most fundamental challenges which exist in the
successful application of multi-label learning under real-world conditions [74].

The first issue concerns the effectiveness of multi-label classification for large-
scale problems, meaning cases where the data dimensionality is high and the number
of labels is large [75]. Similar to traditional classification techniques, multi-label
learning also suffers from the curse of dimensionality, where data points become
sparse and far apart from each other when the dimensionality is high. The problem
here is even bigger, since features represent all the classes of the whole dataset,
whereas many of them are not relevant to a specific class.

The other big challenge concerns the classification imbalance problem [76]. When
each label is treated independently, it can be observed that most instances are ir-

relevant to a specific label. More specifically, since multi-label collections contain
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a wide variety of classes, there is an unequal distribution of classes throughout the
collection, whereas some of the classes are heavily populated and others contain only
a few examples. In other words, not only some labels are much more frequently used
than others (inter-class imbalance), but also multi-label data exhibit a strong imbal-
ance between positive and negative examples of each label (inner-class imbalance).
In fact, the classification imbalance problem becomes even worse when the number
of labels increases. It is extremely difficult to build an accurate classifier for such
rare labels employing limited numbers of training instances.

These issues result in two serious problems: high computation cost and low
predictive power of the multi-label learning algorithms. Until today, it remains an
open research question how to develop techniques that tackle successfully all the

aforementioned challenges, while being in parallel computationally efficient [77,78].

3.3 Problem Statement

Let S C R? be an instance space of d-dimensional features, and a finite set of
m labels or classes £ = {)\j lj=1,.. ,m}. Each instance * € & has multiple
class labels in Y, where Y C L. Given a multi-label training set of n examples,
D = {(:ci,Yi) li=1,... ,n}, where ; € S and Y; € £ known, we assume that each
instance is independent and identically distributed (i.i.d.) drawn from an unknown
distribution. For each unseen instance x, we define 7, as the predicted set of labels,
and r,(\) as the associated ordered listing (rank) of labels, since many machine
learning algorithms induce decision rules in the form of a ranking function f(-,-)
which strictly orders all the labels in £ according to their scores in this function.
Therefore, for a given instance x, f(a, \) is interpreted as the system’s confidence
that « belongs to label . It is said that label \; is ranked higher than label \,, if
and only if f(x;, A1) > f(@;, A2). All in all, the objective of multi-label classification
algorithms is to estimate a set of decision rules ‘H that maximize the probability of
H(x) = Z, for each example x. We are based on this notation for the rest of this
thesis.

The proposed framework strongly utilizes the merits of existing multi-label learn-
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Figure 3.2: Visual illustration of the multi-label classification process with remotely

Spatial pixel id

sensed data. A multi-label training set is generated by annotating multispectral
satellite imagery with ground-sampled labels at higher spatial resolutions. Up-to-
date land cover predictions are made through the use of multi-label classifiers that
produce “multi-label confidence maps” encoding the presence of specific types of

land cover.

ing algorithms in order to realistically represent the relationships between acquired
multispectral remotely sensed data and labels of the CLC programme. In this way,
the output of our software system contains a matrix of the predicted labels (bipar-
titions), together with their ranking which is integrated in an informative visualiza-
tion termed “the multi-label confidence map”. A high level overview of our proposed
learning model is depicted in Fig. 3.2. In a nutshell, the key contributions of the

proposed system architecture include:

e the formulation of an efficient approach for the combination of high spatial

resolution land cover data with low spatial resolution satellite images.

e the development of an architecture capable of using up-to-date remote sens-
ing data and produce land cover maps with minimal labor-intensive manual

labeling.

e the systematic evaluation of state-of-the-art multi-label classification approaches

on a novel and highly complex dataset.
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e potential modalities for extending the scheme to various sources of data, in

addition to land cover and multispectral examined in this work.

In the following section, we discuss the design and the theoretical analysis of the
multi-label classification algorithms that are involved in this thesis as part of our

System.

3.4 Classification Algorithms

Active research by the machine learning and the data mining communities has pro-
duced a large number of multi-label classification approaches. An extensive re-
view can be found in [21] and in [22]. Existing approaches can be broadly divided
into three categories: problem transformation, algorithm adaptation, and ensemble
methods [79]. We have experimented with key representative examples from each
category of multi-label classification methods.

The intuition underlying the first category, i.e. problem transformation methods,
is to decompose the original multi-label learning problem into a set of smaller and
easier-to-learn binary classification problems, in order to obtain a solution through
well-established learning architectures. On the other hand, algorithm adaptation
approaches adjust their mechanisms in order to directly tackle multi-label data by
employing a type of problem transformation. Researchers usually select to modify
algorithms which have been proven to be suitable for a specific domain. Representa-
tive techniques which have been adapted for the multi-label case include SVM [80],
Boosting [24], Decision Trees (DT) [81], k-Nearest Neighbors (kNN) [82], and Arti-
ficial Neural Networks (ANN) [83]. Ensemble methods have appeared more recently
and are deployed on top of problem transformation or algorithm adaptation methods
as wrappers, improving their generalization ability [84]. Ensemble methods are re-
garded as the most powerful architectures which gather knowledge from all their
components. According to this paradigm, multiple base learners are combined dur-
ing the training phase to construct an ensemble, whereas a new instance is classified

by integrating the outputs of single-label classifiers [85].
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3.4.1 Problem transformation methods

Binary Relevance (BR) [75] is one of the earliest approaches in multi-label classifi-
cation [21], where a single-label binary classifier is trained independently for each
label, regardless of the rest of the labels (one-versus-all strategy). The method pro-
duces the union of the labels predicted by the binary classifiers, with the capability
of ranking the labels based on the classifier output scores. In specific, in the BR

approach, one trains a set of m classifiers such that:
Hpr = {hj | hj(®) = X\ €{0,1},j =1,....m} . (3.4.1)

BR is a straightforward approach for handling multi-label problems and is thus
typically employed as a baseline method. The theoretical motivation and intuitive
nature of BR are enhanced by additional attractive characteristics, such as moderate
computational complexity (polynomial w.r.t. the number of labels), the ability to
optimize several loss functions, and the potential of parallel execution [86]. The
inherent drawback of the BR approach stems from the underlying assumption that
no label correlations are considered during the training phase, which can lead to
under or over estimation of the labels present in the testing data, or the identification
of multiple labels that never co-occur [87].

Another fundamental yet much less extensively used transformation method is
Label Powerset (LP) [21,75]. Within this approach, each existing combination
of labels in the training set is considered as a possible label for the newly trans-
formed multi-class classification problem, i.e., the number of different classes is
upper bounded by f = min(n,2™), but in practice it is much smaller [88]. For the
classification of a new instance, the single-label classifier of LP outputs the most

probable class, which can be now translated to a set of labels:
Hep = {hj | hj(x) = X €{0,1},j=1,... f} . (3.4.2)

In contrast to BR, LP methods can capture inter-relationships among labels, at the
cost of significantly higher computational complexity, which scales exponentially
with the number of labels. Therefore LP is challenged in domains with a large

values of n and m. Furthermore, although this method is good at exact matches, it
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is prone to overfitting since it can only model labelsets which have been previously
observed in the training set [89].

One can see that this type of transformations are universally applicable, since
any traditional single-label classifier (DT, SVM, Naive Bayes, etc.) can be employed
in order to obtain multi-label predictions. The overall complexity of classification
is heavily dependent on the underlying single-label classification algorithm and the
number of distinct label collections. Due to these properties, problem transformation
methods are very attractive in terms of both scalability and flexibility, while they

remain competitive with state-of-the-art methods [87].

3.4.2 Algorithm adaptation methods

Multi-Label k-Nearest Neighbors (ML-kNN) [82] constitutes an adaptation of the
kNN algorithm for multi-label data following a Bayesian approach. It is a lazy
learning approach which is based on retrieving the k nearest neighbors in the training
set and then counting the number of neighbors belonging to each class (i.e., a random
variable W) [90]. Based on prior and posterior probabilities for the frequency of
each label within these neighboring instances, it utilizes the Maximum A Posteriori
(MAP) principle to determine the labelset for the unseen sample x. The posterior
probability of label A; is thus given by:

P(W=uwl|)¢€Z)P()\ € Z)

P\ € Ze|W=uw)= B = )

(3.4.3)

Then, for each A\; € £, ML-kNN builds a probabilistic classifier h;(-) applying the
rule:

() = 1 PN €Ze|W=w)>P (N & Zp | W=w) (344

0 otherwise .
A classifier’s output of 1 indicates that A; is active for @, while 0 indicates the
opposite. Despite the fact that ML-kNN inherits merits from both lazy learning and
Bayesian reasoning (e.g., adaptive decision boundary due to the varying neighbors

identified for each test instance), it is ignorant of the possible correlations between
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labels, thus it is essentially a BR method which learns a single classifier h;(-) for
each label, independently from the others [22].

The Instance-Based Logistic Regression (IBLR) method [91], is also derived from
the family of kNN inspired algorithms, but it integrates instance-based learning and
logistic regression. The core idea in this case, is to consider the label information
in the neighborhood of a query as “extra features” of that query, and then to treat
instance-based learning as a logistic regression problem. For each label \; € £, the

algorithm builds a logistic regression classifier h;(-) according to the model:

<G
log (1 (3)) = wm, + Z o W+z (3.4.5)

where 7r(j,) denotes the (posterior) probability that \; is relevant for ’, w(j) is a

bias term, a ) denotes a coefficient 1ndlcat1ng to what extent the relevance of \; is
influenced by the relevance of \;, and w! Y, (:v) is a summary of the presence of label
A; in the neighborhood of &', Ny (2’), defined by:
> hi(m) (3.4.6)
xeN,(x)
Here, hy(x) = 1 if and only if ); is associated with @, and 0 otherwise. The main
advantage of IBLR over ML-kNN is that the former attempts to take into account

label inter-dependencies arising by the estimation of regression coefficients.

3.4.3 Ensemble methods

Ensemble of Classifier Chains (ECC) [87] has established itself as a powerful learn-
ing technique with modest computational complexity. It is based on the successful
Classifier Chains (CC) model [87], which involves the training of m binary classifiers,
similar to BR methods. However, unlike the naive BR scheme, in CC, binary clas-
sifiers are linked along a “chain”, so that each classifier is build upon the preceding
ones. In particular, during the training phase, CC enhances the feature space of
each link in the chain with binary features from ground-truth labeling. Since true
labels are not known during testing, CC augments the feature vector by all prior
BR predictions. Formally, the classification process begins with h; which deter-

mines P(\; |x) and propagates along the chain for every following classifier hy - - - h;
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predicting:
P()\] | x, )\1, ey >\j—1) — )\j S {0, 1},] =2,...,m. (347)

The binary feature vector (Aq, ..., A,,) represents the predicted label set of @, Z,.
Despite the incorporation of label information, the prediction accuracy is heavily
dependent on the ordering of the labels, since only one direction of dependency
between two labels is captured. To overcome this limitation, ECC extends this
approach by constructing multiple CC classifiers with random permutations over
the label space. Hence, each CC model is likely to be unique and able to give
different multi-label predictions, while a good label order is not mandatory. In
specific, to obtain the output of ECC, a generic voting scheme is applied, where the
sum of the predictions is calculated per label and then a threshold ¢, is applied to
select the relevant labels, such that A\; > t,.

Another effective ensemble-based architecture for solving multi-label classifica-
tion tasks is the RAndom k-LabELsets (RAKEL) [92], which embodies LP classifiers
as base members. The RAKEL system tries to estimate correlations between the
labels by training each LP classifier of the ensemble with a small randomly selected
(without replacement) k-labelset (meaning size-k subset of the set of labels). This
randomness is of primary importance in order to guarantee computational efficiency.
For a classification of a new instance, each model provides binary predictions for each
label A; in the corresponding k-labelset. Let £} be the mean of these predictions
for each label A\; € £. Then, the output is positive for a given label, if the average

decision is greater than a 0.5 threshold:
Zy=4{N | E; >05,1<j<m} . (3.4.8)

In other words, when the actual number of votes exceeds half of the maximum
number of votes that \; receives from the ensemble (majority voting rule), then it is
regarded to be relevant. Although RAKEL models label correlations effectively and
overcomes the aforementioned disadvantages of the LP transformation, the random
selection of subsets is likely to negatively affect the ensemble’s performance, since

the chosen subsets may not cover all labels or inter-label dependencies [84].
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3.5 Dimensionality Reduction

Dimensionality reduction techniques extract a small number of features by removing
the irrelevant, redundant and noisy information to mitigate the effects of curse
of dimensionality. In other words, they aim to transform high-dimensional data
into a meaningful representation with a reduced dimensionality which preserves the
important properties of the original data, while in parallel requires less storage space
and less computational cost in the further processing.

The significance of dimensionality reduction has led the researchers to study the
problem extensively in many areas. In general, dimensionality reduction techniques
can be categorized based on different criteria [74], e.g., feature extraction/selection,
depending on whether a transformation is applied or some features from the origi-
nal set are chosen, linear/nonlinear, depending on the type of mapping through the
data are projected onto a lower-dimensional space, and supervised/unsupervised,
depending on whether the label information is used in order to preserve the label
discriminatory information after projection or not. It has to be highlighted, that
between the obscure boundaries of feature extraction and selection, the promis-
ing framework of feature learning (via ANN) has recently arisen aiming to learn
automatically more useful representations [5]. The same categorization holds for
multi-label data as well.

