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Abstract

The development of the latest-generation optical data sensors mounted on board of
both spaceborne and airborne Earth observation platforms have led to the increas-
ing volume, acquisition speed and variety of sensed images. They have been classi�ed
as big remote sensing (RS) data since the reached volume of the archived data (i.e.,
petabytes scale), the challenging velocity in the sense of the continuous acquisition at
increasing rate (short re-visiting time), and the wide variety of the available optical
sensors with high resolutions. The RS images can be utilized in interdisciplinary ap-
plications addressing speci�c topics such as global and local climate change studies,
ecological and environmental monitoring, urban planning, etc. However, their infor-
mation content depends upon various factors, e.g. the sensor resolution (i.e., spectral,
spatial, radiometric), the equipment unreliability, the type and amount of noise, etc.
As a consequence this thesis contributes to the interpretation of RS images that is not
straightforward and it requires a powerful yet highly accurate processing scheme in
order to extract reliable and valuable information. In order to address the challenges of
big RS data, this thesis focuses on automatic, scalable, and parallel processing meth-
ods within the presented RS classi�cation scheme. The above is achieved on the basis
of two core thesis objectives: develop an automatic modeling of the spatial information
and provide a scalable classi�cation algorithm.

The �rst objective is to identify an e�ective method that seeks to exploit the spatial
information included in RS images. Very High Resolution (VHR) images with sub-
metric resolution allow to make an accurate analysis of the geometrical features of the
objects present in the scene under study. However, the intrinsic mixture of land covers
in natural landscapes and the overwhelming amount of details present in urban areas
make the analysis both particularly complex and demanding. One of the most promis-
ing strategies for the analysis and the interpretation of a scene are region-based hier-
archical representations included in the Mathematical Morphology (MM) framework.
This strategy relies on the Tree of Shapes (ToS), which is a well-adapted structure for
high-level image processing, i.e. it is invariant to contrast change and it describes how
objects are included in each other. Attribute Filters (AFs), which are connected oper-
ators (COs), had e�ciently been implemented on the ToS in multilevel architectures
in order to compute Self-Dual Attribute Pro�les (SDAPs). The thesis o�ers e�ective
strategies able to generate SDAPs capturing the most discriminant features in regards
to the classi�cation problem, such as structures with heterogeneous characteristics (e.g.
scale and shape). These SDAPs can be de�ned by di�erent attributes (i.e., increasing
or non increasing) and �lter rules (i.e., pruning or non pruning) combinations. Their
performances are studied on the background of the classi�cation problem of multi-
spectral datasets. A solution is proposed to the unresolved issue of the selection of
�lter parameters for the SDAPs, which is able to compute pro�les that are both rep-
resentative (i.e., they contain salient structures in the image) and non-redundant (i.e.,



the objects are present only in one or few levels of the pro�le). A novel strategy of
automatic selection of the thresholds is proposed for tackling this issue. The SDAPs
have already proven to be more e�ective than Attribute Pro�les (APs) since they pro-
cess bright and dark regions simultaneously. In order to maximize the potential of the
SDAPs, Extended Self-Attribute Pro�les (ESDAPs), a generalization of SDAPs, are
proposed for the analysis of hyperspectral images.

The second objective is to take advantage of the emerging parallel computing architec-
tures for accelerating challenging classi�cation problems. Traditional serial classi�er
implementations present several limitations when considering high dimensional RS
datasets. This dimensionality depends on the number of features and samples. The
features can be an intrinsic dimension of the data (e.g., hyperspectral images) and/or
the result of particular processing analysis (e.g., spatial enhancement). The sample
dimension can be caused by the frequency and/or the size of the acquisition of the
coverage. As a result the classi�cation process becomes more complicated and cumber-
some, requiring considerable processing power and data storage capability. Among the
widely used RS classi�ers, Support Vector Machines (SVMs) have often been found to
be more e�ective in terms of classi�cation accuracies and stability of the parameter
settings. However, SVM can be very demanding with respect to the processing time,
e.g., in tuning the hyperplane parameters with cross-validation. In order to �nd the
best solution to these issues, a survey of SVM parallelization approaches is presented.
Several technical factors are included, such as the availability of free and open technol-
ogy, scalability of the solution, and speci�c algorithm suitability. A version of piSVM
is identi�ed as a stable implementation since it is based on the libSVM library and it
takes advantage of the mature Message Passing Interface (MPI) standard in parallel
computing.



Ágrip

Þróun nýjustu kynslóðar skynjara í �ugvélum eða gervitunglum sem safna fjarkön-
nunarmyndum hefur leitt til mikils gagnamagns, mikils söfnunarhraða og margs konar
myndgerða. Fjarkönnunarmyndirnar hafa verið �okkaðar sem stór gögn (e. big data)
vegna þess að þau eru mikil að vöxtum í geymslu (þ.e. á petabæta skala), er safnað mjög
hratt (vegna stutts endurkomutíma) og hafa mikinn fjölbreytileika í mögulegum mynd-
skynjurum sem geta safnað gögnum með mikilli upplausn. Fjarkönnunarmyndirnar má
nota í margs konar þverfræðilegum viðfangsefnum t.d. í víðværum og staðbundnum
rannsóknum á loftslagsbreytingum, vistfræði- og umhver�seftirliti, og áætlanagerð í
þéttbýli. Hins vegar byggir upplýsingainnihald fjarkönnunargagna á mörgum þáttum,
svo sem upplausn skynjaranna (þ.e. í ró�, rúmi og birtusviði), óáreiðanleika tæk-
janna, og gerð og magns suðs í gögnunum. Í ljósi þessa er viðfangsefni ritgerðarin-
nar túlkun tiltölulega �ókinna fjarkönnunarmynda með ö�ugum en mjög nákvæmum
vinnsluferlum sem geta dregið fram áreiðanlegar og gagnlegar upplýsingar. Til að fást
við stór fjarkönnunargögn og þau vandamál sem þeim fylgja er hér lögð megináher-
sla á sjálfvirkar, skalanlegar aðferðir og aðferðir sem byggja á samhliðavinnslu í �okkun
fjarkönnunarmynda. Fengist er við tvö meginmarkmið í ritgerðinni: 1) Þróun á sjálfvirkri
líkanagerð fyrir fjarkönnunarmyndir með rúmfræðilegum upplýsingum og 2) hönnun á
skalanlegu �okkunaralgrími.

Fyrra markmiðið byggist á því að þróa ö�uga aðferð þar sem leitast er við að nýta þær
rúmfræðilegu upplýsingar sem eru í fjarkönnunarmyndum. Fjarkönnunarmyndir (e.
Very High Resolution (VHR)) sem eru með minni rúmupplausn en 1 m gera mögulega
nákvæma greiningu á rúmfræðilegum einkennum á því svæði sem er til rannsóknar.
Hins vegar gerir innri blöndun y�rborðsgerða í náttúrulegu umhver� og hið gríðarlega
magn smáatriða í þéttbýli greininguna bæði �ókna og krefjandi. Ein aðferð sem er
álitleg við greiningu og túlkun á myndum byggir á stigveldsiframsetningu á svæðum
með formfræði (e. mathematical morphology). Þessi aðferð byggir á lögunartrjám (e.
Tree of Shapes (ToS)) sem er leið til að lýsa uppbygginu með ö�ugri myndgreiningu.
ToS er ónæmt fyrir breytingu á birtusviði og lýsir hvernig hlutir eru innifaldir hver
í öðrum. Auðkennasíum (e. Attribute Filters (AFs)), sem eru tengdir virkjar (e. con-
nected operators) hefur verið beitt á ö�ugan hátt á ToS með aðferðum sem nota mörg
lög (e. levels) til að reikna sjálf-tvídda auðkennaprófíla (e. Self-Dual Attribute Pro�les
(SDAPs)). Í ritgerðinni eru þróaðar ö�ugar aðferðri til að búa til SDAP og ná fram
þeim einkennum sem eru mest aðgreinandi fyrir �okkun, t.a.m. fyrir hluti sem hafa
misleit einkenni (t.d. í stærð og lögun). Hægt er að skilgreina þessa SDAP með mismu-
nandi auðkennum (þ.e. vaxandi eða ekki vaxandi) og síunarreglum (þ.e. með einföldun
í uppbyggingu trésins eður ei). Í ritgerðinni er árangurinn af notkun SDAP skoðaður
með tilliti til �okkunar fjölrása myndgagna. Í ritgerðinni er sett fram nýstárleg aðferð
fyrir val á síunarstikum fyrir SDAP. Með aðferðinni er hægt að reikna prófíla sem eru
bæði lýsandi fyrir gögnin og hafa ekki ofgnótt af sömu upplýsingum í mörgum lögum.