Principal Component Analysis (PCA) [93], Latent Semantic Indexing/Analysis
(LSI/LSA) [94], and Linear Discriminant Analysis (LDA) [95], constitute fundamen-
tal examples of linear transformations, whereas Locally Linear Embedding (LLE) [96]
Isomap [97], and autoencoders [98], are representative examples of nonlinear. One
should keep in mind that unsupervised techniques, such as PCA, LSI, and autoen-
coders, are directly applicable to multi-label data, whereas others assuming that
the classes are mutually exclusive, such as LDA, have to be extended through a
problem transformation method (e.g., BR, LP) in order to be able to deal with
the multi-label case [99]. Despite the significance of dimensionality reduction in
multi-label learning, only a few of the existing techniques represent solutions de-
signed exclusively to tackle multi-label data with their peculiarities [75]. Among

them, we distinguish an algorithm called Multi-label Dimensionality reduction via
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Dependence Maximization (MDDM) [100], which tries to find a projection such that
the dependence between the feature and the corresponding label is maximized after
projection. Finally, we mention that besides the feature space dimension reduction,
in multi-label learning there is the homologous paradigm of Label Space Dimen-
sion Reduction (LSDR) [101], which tries to encode the original label space to a

low-dimensional latent space using a decoding process for recovery.

3.6 Evaluation Measures

A multi-label classifier produces a set of predicted labels, but many implementa-
tions firstly output a score for each label, which is then compared to a threshold
to obtain the predictions, as explained in Section 3.3. In this way, ultimately there
exist two major tasks in supervised learning of multi-label data: multi-label clas-
sification, meaning to produce a bipartition of the labels into a relevant (positive)
and an irrelevant (negative) set, and label ranking, meaning to map instances to a
total strict order over a finite set of predefined labels [75]. Consequently, perfor-
mance evaluation is significantly more complicated compared to the conventional
supervised single-label learning and several metrics are required in order to properly
evaluate an algorithm. We assume two major categories, namely the example-based
measures which are calculated separately for each test example and then are aver-
aged across the test set, and the label-based measures which evaluate the learning
system’s performance on each label separately, returning the micro/macro-averaged
value across all labels [22].

Let p be the number of testing multi-label examples. Concerning the first group,

we examine six metrics:

e Hamming Loss calculates the percentage of misclassified example-label pairs,
considering the prediction error (an irrelevant label is predicted) and the miss-

ing error (a relevant label is not predicted) given by:

1 N viaz,
Hamming Loss = — Z ‘Yzﬁ—z", (3.6.9)

=1

where A stands for the symmetric difference between the two sets. The value
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is between 0 and 1, with a lower value representing better performance. Due
to the typical sparsity in multi-labeling, hamming loss tends to be a lenient

metric.

o Subset Accuracy evaluates the fraction of correctly classified examples:
12
Subset Accuracy = — ZI(|Y,| = |Zi]), (3.6.10)
p &

where [ is the indicator function taking values I(true) = 1 and I(false) = 0.
Subset accuracy is a very strict accuracy metric since it classifies a sample as
correctly predicted if all the predicted labels are identical to the true set of
labels.

e One-error is a ranking based metric which computes how many examples have

irrelevant top-ranked labels according to:

One-error = — Z d(argminrg, (N)), (3.6.11)
xeL

where 0(A) = 1if A ¢ Y; and 0 otherwise.

e (Coverage reports the average distance which needs to be traversed in order to

cover all the relevant labels of the example from the ranked label list:

Coverage = Zmax re;(A) — 1. (3.6.12)

e Ranking Loss evaluates the average fraction of labels pairs that are ordered

incorrectly:

1
Ranking Loss = 52 ﬁ;—‘ Gil , (3.6.13)
i=1

where G; = {(N,\") : 14, (N) > 15, (N), (X, X') € Y; x Y;}. Here, Y; denotes
the complementary set of Y; with respect to £. In other words, ranking loss

measures the ability to capture the relative order between labels.

e Average Precision expresses the percentage of labels ranked above a particular

relevant label:

Average Precision = — Z Vi Z H/\IEY o <rml()\)}’ . (3.6.14)

i=1 €Y
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From information retrieval, we know that the evaluation metrics for a binary
classification problem are based on the number of True Positives (TP), True Nega-
tives (TN), False Positives (FP), and False Negatives (FN) test samples. Based on
the above, one can compute Precision as TP/(TP+FP), Recall as TP/(TP+FN),
and the F-Measure as the harmonic mean between precision and recall. Extending
this concept to multi-label problems, we can derive the corresponding quantities for

each label \; € £ calculating the micro-averaging operation [102]:

Buiero = B | D TPy, Y TNy, Y FPy > FP, |, (3.6.15)

as well as the macro-averaging operation [102]:

1 m
Biusero = ~ Z B(TP,,, TNy,,FP, ,FN, ), (3.6.16)

j=1
where B is one of the previous mentioned classification metrics, and TP,;, TNy,
FP);, FNy, is the number of TP, TN, FP and FN after the binary evaluation for
Aj. Conceptually speaking, micro-averaging gives equal weight to each example and
is an indicator of large classes, whereas macro-averaging to each label and gives a
sense of effectiveness on small classes [103].

Finally, we consider the Area Under the Curve (AUC) metric which is calculated
from the Receiver Operating Characteristic (ROC) curve. In case all annotations
contain confidence values, the AUC score describes the overall quality of performance
independently of individual threshold configurations regarding specific trade-offs
between TP and FP [104]. More precisely, let the True Positive Rate (TPR) be
defined as TP/(TP+FP) and the False Positive Rate (FPR) as FP/(FP+TN). Then,
each point on the ROC curve corresponds to a pair (TPR,FPR) for one threshold,
and the area under this ROC curve is called micro-AUC [105] derived as:

H(m',m”)\’,)\”) | rm/()\’)Zrmu()\”),(m’,)\’)ER‘*,(m”,X’)GR‘}’
AUCmicro = |’R+ | |'R‘ | ;

(3.6.17)

where RT = {(z;,\) | A € Y;,1 <i < p} corresponds to the set of relevant, and
R~ ={(x;, \) | A ¢ Y;, 1 < i < p} to the set of irrelevant labels [22]. Subsequently,

the macro-averaged AUC is the average AUC of the separate ROC curves for each
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class and can be defined as follows:

_ ({ 1) | 1 or (A 2T (0), (2! 2! EZ, xzj}]
A macro - _Z |ZJ||ZJ| 5 (3618)

where Z; = {@; | \; € Y;,1 <i < p} is the set of test instances with label \;, and
Z;={x; | \j € Y;,;1 <i < p} is the set of test instances without A;. A value of 1

resembles to a perfect system.



Chapter 4

Feature Learning

4.1 Artificial Neural Networks

Computers and humans have very opposite capacities and strengths. Today’s com-
puters are extremely fast and precise when doing computations, but humans inher-
ently perceive, understand and generalize different things much better. In Meta-
physics, Aristotle had famously said “There is nothing in the intellect that was not
previously in the sense” , meaning that the true source of all our knowledge originates
from experience; our evolutionary edge over animals. Far after that, human ability
to recognise and hierarchically extract meaningful patterns for distinguishing differ-
ent objects, has guided scientists to draw their inspiration from the architecture of
the human brain in order to solve hard recognition problems.

ANN is a typical example in machine learning which tries to learn and behave
in a remarkably similar way to human brain through a simplified mathematical
model [106]. A typical brain contains around 100 billion miniscule cells, called
neurons, that transmit impulses (electrical charges) from one location to another.
According to a naive biological model, each neuron is made up of dendrites which
receive signals from other neurons, the cell body which processes those signals, and
the axon, a long “cable” that carries information away, as illustrated in Fig. 4.1a.
Similarly, ANNs are composed of interconnected artificial neurons called units (or
nodes), which represent the actual neurons that we find inside our brains. The

neurons in an ANN are organized in layers, whereas each layer can have more than

29
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(a) A biological neuron (b) An Artificial Neural Network

Figure 4.1: Neurons serve as the elementary building blocks of human brain infor-

mation processing, similar to units of the artificial neural networks.

one neurons in parallel. Correspondingly, the way brain cells trigger one another
across tiny junctions (called synapses), is modeled by the modifiable links (called
synaptic weights) which are associated with each connection [107], as depicted in
Fig. 4.1b. We notice that while this model has been highly successful in machine
learning applications, it is a poor model for biological neurons, because it lacks the
time-dependence that real neurons exhibit. This way, although some of the earliest
biological models took the aforementioned form, nowadays, kinetic models, such as
the Hodgkin-Huxley model, have become dominant [108].

There is a big variety of architectures for neural networks regarding the con-
nections between different units and layers [109]. In this thesis, we focus on the
feed-forward approach [110], which is by far the most common type of architecture.
In this case, the first layer represents the input and the last the output, whereas
it might be one or more layers of hidden units in between (see Fig. 4.1b). If more
than one hidden layers exist, we have a deep neural network [111]. These networks
compute a series of transformations between their input and output. Therefore, at
each layer a new representation of the input is obtained; lower layers are relaxed to
learn simple and concrete features, whereas higher layers tend to represent complex
and abstract features.

In an ANN, the information processing is generally a two-stage procedure. The



4.2. Autoencoders Framework 31

first stage forms a linear sum of all the signals that are received from other neurons
(likewise with what was mentioned before for biological neurons). The second stage
is a nonlinear function, which produces the actual output of the unit and shows how
well the information matches to what the neuron has become specialized to detect.

These steps can be formally depicted using the following equation:
ol@)=f|Y Wa+b]|, (4.1.1)

where o(-) is the output function, f(-) is a nonlinear transformation function, b is a
bias value allowing the transformation function a shift to the left or to the right, @
is the input to the neuron, and W; is the weight of the i-th input @; indicating the

strength of the connection between the neuron and the previous layer.

4.2 Autoencoders Framework

The most successful and well-known example of deterministic unsupervised learn-
ing methods is the autoencoder. A classical autoencoder is a feed-forward ANN
composed of an input and an output layer of the same size with a hidden layer in
between. The input pattern has to pass through the hidden layer of the network
before it is reconstructed at the output. Typically, the model is trained with back-
propagation [112], aiming to learn an approximation & of the input, which would
be ideally more useful compared to the raw input.

The only constraint that can be applied to classical autoencoders is altering
the number of hidden units. In case the number of hidden units is smaller than
the number of inputs, this constraint would have an effect similar to that of other
dimensionality reduction techniques which learn a low-dimensional representation
of the original feature set. Nevertheless, different kinds of regularizations can be
applied to the cost function during autoencoder training in order to form more
expressive features based on overcomplete representations. For instance, SAEs are a
special case of the typical autoencoders, where the code is constrained to be sparse,
i.e. only a small fraction of units are active during training.

Having the SAE as our structural unit, we present the end-to-end design of the
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Figure 4.2: Visual illustration of the representation learning process with remotely
sensed data. An initial feature-mapping with SAEs is performed in order to train a
multi-label classifier, whereas we proceed to the testing procedure by exploiting the

learned feature-mapping.

proposed scheme in Fig. 4.2. In specific, it is composed of the following three-stage

pipeline:
e preprocessing and normalization of the features.
e feature-mapping using SAEs.
e multi-label classification (see Chapter 3) through the learned feature-mapping.

Through our analysis, we have experimented with several options for each mod-

ule, trying to evaluate the impact of them to the final performance estimation.

4.2.1 Single-layer sparse autoncoders

The feature mapping that transforms an input pattern & € R into a hidden repre-

sentation h (called code) of k neurons (units), is defined by the encoder function:
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Input x Hidden h  Reconstruction X

Encoder f Decoder g

Figure 4.3: Architecture of an autoencoder with an overcomplete hidden layer. The
encoder takes the input & and computes a prediction of the best value of the latent
code h. The decoder is symmetric to the encoder and computes a reconstruction &

from h. The bias units are not considered for simplicity.

f(®) = h = a;(Wiz + by), (4.2.2)

where af : R — R is the activation function applied component-wise to the input
vector. The activation function is usually chosen to be nonlinear; examples include
the logistic sigmoid and the hyperbolic tangent. Recently, there is a growing in-
terest in Rectified Linear Units (ReLU), which seem to work better in supervised
recognition tasks [67]. The activation function is parametrized by a weight matrix
W; € R**? with weights learned on the connections from the input to the hidden
layer and a bias vector by € R¥. The network output is then computed by mapping
the resulting hidden representation h back into a reconstructed vector & € R¢ using

a separate decoder function of the form:
9(f(x)) = & = ay(Wah + b2), (4.2.3)

where o is the activation function, Wy € R%* is the decoding matrix and by € R?
a vector of bias parameters which are learned from the hidden to the output layer.
Overall, the architecture of a typical autoencoder with an overcomplete hidden layer

is illustrated in Fig. 4.3.
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The estimation of the parameters set § = { W7, by, W, by} of an autoencoder, is
achieved through the minimization of the reconstruction error between the input and
the output according to a specific loss function. Given the training set, a typical loss
function seeks to minimize the normalized least squares error, defining the following
optimization objective:

Jap(f) = L i (1 s — C@iHQ), (4.2.4)
m ‘= 2
where m is the number of training examples and ||-|| is the Euclidean distance. The
reconstruction &; is implicitly dependent on the parameter set 8. More advanced
loss functions can also be involved [60]. A weight decay term commonly introduced
to the cost function in order to prevent overfitting, has been found to influence
marginal our data.

Signal and model sparsity have had a profound impact on signal processing
and machine learning due to their numerous advantages, such as robustness, model
complexity, generative and discriminative capabilities among others [113,114]. Fur-
thermore, evidence from neuroscience suggest that sparse networks are closer to
biological neurons’ responses, since the percentage of neurons being active at the
same time is estimated between 1 and 4% of the total [115, 116].

Motivated by these facts, we use the SAE framework in order to promote sparsity
in our system. In this way, we define a sparsity constant p and enforce the average
latent unit activation to be close to the value of p. This is achieved by penalizing
it with the Kullback-Leibler (KL) divergence, a function employed to measure the
difference between Bernoulli distributions, namely the expected activation over the

training set of hidden unit u (p,) and its target value (p) in our case:

m

R p 1—0p R 1
KL(pllpu) = plog 5=+ (1 = p)log 7=, fu = =D (ful@] u=1,.k

i=1

(4.2.5)
where f,(x;) denotes the activation of hidden unit u. The KL distance reaches its
minimum of 0 when p, = p, and extends up to infinity as p, increases, enforcing
the p, not to significantly deviate from the desired sparsity value p. All in all, the
smaller the value of p, the sparser the representation would be. The regularized cost

function of a SAE constitutes of the reconstruction loss of a classical autoencoder
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with an additional regularization through a sparsity promoting term [117] given by:

Jopae(0) = Jap(0) + Z KL(p||pu), (4.2.6)

where the hyperparameter § determines the importance of the sparsity regularizer.
Note that there have been also developed and other techniques to encourage sparsity
in the representation [118].

A particular set of weights is updated by calculating the partial derivatives of
Jopar and applying the backpropagation algorithm [112]. This way, the training
typically converges to a minimum, hopefully a global one, after a small number of
iterations. The minimization of the model parameters # can be achieved by con-
ventional optimization algorithms (e.g., gradient descent), as well as with more so-
phisticated procedures, such as conjugate gradient and Broyden-Fletcher-Goldfarb-
Shanno (BFGS) methods to speed up convergence.

4.2.2 Deep learning with stacked sparse autoencoders

Deep learning is a special case of representation learning which admits the property
that multiple levels of representations are learned hierarchically, leading to more
generic and beneficial features. Ultimately, the activity of the first layer neurons
corresponds to the low-level features of the input, while higher-level abstract con-
cepts are encoded in the subsequent hidden layers. More specifically, we provide
the deep architecture with surface reflectance input data, which are the raw data
collected from a remote sensing observation system, and try through a hierarchical
approach to learn an “advanced” version of them, which would ideally match the
capabilities of high quality hand-crafted features, such as NDVI or EVI. In this way,
we aim at bypassing the requirements of empirical design of these features by an
expert, and automatically learn representations which can substitute and enhance
them. In parallel, due to the unsupervised nature of the processing, the proposed
approach is more universal and could also work with other types of targets which are
not chlorophyll or water sensitive, such as structures in urban areas, where analogous

ratios have not been defined.
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Input x Layer-1 features Layer-2 features Output y

Figure 4.4: A 4 layer autoencoder network [3—4 —4—2], where the circles denote the
feature units. The black and grey colors are used to denote the inactive and active
hidden units, respectively, whereas the white the visible units. The two middle

layers constitute an encoder. The bias units are not considered for simplicity.

Architectures with two or more hidden layers can be created by stacking single-
layer autoencoders on top of each other as depicted in Fig. 4.4. Formally, one
starts by training a SAE with the raw data as input. Then, the decoder layer
is discarded so that the activations of the hidden units (layer-1 features) become
the visible input for training the second autoencoder layer (feed-forward), which in
turn produces another representation (layer-2 features). This greedy layer-by-layer
process keeps the previous layers fixed and ignores interactions with subsequent
layers, thus dramatically reducing the search over the parameter space. While this
process can be repeated multiple times, rarely more than three hidden layers are

involved. We can formalize a stacked autoencoder according to:

hi = f1 ( o (fr (zc))) , (4.2.7)

where hy, denotes the representation learned by the top layer L. The output of the
entire architecture can be used to fed a stand-alone classifier, offering an improved
representation of the data compared to the raw input.

The challenge in deep learning is that the gradient information is difficult to
pass efficiently through a series of randomly initialized layers, since a good start-

ing point is hard to identify. Unsupervised pretraining [71] is a recently developed
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yet very influential protocol that helps to alleviate this optimization problem by
introducing prior knowledge for initializing the weights of each layer, allowing gra-
dients to “flow well”. Autoencoders, being a fundamental example of unsupervised
learning, have attracted a lot of attention as a method for pretraining deep neural
networks. Formally, we use the SAE as the building block to train one layer at a
time, in a bottom up fashion, for a fixed number of updates (epochs). Up until this
point, the procedure is completely unsupervised. Supervised refinements are sub-
sequently introduced in the top layer of the deep architecture in order to fine-tune
the gradient-based optimization algorithm with respect to a supervised criterion, a
process termed fine-tuning phase [69]. As a last optional training stage, it is possible
to further optimize the parameters with a global fine-tuning, which uses backprop-
agation through the whole network architecture at once, however starting from a

very good initial model.






Chapter 5

Dataset Formulation

5.1 Key Idea

Sensors onboard platforms far away from their targets, typically support large fields
of view, but cannot provide great detail due to distance from the ground and speed of
the platforms. The detail discernible in an image depends on the spatial resolution of
the sensor and refers to the smallest possible units that can be detected, i.e. pixels.
The problem of scale incompatibility arises naturally since traditionally satellite data
have a lower spatial resolution than ground-truth label data, which require human
annotation through field-studies. A concrete instance is the MODIS data products
which have a spatial resolution of 500m?, while CORINE land cover data of 100m?.
This way, multiple CORINE “pixels” correspond to a single MODIS pixel, naturally
leading to the case of multi-label annotation, where there are more than ones labels

for a single MODIS pixel.

5.2 MODIS Data - Obtaining Features

NASA’s MODIS Earth Observation System is considered one of the most valuable
sources of remote sensing data, aimed at monitoring and predicting environmental
dynamics. The MODIS sensor can achieve global coverage with high temporal reso-
lution, since it is able to scan the entire Earth’s surface (aboard the Terra and Aqua

satellites) in one to two days, having a sun-synchronous orbit altitude of 705km. As
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Figure 5.1: Geographic distribution of MODIS h18v04 and h19v04 tiles. The h18v04
region captures South-Central Europe, while h19v04 a large part of the Balkans.
These exemplary regions were selected due to the diversity of land cover and the

availability of data.

far as spectral resolution is concerned, MODIS acquires data in 36 spectral bands
ranging from 400-14400nm. Note that the first two bands have a spatial resolution
(pixel size at nadir) of 250m, bands 3 to 7 of 500m, and all the rest bands of 1km
approximately. The sensor provides 12 bits radiometric sensitivity and achieves a
swath of 2330km (across track) by 10km (along track at nadir). MODIS data are
open-access and continuously updated since 2000.

The MODIS land native product files distributed by the Land Processes Dis-
tributed Active Archive Center' come in the Hierarchical Data Format (HDF) and
in Sinusoidal (SIN) projection. As a result, MODIS data are grouped in 460 equal
non-overlapping spatial tiles starting at (0,0) in the upper left corner and proceed-
ing to the right (horizontal) and downward (vertical) until the lower right corner

at (35,17). Each one of them captures approximately 1200 x 1200 km of real land.

Thttps://Ipdaac.usgs.gov/
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Nevertheless, SIN projection is not widely used and thus a common geographic pro-
jection is needed for our study. For this reason, we utilized the MODIS Reprojec-
tion Tool? (MRT) [119], which provides a basic set of routines for transformation of
MODIS imagery into standard geographic projections. This way, we re-sampled the
original data and changed the projection to Universal Transverse Mercator (UTM)
to become compatible with the World Geodetic System 1984 (WGS 84) datum,
which is the global coordinate system adopted by the Global Positioning System
(GPS), see Appendix A for more. The area of our interest comprises of a central
portion of the European continent, namely h19v04 (with the exception of regions
from Ukraine and Moldova) and h18v04 image tiles (see Fig. 5.1).

In order to benefit from the high temporal resolution observations of MODIS,
while simultaneously mitigating the effects of the low spatial resolution, we con-
sider annual time series to monitor the best possible density and intensity of green
vegetation growth. Our model takes into account a well known monitoring tool for
vegetation health and dynamics, namely the NDVT [120] from the Level-3 product
MOD13A1, collection 5 (500m spatial resolution, 16 days temporal granularity). It
is empirically related to the reflectance measurements in the red and Near InfraRed

(NIR) portion of the spectrum through the following formula:

NDVI = PNIR " Pred (5.2.1)
PNIR T Pred

Due to the the high discriminating capabilities of NIR versus visible wavelength,
NDVTI is more sensitive than a single wavelength and able to separate very well the
living from stressed or dead plantation. Therefore, NDVI carries valuable informa-
tion regarding surface properties and can effectively quantify the “floral” content of
an area, ¢.e. the chlorophyll concentrations. Furthermore, as a ratio, it has the ad-
vantage of minimizing different types of noise (variations in irradiance, clouds, view
angles, atmospheric attenuation and even calibration), but it also leads to insensi-
tivities with respect to vegetation variations over certain land cover conditions [121].
NDVTI is designed to standardize the vegetation indices values between -1 and +1,

where higher values indicate more photosynthetically active land cover type [122].

2https://lpdaac.usgs.gov/tools/modis_reprojection_tool
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We collect all the available measurements from 10 months (March till December)
leading to 19 values/features. For the final data calibration, we refer to the quality
assurance metadata [123] supplied with the MOD13A1 product in order to assemble
only reliable pixels (exclude unprocessed data).

Land Surface Temperature (LST) has been also proved to play a significant role in
detecting several climatic, hydrological, ecological and biogeochemical changes [28],
which are crucial parameters for land cover. LST observations are retrieved from the
Thermal InfraRed (TIR) bands and are able to combine the results of all surface—
atmosphere interactions and corresponding energy fluxes, measuring the additive
compositions of TIR from background soils and overlying vegetation canopy. This
way, whereas NDVI measurements estimate efficiently the vegetation cover, LST
is more applicable for targets that are not chlorophyll sensitive [124]. Therefore,
we enhance the previously selected examples by adding measurements (feature-level
fusion) related to the LST daytime, extending the number of features to 57. The
temperature data are included in the Level-3 MOD11A2 product, which stores the
average values during an 8 day period on a 1km SIN grid. In order to obtain the
same spatial resolution with MOD13A1, an oversampling to 500m spatial resolution
is performed. Note that we take into account all available LST values of the 10
months, meaning that there arise abnormal data which are manifested as noise,
since atmospheric conditions inevitably cause disturbances in the observations. In
this study, we did not consider any available technique for denoising and improving
the quality of the time series imagery, since naive techniques such as the Maximum

Value Composite (MVC) [125], did not manage to provide higher performance.

5.3 CORINE Land Cover Data - Obtaining La-
bels

The CLC inventory was initiated in 1990 and has been updated in 2000 and 2006,

while the latest version of the 2012 update is still under production. CLC consists of
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Figure 5.2: CLC map for the h19v04 tile of 2000 (CLC2000).

44 classes® (CLC codes at Level 3 of the CORINE nomenclature), including artificial
surfaces, agricultural and forest areas, wetlands, and water bodies overall. In this
work, we utilize data from 2000* and 2006° at 100m? resolution (Version 17). The
QGIS® software is employed in order to transform these raster-based Geographic
Information System (GIS) data to WGS 84 format, so that become compatible with
MODIS data, and subsequently extract the regions corresponding to the h19v04 and
the h18v04 tiles through upper left and lower right latitude and longitude coordinates
(more in Appendix B).

In order to construct the multi-label dataset, the CLC labels matrix was divided

3http://ec.europa.eu/agriculture/publi/landscape/about.htm
‘http://www.eea.europa.eu/data-and-maps/data/corine-land-cover-2000-raster-3
Shttp://www.eea.europa.eu/data-and-maps/data/corine-land-cover-2006-raster-3

Shttp://www.qgis.org/en/site/
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http://www.eea.europa.eu/data-and-maps/data/corine-land-cover-2006-raster-3
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Table 5.1: The 20 selected ground-truth labels from CORINE with their original

CLC code. The labels represent a wide range of materials that may be contained,

from those existing in urban and vegetation areas to those in minerals and beaches.

The number of examples in the last column refers to the CLC2000.

No CLC Code Description # Examples
1 111 Continuous urban fabric 1242
2 121 Industrial or commercial units 4234
3 122 Road & rail networks & assoc. land 1264
4 124 Airports 272
5 131 Mineral extraction sites 904
6 132 Dump sites 468
7 133 Construction sites 258
8 141 Green urban areas 1181
9 142 Sport and leisure facilities 1172
10 212 Permanently irrigated land 1411
11 213 Rice fields 889
12 223 Olive groves 1730
13 241 Annual crops assoc. with perm. crops 1246
14 322 Moors and heathland 2140
15 331 Beaches, dunes, sands 1258
16 332 Bare rocks 1907
17 411 Inland marshes 2101
18 412 Peat bogs 102
19 421 Salt marshes 736
20 521 Coastal lagoons 521

into non-overlapping blocks using a 5 x 5 grid, since the MODIS pixel size is approxi-

mately 25 times the size of a CORINE pixel. As a result, a binary vector per sample

is produced, where a value of one indicates that a label is present while a value of

zero denotes that a label is absent. We select 20 labels as depicted in Table 5.1 and

exclude examples composed of only one label. In this way, we acquire a challenging

scenario for the multi-label learning algorithms, while in parallel we mitigate the

unpleasant effects of the multi-label learning challenges discussed in Section 3.2 as

much as possible.
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5.4 Dataset Properties

Before running any experiment with multi-label data, it is important to highlight
that not all multi-label datasets are equal, even if they have the same number of
instances or labels. For example, the number of labels for each example can greatly
vary across different datasets and this could highly influence the performance of the
multi-label learning algorithms. Therefore, it would be unfair to compare different
methods without noting the dataset properties.