Ný aðferð er sett fram fyrir sjálfvirkt val á þröskuldum í SDAP. Sýnt hefur verið fram
á að SDAP er ö�ugri aðferð en AP fyrir �okkun vegna þess að SDAP vinnur samtímis
með ljós og dökk svæði í mynd. Í þeim tilgangi að auka gagnsemi SDAP enn frekar er
í ritgerðinni sett fram útvíkkun á SDAP fyrir greiningu á fjölrása myndum sem hafa
gríðarlega margar rásir (e. Extended Self-Attribute Pro�les (ESDAPs)).

Seinna markmiðið er að nýta nýlega þróun í samhliðavinnslu til að hraða vinnslu
�ókinna �okkunarverkefna. Hefðbundnar útfærslur á rað�okkun (e. serial classi�ca-
tion) eru mjög takmarkandi þegar um fjarkönnunargögn af mjög hárri vídd er að ræða.
Vandamálið tengist fjölda vídda í gögnunum sjálfum og fjölda sýna. Fjöldi vídda getur
samsvarað svokallaðri innri vídd gagnanna (t.d. fyrir fjarkönnunargögn af gríðarmikilli
vídd) og/eða niðurstöðu einhverju sérstöku ferli í greiningu. Sýnavíddin getur tengst
tíðninni og/eða stærðinni á svæðinu sem verið er að safna gögnum frá. Af þessum
sökum getur �okkunarferlið orðið �ókið og er�tt og þarf því bæði mikið vinnslua�
og möguleika til að geyma gögn. Stoðvigravélar (SVMs) hafa verið mikið notaðar í
�okkun fjarkönnunargagna. Stoðvigravélarnarnar hafa oft þótt vera ö�ugar í �okku-
narnákvæmni og stöguleika á vali og mati stika. Hins vegar eru stoðvigravélarnar mjög
frekar á tíma, t.d. við að stilla stikana. Til að �nna bestu lausn á þessu vandamála er
í ritgerðinni ge�ð y�rlit um hvernig setja má stoðvigravélar upp með samhliðavinnslu.
Nokkrir þættir eru skoðaðir, m.a. hversu mikið er til af frjálsri og opinni tækni, skölun
lausnarinnar og hversu vel einstök algrím henta. Útgáfa af piSVM er auðkennd sem
áreiðanleg útfærsla þar sem hún er byggð á libSVM safninu og notast við hinn þroskaða
staðal MPI í samhliðavinnslu reikningum.
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Chapter

Introduction 1

1.1 Optical Remote Sensing

During the past few decades the processing of remote sensing (RS) data has bene�ted
from advancements in sensing instruments. Passive electro-optical sensors is a class
of instruments that collect natural radiation from the environment and convert it
into imagery [1]. The energy that comes from the Earth's surface and reaches the
sensor can be either re�ected and scattered or emitted. The former is available only
when the Sun illuminates the Earth (i.e., visible radiation), the latter can be detected
at any time, as long as the amount of energy is large enough to be recorded (e.g.,
thermal infrared radiation) [2]. Numerous remote sensors acquire data using scanning
systems [3] which sweep over the ground to build up a two-dimensional image of the
surface. Scanning systems can be used on both aircraft and satellite platforms and have
essentially the same operating principles. A scanning system can collect data within
a range of the electromagnetic spectrum that includes the visible, near-infrared and
short-wavelength. The sensor systems are distinguished according to the characteristics
of the scanner, which also de�ne the characteristics of the acquired images.

There are four types of resolution. The smallest size of an object that the sensor is
able to distinguish from the ground represents the spatial resolution. The minimum
wavelength at which the instrument is sensitive de�nes the spectral resolution. The
minimum energy able to be detected by the sensing system expresses the radiomet-
ric resolution. Finally, the revisiting frequency for a speci�c location represents the
temporal resolution.