This way, we estimate certain statistical metrics [21] in order to obtain a better
understanding of the properties of our dataset. Let S be the multi-label dataset
consisting of |s| multi-label examples (x;,Y;),7 =1, ..., |s|. We take into account the

following metrics:

o Label Cardinality (LC) calculates the average number of class labels associated

with each instance in the dataset:

|s]
LC(S) = %Z Vil (5.4.2)

LC is independent of the number of labels m that exist in the dataset and
it is used to denote the number of alternative labels that characterize the |s|
instances of a multi-label dataset. It gives a good idea of the label frequency,
but gives no indication of the regularity of the labeling scheme. All in all,
the larger the value of LLC, the more difficult is to obtain good classification

performance.

e Label Density (LD) is the cardinality normalized by the number of labels m:

|s]
LD(S) = ! > o (5.4.3)

sl <
LD quantifies how dense (or sparse) the multi-label dataset is.

e Distinct Labelsets (DL) is the total count of number of distinct label combi-

nations observed in the dataset:

DL(S) = ‘{y; |3a; : (2,,Y)) € s}‘ =108 . (5.4.4)
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DL expresses the number of different label combinations per example, and it

is of key importance for methods that operate on label subsets.

Such inherent dataset statistics reveal the difficulties for each multi-label dataset
and lead mutli-label algorithms to perform differently based on their underlying
assumptions, such as those discussed in Section 3.4. Table 5.2 summarizes the
aforementioned statistics for the h19v04 tile of 2000 dataset, whereas it also includes
some benchmark multi-label datasets along with their corresponding statistics from

7

a variety of domains. More multi-label datasets are available online’. We notice

that there are many datasets which vary a lot.

Table 5.2: Statistics for multi-label dataset based on the h19v04 tile of CLC2000.

Dataset Domain # Instances 7 Labels # Features LC LD DL
land cover remote sensing 12291 20 57 2.037 0.102 248
yeast [80] biology 2417 14 103 4.237 0.303 198
scene [20] image 2407 6 294 1.074 0.179 15

emotions [25] music 593 6 72 1.869 0.311 27
mediamill [126] video 43907 101 120 4.376  0.043 6555

"http://mulan.sourceforge.net /datasets-mlc.html



Chapter 6

Experimental Results

6.1 Multi-label Learning Evaluation

In this section, we examine the performance of high-level multispectral satellite data

products (NDVI and LST) under the following challenging scenarios:

e classification performance given a limited set of training examples.
e classification performance per label, aiming to investigate the label sensitivity.

e classification performance when the training data correspond to a specific geo-
graphic region and the testing data come from a neighboring region (different

spatial tile) of the same year.

e classification performance when the training data correspond to a specific time
instance and the testing data come from the same spatial location (tile), but

from another time instance.
e comparison of multi-label classification with spectral unmixing.

e classification performance based on different types of fusion of the features.

Each experiment has its own distinct value and purpose, whereas the objective is to
evaluate the proposed multi-label classification framework when applied under real-
life conditions with remotely sensed data. Finally, we perform a sensitivity analysis
to determine those parameters which influence the performance of the examined

multi-label classification algorithms.

47
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6.1.1 Experimental settings

In our analysis, we consider the algorithmic implementations included in the MU-
LAN! Java library [127], an open source platform for the evaluation of multi-label
algorithms that works on the top of the WEKA? framework. We make an initial
split of the training to testing examples in the order of 7 : 3, although we are par-
ticularly interested in classification with very limited training examples, since under
real-life conditions obtaining labeled remotely sensed pixels is a costly process.

In order to make a fair comparison for the algorithms, we applied the same base-
level single-label classifier in all problem transformation and ensemble techniques.
Particularly, we selected the C4.5 [128] DT learning algorithm (J48 implementation
within WEKA), which is a well-known approach producing interpretable classifi-
cation models. Concerning the individual parameters of the methods, they were
instantiated following the recommendations from the literature. The ML-kNN and
IBLR algorithms are parametrized by the size of the neighborhood, for which we
adopted the value of k£ = 10. Zhang et al. [82] and Cheng et. al [91] have shown that
this a reasonable choice since it provides balance between complexity and predictive
performance. Besides the number of neighbors, ML-kNN requires also a smoothing
parameter ~y controlling the effect of a uniform prior on the estimation. We use
a general rule where v takes the value of 1, leading to a Laplace smoothing [82].
For the ensemble methods, the basic parameter is the number of component classi-
fiers (models), whereas RAKEL needs an additional parameter which is the size of
the labelsets. The number of models was set to 10 for ECC as proposed by Read
et al. [87], whereas a rule-of-thumb setting for RAKEL is a size-3 subset with 2m

models in combination with the LP classifiers [92].

6.1.2 Classification performance with respect to training set

The objective of the first set of experiments is to evaluate the generalization capa-

bilities of each learning algorithm. To that end, we evaluate the performance of each

http://mulan.sourceforge.net/
Zhttp://www.cs.waikato.ac.nz/ml/weka/
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Figure 6.1: Classification performance with respect to the amount of training data
(out of the 8604) corresponding to a single spatial tile. These experiments illustrate
the complex interaction behavior between training data and performance. In gen-
eral, one can observe that the performance gains are significantly more dramatic
when increasing smaller sets of training examples, while the benefits of introducing

more training data are moderate once sufficiently data is available.

method as a function of the number of training examples using the NDVI and the
LST features. This is a critical parameter, because it is directly related to the cost
and manpower required for the classification and understanding of newly acquired
remotely sensed images. We consider a varying number of training examples ranging
from 25 : 50 : 5000, where the error is averaged over 10 executions.

In Fig. 6.1, we present the performance of multi-label classification for two
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specific spatial tiles, namely h19v04 and h18v04, using data from the CLC2000
inventory. In detail, we present the hamming loss and the micro-averaged AUC as-
sociated with the BR-DT, the ML-kNN, and the ECC-DT algorithms (one algorithm
of each category). These two metrics are highly representative, since the hamming
loss belongs to the example-based metrics and can give us an overall intuition of the
misclassified instance-label pairs, whereas the AUC is a label-based metric looking
at each label independently.

We can see that for both metrics the performance monotonically increases while
gradually increasing the training size, with a fast initial rate and then with a slower
one. This indicates that the algorithms indeed learn and use information from the
training data in order to ameliorate their predictions. Looking closer at each metric,
we observe that the performance of the three classifiers according to the AUC metric
is quite stable across tiles examined on the same labels (especially for a large number
of training examples), whereas slightly differences can be attributed to the variation
of the intrinsic spatio-spectral characteristics of each tile. Analogous results arise
considering the hamming loss as well. In this case, we further observe that when
a large number of training examples is employed, BR-DT outperforms ML-kNN,
indicating that in some cases “letting the data speak for themselves” can allow simple
algorithms to beat more complex models. However, overall ECC-DT performs better
than the other two algorithms in this particular experimental setup, a behavior that
has also been observed in other scenarios of multi-label classification [87,129], due to
its internal scheme that benefits from label dependencies. We note that comparable

graphs arise also for all the remaining metrics.

6.1.3 Introducing the “multi-label confidence maps”

For a better understanding of how each algorithm performs and especially how can
these differences in the metrics be better perceived, we introduce the notion of the
“multi-label confidence map”. As explained in Section 3.6, multi-label classification
is often conducted in a two-stage process where, upon receiving a test instance, real-
valued confidence outputs are initially provided for all labels, and then an additional

function creates a bipartition of relevant and irrelevant labels [75]. Here, we utilize
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Figure 6.2: Ground-truth multi-label map for h19v04 of CLC2000 corresponding
to a binary matrix indicating which labels are active for each example, i.e., spatial
location. The vertical axis corresponds to specific label as illustrated in Table 5.1,

while horizontal axis to specific testing example out of the 3687.

these confidence outputs of the multi-label learning algorithms in order to produce
confidence maps through which one can interpret the results visually (inspired from
the abundance maps of spectral unmixing). Each row of this map represents labels
with a corresponding CLC code, whereas each column represents an example (spatial
location). In Fig. 6.2, we present the ground-truth map for h19v04 of CLC2000.
This image is actually a binary matrix, where the value of 1 indicates presence of
a specific label for an example, while 0 denotes absence of that label. For instance,
regarding the first example (i.e., column), labels 1 and 8 are active, indicating that
CLC labels with codes 111 and 141 exist in this pixel.

In Fig. 6.3 and 6.4, we visualize the performance of BR-DT, ML-kNN and ECC-
DT classifiers with the help of the “multi-label confidence map”, where each pixel
in the map takes a confidence value ranging from 0 to 1 (results averaged over 50
realizations and then scaled to [0, 1] interval). Values closer to 0 indicate that the
label is less likely to be enabled, whereas values closer to 1 indicate that the label
has a stronger probability of being active.

Using these maps, we can visually verify the performance is higher due to the use
of more training examples, by examining for instance the label 2 associated with the
CLC code 121 (i.e., second row). When the algorithms utilize 128 training examples,
they assume that almost all samples have this label enabled, something that is not

in accordance with the ground-truth data presented in Fig. 6.2. On the contrary,
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Figure 6.3: Multi-label confidence maps for h19v04 of CLC2000 with 128 training
samples. The red boxes outline areas where there is significant deviation between
the predicted and the ground-truth labels. They highlight that some labels in clas-

sification are more sensitive than the others.
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Figure 6.4: Multi-label confidence maps for h19v04 of CLC2000 with 1024 training
samples. Similar to before the red boxes outline areas where there is significant
deviation between the predicted and the ground-truth labels. Comparing to the
case of 128 training examples shown above, we observe less errors according to the

ground-truth map in Fig. 6.2.

when the algorithms use 1024 training examples, we can see that their revised pre-
dictions become more accurate and reliable, since many of the corresponding matrix
positions which were previously close to 1, now obtain a lower confidence value. This
observation suggests that for the specific label, many FP examples arise. FP are
taken into account by the precision metric, where BR-DT and ECC-DT outperform
ML-kNN for the specified number of training examples.

Another illustrative paradigm occurs when we take into account the label 20
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Figure 6.5: Ground-truth multi-label map for h18v04 of CLC2000. The vertical axis
corresponds to specific label as illustrating in Table 5.1, while the horizontal axis to

specific testing example out of the 7624.
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Figure 6.6: Multi-label confidence maps for h18v04 of CLC2000 with 128 training

samples.
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Figure 6.7: Multi-label confidence maps for h18v04 of CLC2000 with 1024 training
samples. Comparing to the case of 128 training examples shown above, we observe

less errors according to the ground-truth map in Fig. 6.5.
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Figure 6.8: Ground-truth multi-label map for h19v04 of CLC2006. The vertical axis
corresponds to specific label as illustrating in Table 5.1, while the horizontal axis to

specific testing example out of the 2745.

©CEONOUTAWNE

R T | R :

) Configences )

(a) BR-DT (b) ML-kNN (¢) ECC-DT

Figure 6.9: Multi-label confidence maps for h19v04 of CLC2006 with 128 training
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Figure 6.10: Multi-label confidence maps for h19v04 of CLC2006 with 1024 training
samples. Comparing to the case of 128 training examples shown above, we observe

less errors according to the ground-truth map in Fig. 6.8.
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with CLC code 521 (i.e., last row). In this case, we observe that the classification
algorithms, cannot detect that this label is present in some pixels when utilizing
128 training examples, however, the prediction improves dramatically with 1024
training examples for all of them. In other words, we have the case of recall and
FN, where we show that the BR-DT and the ECC-DT algorithms achieve almost
similar performance, whereas ML-kNN exhibits a significant performance lag.

One should keep in mind that such visualizations can be produced for any single
spatial tile of a specific time instance. In this manner, we extend the previous
experiments by presenting two new sets of multi-label confidence maps for h18v04
tile of CLC2000 in Figures 6.5, 6.6, and 6.7, as well as for h19v04 of CLC2006
in Figures 6.8, 6.9, and 6.10, correspondingly. We observe once more that the
algorithms have pronounced troubles in detecting specific labels accurately (e.g.,
labels 2,19, and 20), but with the incorporation of more training examples the

predictions improve remarkably.

6.1.4 Comparison of multi-label classification algorithms

Regarding the h19v04 tile of CLC2000 as our reference region, an overview of the
performance is presented in Table 6.1, where we have included all the performance
metrics. For the evaluation of experiments, we performed 10 different 10-fold cross
validation experiments, whereas the reported results are averages over these 100
runs of the different algorithms.

When considering the problem transformation methods, we observe that BR-
DT is better than LP-DT in all exampled-based metrics except subset accuracy,
which is notably high among all examined methods, suggesting that LP-DT is able
to capture very well the underlying statistics of the labels. For the label-based
metrics, the results are more balanced, since BR-DT is superior in precision and
F-measure, whereas LP-DT is slightly better with respect to AUC. Regarding the
algorithm adaptation methods, we observe that IBLR has a small lead, but overall
ML-kNN and IBLR are on equal footing, since the observed variation in prediction
accuracy manifested in the evaluation metrics is of little statistical significance for

most of the metrics. Analyzing the last category of ensemble methods, RAKEL-DT
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Table 6.1: Performance (mean + std) of each multi-label learning algorithm over 10
different 10-fold cross validation experiments. For each metric, 1 indicates “higher
the better”, whereas | indicates “lower the better”. Ensemble methods perform

overall higher than problem transformation and algorithm adaptation techniques.

Multi-Label Learning Algorithm

Measure
BR-DT LP-DT ML-kNN IBLR RAKEL-DT ECC-DT
Hamming Loss | 0.044 £0.002 0.047£0.002 0.067 £0.001 0.067 £0.001 0.030+0.002 0.033 £+ 0.001
Subset Accuracy T 0.496 +£0.013  0.626 £0.015 0.305+0.010 0.318 £0.014 0.638 £0.014 0.597 £+ 0.013
One-error | 0.189+0.013 0.289 £0.015 0.269 £ 0.015 0.268 £0.012 0.098 &+ 0.010 0.108 £ 0.009
Coverage | 4.793+£0.236  5.743£0.176  2.987 £ 0.073 3.008 £0.054 2.436 +£0.179 1.939 £0.075
Ranking Loss | 0.120 £0.008 0.177 £0.008 0.072+£0.004 0.073 £0.003 0.044 +£0.006 0.030 £ 0.002
Average Precision 1 0.802+0.010 0.742£0.012 0.762+0.009 0.763 £ 0.006 0.900 £ 0.008 0.896 £ 0.005
Macro Precision 1+ 0.770 £0.013  0.731 £0.015 0.679+0.033 0.669 +0.019 0.874 £0.010 0.897 £+ 0.015
Macro Recall T 0.724+£0.016 0.729£0.013  0.419£0.008 0.451£0.016 0.772+0.011 0.692 £ 0.011
Macro F-Measure 1 0.743+£0.013  0.727£0.012 0.483 £0.012 0.520£0.016 0.814 £+ 0.009 0.766 £ 0.011
Macro AUC T 0.864 £0.007 0.878+0.010 0.913+£0.005 0.919+£0.005 0.953+0.005 0.968 &+ 0.003
Micro Precision 1 0.795+£0.009 0.768+0.013 0.746 £0.014 0.735+£0.010 0.881 +0.009 0.897 £ 0.006
Micro Recall 1 0.768 £0.011  0.766 +£0.012  0.516 £0.013 0.531 £0.009 0.820+0.011 0.761 £+ 0.011
Micro F-Measure T 0.782+0.009 0.767 £0.012 0.610 £ 0.009 0.616 &+ 0.009 0.850 £+ 0.009  0.823 £ 0.008
Micro AUC 1 0.882+£0.008 0.891 £0.008 0.942 £ 0.003 0.940 £0.002 0.967 &+ 0.004 0.980 £ 0.002
Training Time (sec) 48.19+1.800 19.46 +0.564 37.40+2.628 49.03+1.855 243.3+5.418  761.8+134.8
Testing Time (sec)  0.436 +0.035 0.378 £0.094 4.220+0.333 4.730 £0.472 0.507 £ 0.058  0.935 £ 0.178

has a clear advantage when it comes to metrics such as subset accuracy and recall,
however, ECC-DT achieves superior performance for precision and AUC. Moreover,
we validate that the ensemble frameworks of RAKEL and ECC improve remarkably
the performance of the transformation methods on which they are based (i.e., LP
and BR, respectively).

All in all, one can argue that the ensemble methods confirmed their reputation as
the most powerful class of multi-label classification algorithms, since they achieve a
higher and more robust performance compared to other methods. On the other side,
this higher performance implies and a substantially higher computational cost, as it
is shown in the runtimes reported in Table 6.1 on a typical workstation. Between
the remaining two categories, i.e. algorithm adaptation and problem transformation

methods, results are balanced and largely dependent on the metric which one is
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interested to optimize.

6.1.5 Classification per label

Table 6.2 shows the classification accuracy of the multi-label algorithms for each of
the examined labels separately (as if they were independently predicted), along with
the average accuracy in the last column. Based on the ease of predictions, we can
rank the labels in the following descending order: 18,4,7,20,11,19, 13,6, 10,16, 14,
12,5,17,1,15,9,8, 3, and 2. We notice that the hardest labels are the “industrial or

commercial units” with a mean accuracy of approximately 86%, followed by “road

Table 6.2: The mean accuracy per label over 10 different 10-fold cross validation

experiments. Some labels are more sensitive than others in classification.

Label No. BR-DT LP-DT ML-kNN IBLR RAkKEL-DT ECC-DT Avg.

1 0.940 0.935 0.918 0.919 0.962 0.953 0.938
2 0.870 0.861 0.814 0.815 0.909 0.894 0.861
3 0.930 0.925 0.907 0.907 0.955 0.947 0.928
4 0.984 0.982 0.978 0.978 0.988 0.986 0.983
5 0.947 0.943 0.932 0.931 0.963 0.959 0.945
6 0.970 0.967 0.964 0.964 0.981 0.977 0.971
7 0.982 0.977 0.979 0.978 0.985 0.984 0.981
8 0.932 0.929 0.911 0.910 0.957 0.947 0.931
9 0.934 0.928 0.912 0.911 0.960 0.949 0.932
10 0.971 0.969 0.934 0.935 0.980 0.978 0.961
11 0.981 0.981 0.959 0.959 0.989 0.986 0.976
12 0.952 0.947 0.923 0.923 0.969 0.960 0.945
13 0.977 0.974 0.964 0.963 0.982 0.979 0.973
14 0.959 0.955 0.928 0.928 0.975 0.968 0.952
15 0.942 0.938 0.909 0.909 0.958 0.955 0.935
16 0.960 0.957 0.933 0.935 0.975 0.969 0.954
17 0.918 0.913 0.967 0.965 0.947 0.937 0.941
18 0.995 0.995 0.994 0.994 0.997 0.996 0.995
19 0.980 0.978 0.960 0.960 0.987 0.984 0.975
20 0.983 0.983 0.968 0.969 0.988 0.987 0.979
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and rail networks and associated land”, “green urban areas”, and “sport and leisure
facilities”, with a mean accuracy of approximately 93%, indicating that in general
buildings and urban areas are a hard target for identification. On the contrary,
“peat bogs” is the easiest one with a mean accuracy of approximately 99%, followed
by “airports”, “construction sites”, and “coastal lagoons”, with a mean accuracy of
approximately 98%.

Based on the results of Table 6.2, one can see that the classification model
has difficulties discriminating in general artificial surfaces (apart from airports and
construction sites), whereas it achieves better performance for wetlands and natural
areas. This fact can be attributed to the features we use (especially NDVI), which
are more appropriate for detecting targets that follow a periodic profile regarding the
natural greenery variations (cycles) throughout a year (time series analysis). On the
contrary, urban characteristics, being prone to city’s unpredictable environmental
conditions and insensitive to chlorophyll or water factors, violate these standard

seasonal changes and thus are much harder to identify.

6.1.6 Classification on different spatial regions and tempo-

ral instances

In this section, we examine the performance of the algorithms when the training
examples are acquired from a specific region at a given year, while testing takes
place either on a neighboring region, or on a different time instance. We initially
examine the classification efficiency of a neighboring geographic region, since ac-
curate prediction of the labels in another region implies that if we have enough
training examples of a specific label, then we can test the presence of this label
in unexplored locations, avoiding the high cost of hand-collecting new annotated
training examples. Motivated by this, we consider a different experimental setup,
where three different types of training sets are used, namely a training set from the
same tile (h18v04), a training set from another tile (h19v04), and a mixed training
set containing all training examples from the reference tile (h19v04) and only a few
(i.e., 1024) training examples from the target tile (h18v04). The classifier that was

selected for this set of experiments was the ensemble method ECC-DT.
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Figure 6.11: Multi-label classification performance with respect to amount of train-
ing data for tiles originating from different spatial locations using ECC-DT. Nat-
urally, the results verify that training using data from the same spatial location
produce the optimal classifier, while changing the location can have dramatic effects
on performance. Fortunately, exploiting a mixed training set composed of data from
both the corresponding data and location, as well as different location can achieve

a very good performance, approaching the “optimal” performance.

Analyzing Fig. 6.11, we observe that when the training and the testing sets
originate from the same tile, the performance is the best that can be achieved.
Nevertheless, there is a significant degradation in performance when the training set
originates from another tile. We observe that although the performance improves
initially, it soon reaches a plateau which is lower than when the same dataset is used
for both training and testing. This is where the third described training set comes
into play. As we can see, the performance in mixed training conditions is very close
to the performance achieved in the benchmark case. This behavior suggests that
one can exploit already acquired annotated data, avoiding the effort required for
collecting new annotated data, and still achieve a performance comparable to the
performance achieved when the typical training-testing scenario is employed.

The last experiment, which we present in Fig. 6.12, examines the predicting
performance for data from the h19v04 tile in CLC2006 under three different training

sets, namely using a training set from the same tile (h19v04) in the same year
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Figure 6.12: Multi-label classification performance with respect to amount of train-
ing data for tiles originating from same spatial locations but different time instances
using ECC-DT. Similar to Fig. 6.11 the results are not good when using the training
set of the reference tile, whereas by incorporating the mixed training set we achieve

a very good performance, approaching the “optimal” one.

(2006), using a training set from the same tile (h19v04) in another year (2000), and
a training set composed of all training from the reference tile enhanced by 1024
training examples from the target tile. In this case, the objective is to forecast the
presence/absence of specific labels in order to understand the temporal evolution of
land cover for this region. This is an immensely important scenario since obtaining
up-to-date field-based annotation is extremely challenging, causing very low update
rates that characterize CLC. This is a problem for land cover maps in general,
leading to produced data that are outdated at release time. Similar to the previous
case, we observe that the prediction performance when utilizing examples from the
reference tile flattens again for the two metrics, but the performance gradient is

smoother.

6.1.7 Comparison with spectral unmixing

Spectral unmixing and multi-label classification in remote sensing can both operate

under the scenario that an observed spectral vector can be actually composed of one
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or more materials (in contrast to single-label classification). Nevertheless, a direct
comparison between the two methods is very difficult for various reasons. More
specifically, the objective of spectral unmixing is the estimation of the abundance
(proportion) of each endmember in an observed spectral vector, while multi-label
classification aims at estimating a bipartition and a strict total order (ranking) of all
labels. Furthermore, from a machine learning perspective, endmember extraction
can be achieved either by defining a spectral library (supervised), or by assuming
a known number of endmembers and trying to identify their characteristics (semi-
supervised), or by trying to estimate both the number and the characteristics of
the endmembers from the data (unsupervised). Since no spectral libraries encod-
ing the land cover maps we consider are available, we rely on a semi-supervised
approach, where the number of endmembers corresponds to the number of land
cover classes we consider. Meanwhile, abundance estimation is also unsupervised,
since no information regarding the concentration of the specific land cover labels per
pixel exists. On the other hand, multi-label classification adheres to the supervised
learning paradigm and strongly utilizes the provided labels during training.

Due to these different learning characteristics of spectral unmixing and multi-
label learning, a direct comparison requires certain modifications to be made and
extra assumptions to be introduced. Firstly, we consider the semi-supervised ver-
sion of unmixing, where the number of endmembers is set to be equal to the number
of labels m, in order to be able to utilize the land cover ground-truth. Moreover,
in order to support a direct comparison, the output of spectral unmixing, which is
the proportions of endmembers, must be converted into a binary format indicating
presence or absence of labels. This is accomplished by introducing a threshold T'
and by selecting only the endmembers that exceed this threshold. For this reason,
we introduce the ASC in the abundance estimation algorithms, in addition to the
ANC constraint of endmembers that we also consider. Practically, by introducing
the ASC and the ANC, the output of unmixing is probabilistic, and a thresholding
operator is applied for selecting only the endmembers that are found to be statis-
tically significant. In order to satisfy the ASC, we convert the 1’s indicating the

label existence to probabilities that sum up to one (i.e., if two labels are present in
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a pixel, we assign to the corresponding positions the value of 0.5). With the above
in mind, we proceed to the comparison between spectral unmixing and multi-label
classification for real remotely sensed multispectral data.

Regarding spectral unmixing, we consider different combinations of the two un-
derlying processes, namely endmember extraction and abundance estimation, while
in all cases, we use the authors’ implementation and suggested default settings.
This way, in order to unmix the reference tile h19v04 of CLC2000, we initially
decompose the measurements into a library A € R¥™, where d is the number
of bands/features, and m is the number of endmembers/labels. In this step, three
state-of-the-art algorithms have been incorporated, namely the N-FINDR, the VCA,
and the SISAL. Then, for the fractional abundance estimation (inversion step) we
evaluate two state-of-the-art methods, namely the SUnSAL which uses sparse re-
gression under the LMM, and a gradient-based algorithm developed in [59] which
assumes the PPNMM.

23f -¥-N-FINDR + SUNnSAL 23 -¥-N-FINDR + Gradient-based alg.|{
~#-VCA + SUnSAL % VCA + Gradient-based alg.
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Figure 6.13: RMSE w.r.t. the number of examples for h19v04 of CLC2000 over 30
random runs. The approximation for all the examined unmixing chains improves,

suggesting these data can be also used for unmixing purposes.

The first question we seek to answer is whether the process of endmember ex-
traction can be enhanced by introducing a larger number of training examples. The
quality of the unmixing procedure is measured by comparing the estimated & and

the “actual” abundance vector e in terms of the error defined by the Root Mean
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Square Error (RMSE):

p
RMSE = | L3 " |la; — &%, (6.1.1)
=1

where a(i) and &(7) is the actual and the estimated abundance vectors of the i-th
testing pixel, respectively. In Fig. 6.13 we observe that the error for all the unmixing
chains reduces while increasing the number of training examples. The conclusion
we can draw is that introducing more training examples can help spectral unmixing
schemes to achieve better prediction by presenting them with a larger pool of data,
facilitating the generative processes they employ. In specific, the SISAL method,
which is not based on the pure pixel assumption achieves a lower RMSE, which is
also characterized with a lower variance. In addition, the gradient-based algorithm
assuming the PPNMM captures better the existing nonlinearities and leads to a
better approximation of a than SUnSAL, especially for a small number of training
examples. A possible explanation of this behavior, following the reasoning in [17], is
that the LMM assumption can be inappropriate for images containing sand, mineral
mixtures, trees and vegetation areas [130], elements that are all contained in the
selected labels (CLC codes 331,131, 141,223, and 241).