An example of a scanning system called along-track scanner (i.e., Push-broom [3]) is
shown in Fig. 1.1. The forward motion of the platform allows to record successive scan
lines and build up a two-dimensional image, perpendicular to the �ight direction. A
linear array of detectors (A) formed by the lens systems (B) are �pushed� along to the
�ight track direction. Each individual detector measures the energy of single ground
resolution cell (C). The size of (C) and the Instantaneous Field of View (IFOV) of the
detectors determine the spatial resolution. In order to acquire a hyperspectral images,
each spectral channel has to be acquired by a di�erent array of detectors. Thus, the
spectral resolution is determined by the number of arrays and the �ight velocity.

According to the spectral range, the spectral and spatial resolutions and the number
of bands, the acquired image can be panchromatic, multispectral and hyperspectral.
A panchromatic image is a mono-channel data with maximized spatial resolution and
limited spectral resolution. A multispectral image is represented by a few wide spec-
tral channels that cover wide portions of the electromagnetic spectrum. The spectral
resolution is further improved in a hyperspectral image since it includes hundreds of
narrow and contiguous spectral-channels.
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Figure 1.1: An illustration of an along track scanning system (i.e., Push-
broom scanner).

1.2 Processing Big Remote Sensing Data

The observation data collected by sensing instruments have started being described
using the so-called Vs de�nition of big data. In [4], big data was originally explained
with the 3Vs of velocity, variety and volume. Subsequently, 4 additional Vs were
suggested in order to improve the comprehension of the complex nature of this data:
veracity, variability, visualization and value [5]. Recently, the authors in [6,7] described
RS data as big data according to the Vs de�nition and recognized new challenges in
their analysis. Although big data can be fully described by the 7Vs, the big RS data
do not necessarily be described by all of them. The following subset of 5Vs raises
challenges and touches important concepts included in the entire pipeline of optical
RS data acquisition and processing (see Fig. 1.2):

• Volume: The increasing scale of archived data (i.e., beyond the petabytes) raises
not only data storage but also massive analysis issues.

• Variety : The data is delivered by sensors acting over di�erent spatial, spec-
tral, and temporal resolutions, e.g., the World-View-3 satellite sensor (spatial
resolution of 0.31 m), the AISA Dual airborne sensor (500 bands with spectral
resolution of 2.9 nm) and the NOAA satellite with a re-visit cycle of a few hours.
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• Velocity : The data processing and analysis must confront with the rapidly grow-
ing rate of data generation (i.e., frequent revisits of high resolution sensors). In
many RS applications the data should preferably be processed in real time in
order to achieve a given task. Despite signi�cant progress, challenges remain in
developing predictive algorithms that can deal with the velocity of data arriving
in real time.

• Veracity : The massive amount of sensed data coming in at high speed is asso-
ciated with uncertainty and accuracy measurements. Dealing with veracity in a
scalable and timely manner has been identi�ed as a substantial challenge, e.g.,
the data may contain errors due to some problems in the sensor, the presence of
clouds and the e�ects of atmospheric distortion.

• Value: The acquired data cannot be directly used by the applications. The in-
terpretation of RS images is not straightforward and it requires a powerful yet
highly accurate processing scheme in order to extract reliable and valuable in-
formation. The value of the data depends on its potential for extracting the
information from it. Analytical methods such as data mining and machine learn-
ing may be exploited in order to derive this value.

The above mentioned Vs are studied in this thesis in the context of RS image clas-
si�cation. Since the Vs cannot always be tackled in isolation, a solution taking into
account more than one is required. (e.g., coping with volume using parallelization but
not taking into account value or veracity would not be a true contribution to the �eld
of RS). The classi�cation is the essential technique [3] used for extracting information
and o�ers a wide variety of thematic applications. A relevant example is the separation
of di�erent types of land-cover classes in order to understand urban development, map-
ping, impacts of natural disasters, crop monitoring, tracking, risk management, etc.
The implicit complexity and dimensionality of high resolution optical data are respon-
sible for extensive limitations in classi�cation applications and thus require substantial
and powerful feature engineering approaches [8].