Given the best performing unmixing strategy, i.e., SISAL for endmember ex-
traction and the gradient-based algorithm for abundance estimation, we proceed to
a comparison between spectral unmixing and multi-label classification versus the
ensemble methods, utilizing multi-label classification metrics discussed in Section
3.6. Overall, Table 6.3 demonstrates that the multi-label methods are considerably
better than the spectral unmixing ones in terms of the classification measures. Prob-
ably, the main reason for the bad behavior of unmixing algorithms, is that most of
the endmembers are estimated to have a non-zero proportion (or else most of the
labels are estimated to be active) in the testing pixels, producing too many FP ex-
amples, thus low precision. This can be attributed to the low spatial resolution and
the high mixing of the pixels in our dataset. Regarding the performance of unmix-
ing with respect to the selected threshold, Table 6.3 demonstrates that increasing
the threshold leads to higher hamming error, and that it dramatically increases the

recall, due to the fact that larger values of the threshold produce a larger number
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Table 6.3: Performance (mean =+ std) of the ensemble methods versus unmxing over

30 random runs. Multi-label classification produces significantly higher results.

Spectral Unmixing

Multi-Label Classification

Measure # Training
T = 50% T =95% RAKEL-DT ECC-DT
128 0.240 £0.012 0.5924+0.021 0.106 £0.004 0.096 £+ 0.002
Hamming Loss |
1024 0.257 £0.016 0.709 +0.027 0.077 £0.001 0.075 % 0.001
128 0.097 £0.019 0.101 £0.007 0.468 £0.023 0.554 4+ 0.024
Micro Precision 1
1024 0.100 £0.016 0.100 +0.006 0.665+ 0.009 0.724 4+ 0.010
128 0.164 £0.031 0.6124+0.046 0.329£0.019 0.284 4+ 0.020
Micro Recall 1
1024 0.191 £0.037 0.7434+0.064 0.500 £0.008 0.429 + 0.011

of FP and a lower number of FN. With respect to the number of training examples,
we observe that only the recall metric is increased suggesting that the architecture
is able to capitalize on the training examples by identifying a larger portion of true
labels.

A higher level snapshot of each method’s behavior can be obtained by com-
paring the hamming loss metric, which shows that the percentage of misclassified
example-label pairs is much higher for unmixing compared to the ensemble multi-
label learning algorithms. In general, the results presented in Table 6.3 demonstrate
that multi-label classifiers, even if they are not able to produce fractional abundance
estimations, achieve much higher and more robust binary predictions, even under

such noisy environments.

6.1.8 Experimenting with fusion of the features

In real-world applications, the use of heterogeneous features is a practical issue.
Nonetheless, how to integrate those features is still one of the main research topics
in the areas of pattern recognition and machine learning. In this thesis, we have
employed the feature-level fusion paradigm for the two kinds of features we take into
account, meaning that we simply concatenate the features sets of NDVI and LST
into a single feature vector. Besides this approach, one can train a classifier for each

type of features, and then combine the predicted results produced by the different



6.1. Multi-label Learning Evaluation 65

classifiers (with the associated features) via a voting or averaging strategy to obtain
the final output. This can be considered as classifier or decision-level fusion [131].
In this set of experiments, we experiment with some simple such fusion schemata.
More specifically, we initially learn two independent base-level models, one for
each feature representation, and then we apply a decision rule in order to exploit the
predictions of the base-level models. In this way, we utilize the bipartitions extracted
from a multi-label classification algorithm (e.g., RAKEL-DT, ECC-DT) using solely
the 19 NDVI, or the 38 LST features. Given the matrices with the predictions, we
apply either the Max, or the Min Rule [132] in order to obtain the final bipartition.
In the first case (i.e., Max Rule), we formulate the predictions regarding a label to
be active as long as it is enabled in one of the classifiers, whereas in the second case
(i.e., Min Rule), a label is enabled to a test sample if only the corresponding values

in both matrices agree.

Table 6.4: Performance (mean =+ std) of the ensemble methods using feature-level
fusion and decision-level fusion with Max or Min Rule over 50 random runs, with

1024 training examples.

RAKEL-DT ECC-DT
Measure \ Fusion Level Feature Decision - Max  Decision - Min Feature Decision - Max  Decision - Min
Hamming Loss | 0.077 £ 0.001 0.159 £ 0.035 0.100 £0.002  0.075 £ 0.001 0.129 £ 0.024 0.101 £ 0.001
Micro Precision 1 0.665 £ 0.009 0.313 £+ 0.083 0.583 £0.097  0.724 £0.010 0.385 4+ 0.107 0.594 £+ 0.101
Micro Recall 0.500 £ 0.008 0.386 £ 0.055 0.044 £0.036  0.429 £0.011 0.322 £+ 0.033 0.027 £ 0.019

In Table 6.4, we report three classification measures, regarding the feature-level
and the decision-level fusion. We observe that the Min Rule is better than the
Max Rule for hamming loss and precision metrics, whereas the Max Rule outweighs
in recall, meaning that less FN arise in this case. This way, different rules are
more appropriate for different kind of metrics. However, none of these schemata
outperforms the baseline (i.e., feature-level fusion), which is higher for all measures,
suggesting that if we really want to benefit from decision-level fusion, we have to
employ more complex approaches (e.g., stacking). We mention that such simple
fusion schemata have not led to improvements of performance also for other works

in the past [88].
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6.1.9 Parameter sensitivity analysis

In order to provide a comprehensive analysis, in this subsection we investigate the
effects and influence in performance attributed to the parameter selection process
of each considered algorithm. To minimize the effects introduced by other sources
of variation, we fix the number of training examples again to 1024 and perform 50
independent trials for each case in order to obtain an informed view of the sensitivity

of each method.
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Figure 6.14: Performance with respect to the number of neighbors for h19v04 of
CLC2000 with 1024 training examples. Both adaptation algorithms exhibit similar
performance with respect to this parameter, however IBLR has a slightly higher and
more robust behavior compared to ML-kNN.

Regarding the kNN-based methods, the key parameter that must be defined
concerns the number of neighbors that are used during training phase. We observe in
Fig. 6.14 that the worst choice for hamming loss corresponds to using 30 neighbors,
while for AUC when selecting only one neighbor. Nevertheless, there is convergence
between the two measures regarding the point of optimal performance, which is
attained with 5 neighbors. Increasing further the the size of the neighborhood leads
to performance deterioration, since less valuable information and more confusion
due to the noise is obtained. Between the two classifiers, we note that IBLR has
steadily a better predictable behavior than ML-kNN.

Considering the powerful class of ensemble techniques, we investigate how the
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Figure 6.15: Classification performance with respect to the number of models for
h19v04 of CLC2000 with 1024 training examples. Varying the number of models
has a major effect on the classification performance for ensemble methods. In this
respect, ECC-DT exhibits a superiority compared to RAKEL-DT for limited number

of training examples.

number of component base classifiers involved in the chain affects the performance.
As illustrated in Fig. 6.15, ECC-DT and RAKEL-DT differ significantly in internal
design, since the former achieves a performance close its optimal with a small num-
ber of classifier chain models, whereas RAKEL-DT is learning progressively with
an increased number of models. With the adoption of a large number of models
(more than 60), we can observe that the RAKEL-DT approximates the performance
achieved by ECC-DT. We note that for a fixed number of models, the complexity of
ECC-DT is significantly higher than RAKEL-DT. However, the superiority in per-
formance of ECC-DT for multi-label classification of land cover data is particularly

evident when a small number of training examples is incorporated.

6.2 Feature Learning Evaluation

The proposed framework of multi-label annotation for remote sensing data is a flex-
ible scheme. Therefore, the procedure described in Chapter 5 can be also adopted

successfully for other types of data. In this section, we incorporate surface re-
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flectance data provided by the MODIS product MODO09A1, and associate them
with the h19v04 tile of CLC2000 (using the 20 labels of Table 5.1). More specifi-
cally, we consider 7 surface reflectance bands, acquired at 500m? spatial resolution
and having a temporal variability of 8 days. Similar to MOD13A1 and MOD11A2
products, we collect all the available data over a temporal window of six months
(May to October), leading to 161 spectral bands in total. We underline that we are
particularly interested in this feature set, since these are the data which are provided
directly from a satellite imaging system and thus can be obtained and be accessible
in short time, without the need of extra processing. Furthermore, we incorporate
only 1000 training examples in order to obtain a real-life and challenging scenario.

In the first experiments, we compare these low-level satellite data with the high-
quality data used so far (i.e., NDVI and LST) in order to show their differences
in performance under the same classification conditions. Then, we perform a pre-
processing step through SAEs framework, in order to learn a new more informative
representation, and examine the performance of the learned features under the fol-

lowing scenarios:
e classification performance with respect to layer size and normalization.

e classification performance with the exploitation of a second hidden layer (deep
learning), where we utilize either the last layer’s features, or the concatenation

of features learned in the first and the second layer.

e comparison of undercomplete models with typical dimensionality reduction

techniques, such as PCA.

Once again, each experiment has its own distinct value and purpose, while the
objective this time is to examine the benefits of learning automatically low-level
features for the defined multi-label classification scenario. We further notice that
deep learning features can be generally extracted by providing primitive data to a
system, since by incorporating hand-crafted features the hierarchical structure of
the data needed is lost due to their inherent complex makeup. This way, surface
reflectance data are applicable for the deep learning approach and theoretically able

to reveal extra valuable underlying information, as they indeed do.
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6.2.1 Data preprocessing

A critical aspect of SAE models is the need for data normalization. To that end,
several normalization steps are usually performed in order to adapt the raw data
into appropriate inputs for neural networks. Experimental results have shown that
when the input variables are close to zero, neural network training is typically more
efficient since convergence is faster and the likelihood of getting stuck in local optima
is reduced. We consider normalization of each feature vector j to [0, 1] by subtracting
the minimum value of each element and dividing it by its range (the difference

between the maximum and the minimum value):

. I — min’
x] = e (6.2.2)

- . ;)
max) — min?

where the minimum values and ranges are stored for use in the test set.

6.2.2 Network architecture

In order to train a deep neural network there are several hyperparameters which
need to be set, including those which specify the structure of the network itself and
those which determine how the network is trained. The type of the nonlinearity
in the activation function is one of the first such hyperparameters that needs to
be considered. We adopt the logistic sigmoid activation ay(¢) = ay(¢p) = o(¢) =
1/(14e~?) in the hidden layers which has an output range in the interval [0,1] (and is
in accordance to the the initial scaling from Eq. 6.2.2). The bias units are initialized

to zero, whereas the initial weights are randomly drawn from a uniform distribution

U(—e¢,€) with e = 4,/6/(fan-in + fan-out), where fan-in is the size of the previous
layer and fan-out the number of hidden units in current layer [133]. Tied weights
(Wy = W) are commonly used to reduce the complexity, yet untied (Wo # W)
weights seem to generalize better in our case. Therefore, in the following results
untied weights are employed in all layers.

Neural network models demand significant effort and time during training, mak-
ing an exhaustive grid search in the space of hyperparameters intractable. In addi-
tion, since the particular dataset we consider has not been explored before, no prior

information on where these hyperparameters approximately lie is available. As such,
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for the specification of the hyperparameters p and  which control the sparseness of
the autoencoder, we first performed a coarse grid search in reasonable values and in
all cases, model selection was performed according the minimum Jaccard coefficient
in the validation set, which is composed of 20% of the training data (randomly sam-
pled). More specifically, the grid is constructed by considering the set produced by
the Cartesian product of p € {0.001,0.01,0.1,0.5,0.9} and 8 € {1,3,5,7,9} values.
A more fine-grained search in the vicinity of that tuple (p, §) that produced the best
score was subsequently considered. The models were trained for 5000 unsupervised
learning epochs, while at the supervised learning stage, we use 3000 epochs with
early stopping, a typical approach to prevent overfitting [133], where we monitor
the validation error every 100 iterations and if it has not decreased for 500 con-
secutive epochs, early stopping is enabled. Reported results are averaged over 10
Monte-Carlo trials, in order to minimize the effects of the initial random seed. For
the implementation of the SAE we considered the framework described in [117] which
is also available online®. The optimization algorithm used for minimizing the cost
function of the SAE was the BFGS gradient descent method with limited-memory
variation (L-BFGS)* and a stopping criterion of 1078, a quasi-Newton method for
unconstrained optimization that has proved to work well. Concerning the base clas-
sifier, for the all following experiments we have used the SVM, which is solved with
linear kernel by the Sequential Minimal Optimization (SMO) algorithm that is avail-
able within WEKA. This choice has to do with the empirical observation that profits
from feature learning are more pronounced for classifiers such as SVM and Logistic

Regression, compared to the DT that was used for the experiments of Section 6.1.

6.2.3 Performance of raw and high quality features

In land cover classification, vegetation indices provide a stronger indicator of the
amount of the photosynthetically active green biomass, than the pure spectral sig-

natures [11]. This way, they enjoy a widespread popularity for many years. In

3http://deeplearning.stanford.edu/wiki/index.php/UFLDL_Tutorial
4Mark Schmidt’s implementation: http://www.cs.ubc.ca/ schmidtm/Software/minFunc.html
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Table 6.5: Impact of the quality of features for the classifiers. Higher quality features

composed of NDVI and LST yield to improved performance compared to raw surface

reflectance.
Algorithm Features Hamming Loss | Avg Precision 1 Mac-F; 1 Mac-AUC 1 Mic-Fy 1 Mic-AUC 1
NDVI-LST 0.086 £ 0.000 0.493 £ 0.000  0.224 £ 0.000 0.615 £ 0.000 0.420 £ 0.000 0.676 £ 0.000
RAKEL-SVM Surf. Refl. 0.087 £ 0.000 0.435 £ 0.000  0.157 £ 0.000 0.572 £ 0.000 0.367 & 0.000 0.647 + 0.000

Norm. Surf. Refl.  0.084 4+ 0.000 0.472 £ 0.000  0.175 £ 0.000 0.586 £ 0.000 0.423 £ 0.000 0.667 £ 0.000

NDVI-LST 0.087 £ 0.000 0.594 £+ 0.003  0.275 £ 0.005 0.712 £ 0.006 0.474 £ 0.003 0.814 £ 0.003
ECC-SVM Surf. Refl. 0.087 £ 0.000 0.551 £ 0.004  0.191 £ 0.007 0.679 £ 0.008 0.449 £ 0.007 0.794 £ 0.005
Norm. Surf. Refl.  0.085 £ 0.000 0.593 £ 0.004  0.255 £ 0.006 0.707 £ 0.005 0.486 £ 0.004 0.816 £ 0.003

order to obtain a clear understanding regarding the effects of the quality of the
features, Table 6.5 presents the performance for different types of input features for
both multi-label classifiers considered in this paper. In the table, the first row for
each classifier case, corresponds to the optimized hand-crafted features, the second
to spectral reflectance values, and the third row to normalized spectral reflectance.
The higher quality feature descriptors we consider are the NDVI and the Land Sur-
face Temperature (LST) on the same tile for the same months retrieved from MODIS
Terra. The combination of NDVI and LST time-series features is well established
in the literature as being a very good indicator which can quantify changes in the
representation of vegetation growth and physical characteristics of land cover in
general [134].

The results show that the feature-level fusion of NDVI and standardized LST
acts indeed better than raw surface reflectance. This higher performance achieved
by the carefully designed features is the main motivation behind our approach,
which aims at formalizing an automated process able to extract more meaningful
spectral characteristics from raw satellite data. Moreover, we can see that there is a
significant effect of normalization on surface reflectance features, which varies from
metric to metric. We emphasize than even if RAKEL and ECC are two of the most
powerful schemas for multi-label classification, they perform poorly for some of the
measures [79], demonstrating the dramatic challenges associated with the real-world

problem we consider in this work.
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6.2.4 Impact of layer size and normalization

We now move on to our characterization of performance on various axes of param-
eters, starting with the effect of layer size. Choosing the number of neurons in the
hidden layers is a crucial design parameter affecting the overall neural network archi-
tecture. No formal rule guaranteeing the optimal selection exists and thus it usually
comes down to trial and error. We study feature learning with both undercomplete
(k < d) and overcomplete (k > d) representation models, where d = 161 is the
dimensionality of the raw feature space, considering a single-layer architecture as a
baseline. More precisely, in the case of undercomplete representations, we perform
experiments with half of the initial features, k = 80, and then with an extreme
scenario of only £ = 20 hidden units. Correspondingly, in the case of overcomplete
representations, we double the capacity of the model in breadth, & = 320, and then
we experiment on a highly overcomplete model where the latent code has £ = 500
units.

Figure 6.16 presents the micro-AUC score with respect to the number of hidden
units used in shallow architectures, where more specifically, Figure 6.16a demon-
strates the classification performance of the RAKEL with SVM as base classifier
(RAKEL-SVM), whereas Figure 6.16b introduces SVM as part of an Ensemble Clas-
sifier Chain (ECC-SVM). Regarding the baselines, the solid horizontal lines corre-
spond to the performance of the classifiers using the initial raw features, whereas
the dotted lines correspond to the normalized version of the initial raw features.
An observation evident in both figures is the large gap between the solid and the
dotted lines suggesting that the initial normalization step of the surface reflectance
data before their introduction to the classifiers can have a dramatic impact on the
performance. This is in line with the fact that algorithms that work with distances
and make parametric assumptions regarding the distribution of the data, such as
SVM or logistic regression, are affected positively by a normalized input space in
general. SVM assumes also that the data it works with lie in a standard range,
thus the normalization of feature vectors is crucial. We should also notice that the
computational time is much smaller with the use of normalization.

Overall, for both classifiers, 20 units are too few to adequately encode the signals
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Figure 6.16: Performance of multi-label classifiers using the codes learned by in-
creasing the size k of one hidden layer. The solid horizontal lines correspond to
the performance of the classifiers with the initial raw features, whereas the dashed
lines correspond to the accuracy achieved with the normalized version of the raw
features. Optimal complexity-performance ration is achieved using twice as many

of the initial raw features.

in the hidden layer resulting in significant degradation performance. By increasing
the number of hidden units to 80, the performance in both schemes surpasses the
score achieved using raw un-normalized features as inputs. However, the gain offered
by this feature learning, is outweighed to some extent by the effort of normalization of
the raw input data, as indicated by the dotted line. On the contrary, by considering
320 units, the performance of the feature learning scheme increases and slightly
surpasses the baseline, whereas with the incorporation of 500 units, the improvement
is marginal and comes at a higher computational cost. A key observation point is
that the normalization after the feature-mapping can also play a significant role and
boost the performance of classifiers. In detail, we observe that in the case of the
undercomplete feature learning architectures, the micro-AUC does not significantly
change with or without this normalization step. Nonetheless, it is evident that
in the case of overcomplete systems, the performance is higher and can clearly
outperform the enhanced baseline versions with the normalized feature vectors. Note

that different hyperparameters are needed in the overcomplete case whether we use



6.2. Feature Learning Evaluation 74

normalization or not for optimal performance.

With respect to the different classifiers, one can easily notice the dominance of
the ECC scheme compared to the RAKEL approach. Moreover, ECC is less affected
by the normalization steps, but has a greater variance on the results. Last, we
have to mention that we need the contribution of such powerful ensemble multi-
label learning schemes in order to achieve reasonable performance, due to both the
limited training examples and the many factors of variation that inhere in our real

dataset, allowing us to test the limits of current state-of-the-art classifiers.

6.2.5 Impact of depth

In this set of experiments, we focus on the impact of depth, i.e., the number of
hidden layers, with respect to the classification performance. In our setup, we
employ the same number of hidden units for all layers, which has been suggested
that generally leads to better performance compared to decreasing (pyramid) or

increasing (inverted pyramid) network architectures [70,133].

Table 6.6: Impact of depth for a fixed architecture consisting of 320 hidden units per

layer. Higher results are obtained for features extracted from deep architectures.

Algorithm  Depth Hamming Loss | Avg Precision 1 Mac-Fy 1 Mac-AUC 1 Mic-F; 1 Mic-AUC 1

1 0.081 £ 0.000 0.521 £ 0.003  0.265 & 0.004 0.620 £ 0.002 0.475 + 0.004 0.699 £ 0.002
RAKEL-SVM 2 0.082 £ 0.000 0.553 £ 0.003  0.330 £ 0.005 0.661 £ 0.003 0.504 & 0.004 0.731 £+ 0.002
1&2 0.082 £ 0.000 0.568 £ 0.004  0.360 & 0.004 0.676 £ 0.003 0.518 + 0.003 0.743 £ 0.003

1 0.084 £ 0.000 0.623 £ 0.003  0.330 &£ 0.007 0.732 £ 0.003 0.521 + 0.003 0.830 £ 0.002
ECC-SVM 2 0.087 £ 0.001 0.628 £ 0.003  0.377 £ 0.005 0.748 £ 0.003 0.530 & 0.004 0.832 £ 0.002
1&2 0.086 £ 0.000 0.635 £ 0.003  0.397 £ 0.005 0.757 £ 0.003 0.539 + 0.003 0.835 £ 0.003

Table 6.6, provides a comprehensive numerical evaluation of the two classification
schemes, namely RAKEL-SVM and ECC-SVM under different evaluation metrics.
The experiments concern the features extracted from the feature learning system:;
either from a single-layer autoencoder (rows indicated with Depth 1), or a level-2
stacked autoencoder which obeys the properties of deep learning (rows indicated
with Depth 2). The results demonstrate that both RAKEL-SVM and ECC-SVM

can benefit from the additional hidden layer to gain extra valuable discriminative
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information. Regarding the depth of the network, the gain is significant for all met-
rics except hamming loss, which improves only for the first hidden layer. We noticed
also that the mean value of the cost function is smaller from the first to the second
hidden layer, which can serve as a proxy of the final system’s performance. In ad-
dition, we have also considered the “concatenated” representation for autoencoders
(rows indicated with Depth 1 & 2 in Table 6.6), where we utilize the concatenation
of both layers of the network. This way, the final features introduced to the classifier
correspond to the combination of the first and the second hidden layer, instead of
the traditional “replacement-based” representation, where only the top-layer fea-
tures are used. We observe that the model can take further advantage from this
kind of representation and the more features exhibiting an improved performance,
but in a higher computational cost.

We have to highlight that a sparser representation has to be enforced for the
second than the first hidden layer, which suggests that in this case the sparseness
property in the representation can indeed help overcomplete architectures, since
without the use of this type of regularization, the deep models cannot achieve per-
formance beyond the one achieved by a single-layer architecture. Furthermore, the
performance achieved with deep learning of 320 units is better compared to the
single-layer case where we have 500 hidden units, further promoting the motivation
for deep architectures. Finally, when the feature learning procedure is involved,
the performance is substantially higher for all measures compared to the surface
reflectance baselines and the higher quality features (NDVI-LST) shown in Table
6.5. In a nutshell, these results suggest that to really benefit from sparse overcom-
plete models and produce useful representations, one must consider departing from
shallow to deep learning architectures.

Figure 6.17 shows the evolution of performance as we increase the number of
hidden layers from the first to the second with and without the use of pretraining via
SAEs. We use the same set of hyperparameters for both models. The performance of
the models with unsupervised pretraining is higher, whereas the advantage is more
pronounced in deep architectures. In parallel, the pretraining procedure clearly

reduces the variance of the performance, leading to more robust results. All in all,
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RAKEL model seems to be more affected from the pretraining procedure, as well as

to benefit more from the second hidden layer in comparison to the ECC.

6.2.6 Visualization of results

The results can be again interpreted visually through the notion of the multi-label
confidence maps presented in Subsection 6.1.3. This time, the goal is to reveal the
differences in classification performance arising from the use of different features.
More specifically, firstly we show the results from the classification performance
with the initial (raw) features, then with level-1 learned features through SAEs,
and finally with level-2 learned features through stacked SAEs. The ground-truth
map used for this set of experiments is presented in Fig. 6.18, whereas as top layer
classifier we incorporate either the RAKEL-SVM (Fig. 6.19), or the ECC-SVM (Fig.
6.20).

Examining the ground-truth map of Fig. 6.18 very closely, we observe that there
are labels of high frequency (e.g., 2,12,13,14,16,17), but most of the labels arise
sparsely (e.g., 1,3 —11,18 — 20). When the algorithms utilize low-level raw features
(Figures 6.19a and 6.20a), they can recognise only the labels of a higher frequency
in the samples. Nevertheless, through the hierarchical learning process, they can
gradually recognise successfully more examples having labels of a lower frequency.
In other words, labels such as 10,11, and 19, as well as 5,8,9, and 20, can only
be revealed through the feature learning process for RAKEL-SVM and ECC-SVM,
respectively. In this way, we can visually verify that the performance improves while
increasing the number of hidden layers. Another fact that is particularly evident
through the maps is the superiority of ECC-SVM, since through RAKEL-SVM labels
such as 5, 8,9, and 20, cannot be recognised successfully (expect for the second layer

features).

6.2.7 Comparison with PCA

In the specific case where the autoencoder has a hidden layer with a smaller hidden

size than the input, the neural network is forced to represent the input in a lower
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dimensional space, i.e., compress it. In this set of experiments, we focus on such
cases, trying to compare undercomplete models produced via SAEs, with PCA, a
benchmark technique for dimensionality reduction which also follows the unsuper-
vised learning framework, but with a linear mapping.

Figure 6.21 presents how PCA and SAEs behave as multi-label dimensionality
reduction techniques with respect to the number of hidden units and the number
of principal components, respectively, implying the final dimensionality size k of
the lower-dimensional space. The considered evaluation performance metrics are
the hamming loss and the micro-averaged AUC, while the classification scheme ap-
plied after the dimensionality reduction procedure is the ECC-SVM. In specific,
we perform experiments according to an extreme scenario where we set the dimen-
sionality to k& = 5, and proceed until we reach half of the original feature space
(k = 80). We observe that single-layer SAEs achieve higher performance for both
metrics, meaning that the underlying data are really complex with relationships that
a linear transformation cannot efficiently capture. The biggest difference is noticed
when experimenting with extreme cases of limited feature size. However, the gain
through autencoders is inadequate to strongly suggest the use of autoencoders in
any case, particularly if one considers the computational complexity which is signi-
ficantly higher with autoencoders. We mention that this behavior has been also
observed in other real-world applications. In other words, despite the theoretical
advantages of nonlinear reduction algorithms, it has been commonly reported that
they are not capable of outperforming the conventional linear algorithms on many

real-world datasets, although they perform very well on artificial ones [135].

6.2.8 Model sensitivity

In this part, we investigate the sensitivity of the feature learning scheme with respect
to the sparsity parameter p. More specifically, Figure 6.22a demonstrates the micro-
averaged AUC score for the ECC-SVM classifier versus some representative values
of the p, for a fixed sparsity weight (8 = 1). We observe that the undercomplete
models are more sensitive to the hyperparameter settings, since a change for p entails

a dramatic change for the performance. From the other side, the overcomplete
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models seem more robust for different values of the sparsity parameter, but do not
benefit a lot from the regularization. Overall, the hyperparameter p can highly affect
the final performance, whereas the impact of regularization is more prominent in the
undercomplete case for a single-layer architecture. In any case, as illustrated by the
figure, different hyperparameters combinations can lie on a wide range, indicating
that SAEs are quite sensitive models and thus hyperparameters settings have to be
chosen very carefully.