Two detailed case studies are described in Section 1.3 and Section 1.4 and are here
shortly introduced in order to provide an overview. In the former, the problem of
enhancing the spatial content of Very High Resolution (VHR) images into actionable
and valuable information is tackled. It has been demonstrated that image classi�cation
can greatly bene�t from an integrated framework in which both spatial and spectral
information are included. The spatial information provides an essential contribution
to the understanding of these images, since it characterizes the sensed landscape in
a complementary way with respect to the spectral signatures of the land covers. The
latter section discusses the problems that arise when the classi�cation methods require
fast and highly scalable solutions for realistic real time applications (e.g., earthquake
scenario). The last developments in parallel computing architectures allow the classi�-
cation algorithms to scale to large datasets (e.g., VHR images covering large geographic
areas, hyperspectral images including hundreds of bands, etc.), to o�er high accuracy
and to provide results in a reasonable time.
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Figure 1.2: Stages of a general remote sensing data processing �ow.
The labels highlighted in red indicate the principal Vs involved in the
processing and are often intertwined at each stage.
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1.3 The Value of the Spatial Information

As long as the pixel sizes remained similar to the objects of interest, most classi�-
cation techniques employed the pixel as the basic unit of the analysis. For instance,
homogeneous structures can have similar sizes of pixels and two neighboring pixels
may have low correlation or are not correlated (see an example in Fig. 1.3(a) where
the two pixels are low correlated and one of the pixel size is similar to the class roof).
Consequently, during the 1980s and 1990s, pixel-wise classi�cation methods assumed
that each pixel is pure and typically labeled as a single land cover class [9]. With this
approach the image is considered as a collection of spectral signatures (i.e., pixels)
which can be transformed into principal components and provided as input to the
classi�er (see Section 1.4 for more details on the classi�cation algorithms).

The pure pixel assumption is often invalid for medium and coarse resolution images.
The complexity of the scene determines the number of pixels containing more than one
land cover class (i.e., mixed pixels, see Fig. 1.3(b) [10]). The digital number associated
to the mixed pixel is the sum of spectral re�ectance coming from di�erent materials
within the spatial boundaries of the pixel. The mixed pixels have brought a great
challenge for traditional hard classi�ers based on pure pixels. However, the presence
of mixed pixels does not imply that the spatial resolution is inappropriate or does not
match the scale of variation of the phenomenon under investigation. A large proportion
of mixed pixels is often associated with too detailed classi�cation systems and/or an
inappropriate scale for the respective application. In these cases, spectral unmixing
algorithms are considered as a better alternative. They were initially developed in
1990s to predict the proportions of land cover classes that have a spatial frequency
higher than the interval between pixels [11�15].

With the increase of the spatial resolution, the homogeneous structures in the scene
become generally larger than the size of a pixel. The correlation between neighboring
pixels increases and the structures can be represented as regions of spatially connected
pixels. As shown in Fig. 1.3(b), if the pixel belongs to the roof class, its adjacent pixels
belong to the same class with a high probability. A single pixel represents only a small
part of the class roof, thus the within-class spectral variability increases (caused by
shadows, sun angle, etc.) and the spectral separability between classes decreases. It is
worth noting that in the both resolution cases shown in Fig. 1.3(a-b) the presence of
mixed pixels can not be avoided.

Pixel-based classi�cation methods are less e�ective for VHR images. In order to deal
with these issues, spatial contextual classi�cation methods can exploit the correlation
among the spectral signature of pixels included in a subset of the spatial domain. The
spatial information can be coded as relations between neighboring pixels, patterns in
the spatial domain (e.g., texture), spatial characteristics of regions (e.g., geometri-
cal, morphological, textural measures), structural relations in objects, relational links
between entities in the scene, etc. The spatial information provides an increasing con-
tribution to the understanding of the RS imagery, since it characterizes the sensed
landscape in a complementary way with respect to the spectral signatures of the land
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covers. The spatial contextual classi�cation methods can include the spatial infor-
mation analysis at di�erent levels of abstraction ranging from the pixel-level to the
object-level according to the requirements of the application.

The texture or other relevant information can be analyzed from the immediate neigh-
borhood of the pixel and the result can be assigned to the central pixel. Examples
of this are moving windows �lters which can be implemented with the classical mor-
phological operators. The operators analyze the spatial context by computing some
measures on the neighborhood pixels included in a local window commonly referred
to as a structuring element (SE) [16]. By varying the size and the shape of the SE,
the image is probed by di�erent spatial windows leading to di�erent results. The SE
is actually a �ltering operator. According to the transformation performed on the SE
(i.e., the type of measures computed) it is possible to extract features such as, texture,
shape, size, etc.
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It has been generally recognized that tree structures can be very powerful tool for
organizing data in optimal space, while supporting the operations efficiently. In the
context of remote sensing, they are a promising solution for dealing with complex and
massive amounts of data (multi- and hyperspectral images, multitemporal, multires-
olution, multisource and heterogeneous, noisy, imprecise and incomplete data) and
combine various information types (spectral signature, shape and geometry, texture,
etc.). Furthermore, these structures are often considered richer in descriptive ability
since they can be exploited for the decomposition of images into primitives or funda-
mental elements, which can be more easily interpreted with respect to the pixels. The
tree encoding is a very efficient approach for revealing structural information and sev-
eral works have been proposed for addressing many applications, such as classification,
object detection, segmentation and change detection.
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Another possible strategy is to model the spatial relationships and dependencies
within a scene by performing the analysis at region-level. Image segmentation is a
process of partitioning an image into spatially continuous, disjoint and homogeneous
regions [17�21]. The main objective of image segmentation is to determine the suitable
homogeneity measure which can discriminate the objects from each other. Some exam-
ples of the measures may be spectral, shape, texture and contexture. The development
of image segmentation algorithms for RS images has been drastically increased after
the availability of VHR images and the failure of pixel-based approaches [22]. In [21]
the image segmentation methods for optical RS are categorized into three main classes.
The �rst class of approaches is image driven. These methods operate directly on the
pixels and detect objects based on the image features. The image driven approach
extracts objects based on the statistical features of the image derived from the pixels.
This includes most of the edge based segmentation techniques: they exploit the pos-
sible existence of a perceivable edge between objects [19,23�25]. The second category
of approaches is model driven. These methods assume that objects within the image
are present in a certain pattern. The most important models that have been used are:
a threshold model [26�28], a neural model [29], Spatial Random Fields (SRFs) [30,31]
(e.g., Markov Random Field (MRF) [32], Conditional Random Field (CRF) [33] and
Spatial Point Processes (SPP) [34]), Watershed Model [35, 36], Fuzzy Model [37] and
Multi-resolution model [38]. The last class of methods corresponds to the homogene-
ity measures used for segmenting the image. There are di�erent possible homogeneity
measures of image features that have been used: Spectral and textural [39, 40], shape
and size [41], context [42] and prior knowledge [43]. The �nal performance of the
segmentation-based classi�cation is always determined by the selected homogeneity
measure, which exposes image segmentation to two types of errors: under-segmentation
and over-segmentation [44]. The partition may result in regions that do not represent
the properties of real classes, e.g., a region that covers more than one class introduces
classi�cation errors because its pixels have to be assigned to the same class.

By increasing the level of abstraction in the analysis it is possible to extract and exploit
more spatial information, e.g., at object-level. Object based Image Analysis (OBIA)
[22] is relatively new class of algorithms that have been built on older segmentation,
edge-detection, feature extraction and classi�cation concepts that had been used in
RS image analysis for decades.

In this thesis the analysis of the spatial information is not based on object analysis. The
range of the proposed methods concerns the classi�cation of objects but is not much
related to further analyses on the next stage of the processing scheme (e.g., design
object-oriented software, handle the objects in a Geographic Information System, etc.)
(see Fig. 1.2). The proposed approaches exploit operators included in theMathematical
Morphology framework in order to perform analysis at region-level through image
segmentation and simpli�cation operations. By exploiting e�cient algorithms based
on hierarchical data structures it is possible to represent the spatial information of
VHR images through a more e�cient multiscale representation rather than a unique
segmentation.
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1.3 The Value of the Spatial Information