Figure 6.22b investigates the impact of the number of hidden units with respect
to the generalization performance of SAEs as it is encoded in the cost function. We
observe that the system seems to be primarily affected by the number of hidden
units compared to the sparsity of the connections. By increasing the number of
hidden units, the autoencoder ends-up learning a very good approximation of the
identity, but the specific regularization technique does not provide much additional
interpretation of the data in order to boost the performance of the subsequent
classification algorithm. Intuitively, this means that for very sparse models (large
value of 5 and small value of p), the algorithm tends to learn very specific features
that classifiers are not capable of generalizing, thus achieving better classification

rates.
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Figure 6.19: Multi-label confidence maps with RAKEL-SVM as top layer classifier

incorporating different levels of features.
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Chapter 7

Conclusions and Future Work

In this thesis, we presented a radically different approach in satellite-based land cover
identification, where we cast the problem as an instance of multi-label classification.
Multi-label classification in this specific domain provides supplementary solutions
to the important problem of spectral unmixing, however, unlike state-of-the-art
schemes, the proposed formulation utilizes publicly available labels in conjunction
with contemporary satellite data, and provides a real-world answer to maintaining
up-to-date land cover maps. Furthermore, the proposed scheme provides potential
modalities for extensions to various sources of data, in addition to land cover and
multispectral examined in this thesis.

We considered an extensive set of experiments, employing state-of-the-art multi-
label learning algorithms under diverse and challenging scenarios. The experimental
results suggest that a small number of training examples is sufficient for achieving
satisfying performance in the situation where training and testing data from a spec-
ified region on a given time is considered. However, the results deteriorate when
testing takes place on a different spatial region or from another instance in time.
We demonstrate that by encompassing a limited number of examples of the target-
tile at the target-time, the performance improves remarkably, offering a solid answer
to the issues related to the cost and time required for gathering annotated ground-
truth data. It should be noted that the proposed formulation can fully exploit the
existence of ground-truth data, which means in parallel that this approach cannot

be applied in cases where labeled data are unavailable, e.g., unmixing of the Mars
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surface. An interesting direction for future work is to consider sophisticated tech-
niques in order to reduce the effect of the unavoidable disturbances in the time-series
imagery, such as those presented in [136]. Apart from this, the enrichment of the
training set with measurements from other (compatible) instruments, can be consid-
ered as a particularly appealing aspect to improve the predictions regarding another
spatial tile or temporal instance.

The thesis also focused on the effects that the quality of satellite data represen-
tation can have on a learning algorithm, an issue of extreme importance. Carefully
designed hand-engineered features can significant aid in the more discriminative rep-
resentation of the remote sensing data, such as multispectral images employed in
our case. However, the specificity of these features may limit their generalization
capacity to different data sources and learning objectives. To address this issue, we
propose the introduction of feature learning directly from data. Results presented in
this thesis suggest that feature learning, in our case SAE networks, can significantly
boost the performance, even when a single hidden layer is involved. Furthermore,
experiments indicate that stacking layers over the raw input data can further im-
prove the performance leading to state-of-the-art performance in solving a truly hard
learning problem including real data that exhibit many facets of variation. Future
directions include experimenting with other types of regularization for the autoen-
coders, as well as extending this work to consider the nature of time-series and
spatial coherence, in order to better exploit the temporal and spatial characteristics
of the remotely sensed features, respectively. Finally, a supervised finetuning with
backpropagation to the whole architecture, can be also adopted to greatly improve
the performance, but at a significantly higher execution time.

In addition to the value of this work in the remote sensing community, we have
also effectively produced a new class of datasets composed of satellite and geographic
data. Therefore, we offer the research community the possibility to evaluate differ-
ent multi-label classification schemes on alternative remote sensing datasets which
provide a more appropriate and beneficial formulation compared to the single-label

models that have been explored in the literature so far.



Appendix A

Working with MODIS

Reprojection Tool

The MRT! tool was developed to support individual work with higher level MODIS
Land products (Levels 2G, 3, and 4) [119]. MODIS data products are free and
distributed in HDF-Earth Observation System (HDF-EOS) format. These products
are projected to a global tiled-based SIN grid formulation, where each tile is ap-
proximately 10° latitude® by 10° longitude® and non overlapping (Fig. A.1b). MRT
accepts raw binary or tiled MODIS products in HDF-EOS format, whereas output
file formats include raw binary, HDF-EOS, and GeoTIFF. The tool is compiled for
use on multiple operating systems aiming to provide map projections, resampling,
format conversions, mosaicing, and spatio-spectral subsetting options. Note that
MRT extracts automatically useful information once an HDF-EOS file is loaded,
displaying basic file specifications, such as the number of available bands, and the

geographic coordinates of the rectangle.

1https://lpdaac.usgs.gov/tools/modis_reprojection_tool
2Latitude is the angular distance measured north or south in degrees from the equator. By

convention, the equator is 0°, the north rotational pole is 90°N, and the south rotational pole is
90°S. Therefore, assuming a north facing map, lines of latitude are horizontal increasing from left

to right (east to west).
3Longitude is the angular distance measured east or west in degrees from the prime meridian

at Greenwich, England, to a maximum of 180°. Longitude lines run up and down increasing from

down (south pole) to up (north pole), assuming a map with the north on top.
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(a) MRT primary interface invoked from (b) The View Selected Tile popup of MRT
Graphical User Interface (GUI). illustrating the h19v04 tile.

Figure A.1: Snapshots of the MRT tool.

We provide the MRT with HDF files of distinct tiles referring to a specific time
instance of the defined time series. Each file is subject to the following processing
steps. We resample the original data according to to Nearest Neighbor in order to
ensure that we do not average quality bits. Then, we change the projection (i.e.
how the 3D Earth’s curved surface is mapped on a 2D planar surface) to UTM?,
and edit the projection parameters to WGS 84 datum®, a standard Coordinate
Reference System (CRS)® for the Earth adopted globally in cartography, geodesy,
and navigation by the GPS”. The output is forced to be again an HDF file. In Fig.
A .2a we show the h19v04 tile in SIN projection, whereas Fig. A.2b depicts the same

tile after the aforementioned processing steps.

4UTM is a map projection which uses a 2D Cartesian coordinate system to give locations on
the surface of the Earth, dividing it into 60 Zones of the same size. UTM is based on the original

cylindrical Transverse Mercator projection.
>Geodetic datum (or geodetic system) is a coordinate system (mathematical model) with a

reference surface, used to fit the Earth to an ellipsoid. For example, WGS 84 datum is a standard
spheroidal reference surface (ellipsoid) for raw altitude data, which uses a gravitational equipoten-

tial surface (the geoid) in order to estimate the nominal sea level, and thus define a place.
Shttp://docs.oracle.com/cd/B28359_01/appdev.111/b28400/sdo_cs_concepts.htm
"The Earth is an imperfect ellipsoid, thus localised datums can give a more accurate represen-

tation of the area of coverage than WGS 84. Nevertheless, the benefits of a global system outweigh

the greater accuracy.
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(a) The original HDF-EOS file representing (b) The processed HDF-EOS file represent-
the NDVI bands of the h19v04 tile in SIN ing the NDVI bands of the h19v04 tile in
projection. UTM projection with a WGS 84 datum.

Figure A.2: Visual difference between the SIN and the UTM projection for a specific
spatial tile.






Appendix B

Processing Geographic

Information Systems Data

GIS primarily use two categories of digital data: wector and raster data format.
Vector data model is a representation of the world using individual points, which
(for 2D data) are stored as pairs of (x,y) coordinates. These points may be joined
in a particular order to create lines, or joined into closed rings to create polygons.
Vector models are useful for storing data that have discrete boundaries, such as
country borders, land parcels, and streets. From the other side, raster data model
is a representation of the world as a surface divided into a regular grid of (usually
square) pixels (or cells), where each pixel has an associated value. Raster models are
useful for storing data that vary continuously, as in an aerial photograph, a satellite
image, a surface of chemical concentrations, or an elevation above sea level. All in
all, vector and raster datasets have different strengths and weaknesses, whereas a
representation through vector and raster format of the same image is presented in
Fig. B.1.

CLC data 2000" and 2006* Version 17 are distributed by the EEA in raster for-
mat. Since raster data in GIS are good for showing continually varying information,

they highly apply for land cover estimation which changes over time. The data are

http://www.eea.europa.eu/data-and-maps/data/corine-land-cover-2000-raster—3

2http://www.eea.europa.eu/data-and-maps/data/corine-land-cover-2006-raster-3
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(a) Vector data are focused on modelling (b) Raster data are focused on modelling

discrete features with precise shapes and continuous phenomena and images of the

boundaries. Earth.

Figure B.1: The raster and vector data models. Each model stores features in a

different way:.

actually matrices of discrete cells that represent features (land cover type) on the
Earth’s surface. Each cell in the raster grid is the same size and constitutes a pixel.
The size of pixels in a raster determines its spatial resolution, i.e., the ability to
resolve two points as separate in an image, which in the case of the CLC maps is
either 100 x 100 or 250 x 250 meters.

By checking the online metadata of the inventories provided by EEA, we see that
the grid included in the GeoTIFF file is based on the CRS of the European Terrestrial
Reference System (ETRS) projection 89 (ETRS89)®/ETRS - Lambert Azimuthal
Equal Area (LAEA), which is also known in the European Petroleum Survey Group
(EPSG) Geodetic Parameter Dataset under the identifier EPSG:3035%. The .zip
files, apart from the GeoTIFF file, include a layer (.lyr) and a projection (.prj) file,
as well as the CLC legend in Excel (.xIs) and text (.txt) file formats. Note that
CLC2000 and CLC2006 do not have the same geographic coverage according the
metadata, since some of the countries did not provide data for the 2006 update.

QGIS® is a free and open-source GIS application, which can visualize, manage,

edit, and analyse data, as well as compose printable maps. It can run under different

3The ETRS89 datum is used in Europe, as the NAD83 datum is used in North America. These

datums are almost identical to WGS 84.
4http://epsg-registry.org/
Shttp://www.qgis.org/en/site/


http://epsg-registry.org/
http://www.qgis.org/en/site/
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a) QGIS primary interface. b) The CLC2000 raster data at 100m?2 res-
(a) QGIS p y (b)

olution.

Figure B.2: Snapshots of the QGIS.

operating systems and supports numerous vector, raster, and database formats and
functionalities. We use the QGIS in order to read the CLC raster data in the
following way. The process starts by loading the 100m? original GeoTIFF image
(through Layer — Add Layer — Add Raster Layer). In Fig. B.2 we show the
CLC2000 as results from the original raster data. In the next step, we have to store
the current map in the WGS 84 datum (right click on g100-00 in the Layers pane —
Save As, and set CRS as “Default CRS (EPSG:4326 - WGS 84°)”). Then, save this
new reprojected map in GeoTIFF format. Later on, we noticed that the reprojection
process can be achieved from an alternative way either (Raster — Projections —
Warp, and edit Target SRS field), producing slightly different results.

Given that we have already converted a MODIS tile in UTM projection with
WGS 84 datum (see Appendix A), we know the geographic coordinates, since they
are automatically shown in the main window of the MRT tool once we load an
appropriate HDF-EOS file, as Upper Left (UL)/Lower Right (LR) latitude and
longitude positions. We utilize these coordinates in order to crop the CLC map,
extracting the area corresponding to a whole MODIS tile (e.g., h19v04, h18v04)
which entirely belongs in the coverage area of the CLC map (Raster — Extraction

— Clipper’, and save as .tif file).

SEPSG:4326 is just the EPSG identifier of WGS84!
"Latitudes and longitudes exist on a spherical globe and that’s why we need to project them

onto a (theoretically) flat map (x and y coordinates). For QGIS Lat = y and Long = x. Therefore,
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As already stated, the spatial resolution is inversely proportional to the size of
the pixels in the raster grid. Furthermore, the pixel size obviously influences the
size of the matrix. Consequently, for a given matrix size, a finer grid supports a
higher spatial resolution. In other words, when we have two images referring to the
same geographic area and the one is of a higher spatial resolution, then this image
is a finer matrix with a greater detail containing more pixels. In this way, more
than ones pixels (labels) of CORINE can be assigned to each multispectral pixel
of MODIS, since the CLC maps enjoy a higher spatial resolution. Although the
GeoTIFF file produced with the aforementioned procedure in QGIS refers to the
same location with a predefined MODIS tile, when we load it into the MATLAB
workspace, there is not the expected analogy between the matrix containing the
labels and the matrix with the feature data. This incompatibility can be attributed
to various reasons, such as the error that all projections introduce, or the fact that
MODIS spatial resolution is not exactly 500m?.

In order to acquire the appropriate proportional association between the two
matrices according to their corresponding spatial resolutions, we practically need
a tool that allows us to perform calculations and modifications on the basis of the
existing raster pixel values. The associated tool provided by the QGIS application is
termed Raster Calculator, and is accessible via Raster — Raster Calculator. More
specifically, we utilize its capability to set manually the number of rows and columns
of the result layer, thus to define the exact resolution, i.e., matrix size, of the calcu-
lation area (select the desired raster band from the left pane, click to “Current layer
extent”, set desired rows and columns of the result layer, and select the GeoTIFF
as the output format). Knowing the size of the MODIS image tile (measured as an
array in MATLAB), and assuming that the MODIS pixel is approximately 5 X 5
times bigger than the CORINE pixel, we are finally able to form the data matrices
properly (e.g., if the size of the MODIS image is 2504 x 3028, then the size of the
desired CLC labels matrix should be 12520 x 15140).

MRT UL Corner Longitude <> Clipper 1 x, MRT UL Corner Latitude <> Clipper 1 y, MRT LR
Corner Longitude <+ Clipper 2 x, MRT LR Corner Latitude <> Clipper 2 y.
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