1.3.1 Tree-Based Image Representations

Since the 1960s, Mathematical Morphology (MM) [16,45�47] has become increasingly
popular in the image processing community mainly due to its proven utility and rig-
orous mathematical description. The MM framework provides a set of powerful op-
erators for analyzing the spatial domain of images mainly at the pixel-level and the
region-level. The computation of MM operators can exploit e�cient algorithms based
on tree representations, which are powerful structures for organizing data in optimal
space. For instance tree structures can deal with complex and massive amounts of
data (e.g., multisource and multiresolution data) and combine various information
types (e.g., spectral signature, shape and geometry, texture, etc.). Furthermore, these
structures are often considered richer in descriptive ability since they can be exploited
for the decomposition of images into primitives or fundamental elements, which can
be more easily interpreted with respect to the pixels. In computer science in general
the tree encoding is a very e�cient approach for revealing structural information and
several works have been proposed for addressing many applications, such as �ltering,
segmentation classi�cation, object detection and change detection. The MM frame-
work includes two categories of tree-based image representations: the hierarchies of
segmentation and the threshold decompositions. These families represent two di�er-
ent semantics: The hierarchies of segmentation render the adjacency of objects, while
threshold decompositions describe how objects are included in each other. An overview
of both representations is provided although the proposed methods in the thesis only
use threshold decompositions.

1.3.2 Image Connectivity and Partitions

A discrete two-dimensional gray-scale image f can be seen as an undirected graph
G = (V,E) where V , is a set of vertices representing the pixels and E, is a family
of non-ordered pairs of vertices (vi, vj) which model the neighborhood relationship
(classically, 4 or 8-connectivity) [48]. A graph G is said to be connected if, for any
p, q ∈ V , there exists a path from p to q, which is a sequence of n > 1 vertices (i.e.,
p = p1, ..., pn = q) such that every pi ∈ V , and any two successive pixels of the sequence
are adjacent epi,pi+1

∈ E. In the following, the gray-scale image f is considered as a
function F : V → H which maps the set of vertex V (the coordinates of the pixels)
into a set of scalar values H with, typically, V ⊆ Z2 and H ⊆ Z.

In this context, a partition Πf of f is de�ned as a division of V into a set of non-empty
and disjoint components πf = {C1, ...Cn} (i.e., if C1, C2 ∈ {πf}, then C1, C2 6= ∅ and
C1 ∩ C2 = ∅) such that ∪Ci = V [46].

8



Introduction

1.3.3 Hierarchies of Segmentation

A set of partitions is ordered whether it is possible to state a relations like π1
f �is �ner

than� π2
f (π1

f v π2
f ) meaning that for each pixel p ∈ V , π1

f (p) ⊆ π2
f (p). The family

Ω = {πif , 0 ≤ i ≤ n | πif v πi+1
f }, Ω forms a hierarchy which includes a set from �ne

to coarse partitions.

The Binary Partition Tree (BPT) is one of the most widely used hierarchies of seg-
mentation. It stores a hierarchy of regions at di�erent levels of resolution: the leaves
represent the largest components with constant value and the remaining nodes rep-
resent the components obtained by merging the regions represented by the children.
This structure is order dependent in a sense that each level of the tree is a strict di-
chotomy of its predecessor. The tree is generally based on an iterative region merging
algorithm [49] which requires the de�nition of a region similarity metric (i.e., distance
used to determine the order of merging of regions) and a region model. For instance,
starting from the initial partition of components depicted in Fig. 1.4 (b), the algorithm
merges neighboring regions following a homogeneity criterion until a single region is
obtained. The original partition involves 12 components, the algorithm merges them
in 11 steps and provides the BPT shown in Fig. 1.4 (g). In general, BPTs should be
created in such a way that the most interesting or useful regions are represented [49].
Depending on their de�nition, several BPTs can be constructed in order to be used
in a wide range of applications of RS such as �ltering [50], segmentation [51, 52],
classi�cation [53], object detection [54].

The α-tree [55] is another very important hierarchies of segmentation, which is also
known as quasi-�at zone hierarchy [56]. It relies on the notion of α-connectivity (or
quasi-�at zone) to build a hierarchy [57]. More formally, two vertices p, q ∈ V are
α-connected if there exists a path P from p to q such that max(p,q)∈P∆(p, q) ≤ α.
An α-connected component (α− CC) can be de�ned as an entity resulted from the α-
connectivity, i.e., the maximal sets of points that are α-connected. Moreover, di�erent
α− CCs can be sequentially ordered when increasing the value of α and generate the
α-tree: α − CC(p) ⊆ α

′ − CC(p) for all α
′ ≥ α. The α-tree is based the hierarchical

ordering of consecutive partitions, subject to a dissimilarity metric and constraining
criteria. This multiscale representation allows to trace the evolution of a α−CC when
increasing the value of the range parameters or decreasing the value of the connectivity
index threshold. Fig. 1.4 (f) shows an example of α-tree, which is a coarse to �ne
partition hierarchy of 5 α-levels. The initial image in Fig. 1.4 (a) is a partition of
components depicted in Fig. 1.4 (b). The α-tree is the representation of the stack of
nested partitions for values of α in [0,1,2,3,4,5]. Recently, the authors in [55] proposed
a more e�cient algorithm for the computation of the α-tree structure. The creation
of the partition is a similar process as the case of regular attribute �ltering [58] where
the constraints are put in place following the tree creation, through binary attribute
criteria, enumerated using logical predicates [59]. The algorithm during the process
can handle multiple connected components simultaneous and the α− CCs are created
and merged as needed. The α-tree algorithm can be useful in RS applications such as
image segmentation and simpli�cation. Moreover, α-tree can be used for the automatic
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extraction of a particular family of components from VHR images [60] satisfying a
series of constraints applied to shape, size, and spectral attributes.

Other two important hierarchies of segmentation include the quadtree, and the mini-
mum spanning tree, which are not addressed in this thesis (more details can be found
in [61,62]).

1.3.4 Connected Operators

The connected operators (COs) [63,64] of an image f relies on the concept of partitions
of �at zones [49]. Formally, a �at zone Fh(f) is a region of connected pixels CCh(f)
(i.e., connected component) of the level set Fh(f) = {p ∈ V, f(p) = h}, with h ∈ H. At
each gray-level, there may be N connected components CCkh(f), with k ∈ {1, ..., N}.
The all �at zones within f forms a partition of the image domain. An operator working
on an image ψ(f) is connected only if it provides a partition πψ coarser (i.e., containing
less regions) than the initial one πf : πf v πψ(f) meaning that for each pixel p ∈ V ,
πf (p) ⊆ πψ(f)(p) [47]. Consequently, the regions of the output partition πψ are created
by merging the regions of πf . Thus, COs are edge-preserving operators since they
are able to preserve the geometrical detail of the regions that are not processed (i.e.,
connected components can either be removed or fully kept). These operators are usually
considered as �ltering tools: the coarseness of the partition generated (i.e., �ltered
image) is determined by a size-related �lter parameter. One of the most successful
implementation of COs relies on the tree-based image representations.

1.3.5 Threshold Decompositions

A set of partitions {πf} of V can be organized hierarchically in a tree structure if
inclusion relations among the components can be established. For instance connected
components can be organized hierarchically: CC1, CC2 ∈ {πf} are either nested (i.e.,
CC1 ⊆ CC2 or CC2 ⊆ CC1) or not. There are three important threshold decompositions
[65] developed in the MM framework: the component trees (min-tree and max-tree
[63, 66]) and the Tree of Shapes (ToS) [67]. In the component trees, the hierarchy
between the nodes is driven by an ordering criterion of their gray-levels. The ToS is a
a self-dual representation of the image since it merges the information of the min-tree
and max-tree into a single structure. In the ToS, the ordering follows the inclusion
relationship of the regions according to the saturation operator [68] and bright and
dark components are simultaneously represented.

Component trees

Component trees were introduced by Jones [66, 69] as e�cient image representations
that enable the computation of advanced morphological operators in a simple way.
These trees are actually hierarchical structures that encode the threshold sets and
their inclusion relationship.
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Figure 1.4: Example of tree-based image representations. (a) Gray-scale
image with intensities ranging from 0 to 5; (b) image in (a) with its
connected components labeled. Threshold decompositions: (c) min-tree,
(d) max tree and (e) Tree of Shapes. Hierarchies of segmentation: (g)
Binary Partition Tree and (f) α-tree.
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1.3 The Value of the Spatial Information

Described more formally, let f : V → H be the function de�ned in Section 1.3.2, and
let H ⊆ Z be characterized by an ordering relation ≤. For any λ ∈ Z, a lower [f ≤ λ]
and upper [f ≥ λ] threshold set is de�ned by:

[f ≤ λ] = {x ∈ V, f(x) ≤ λ}, (1.1)

[f ≥ λ] = {x ∈ V, f(x) ≥ λ}, (1.2)

Let P(V ) be the power set of all the possible subsets of V . Given X ∈ V , the set of
connected components of X is denoted as CC(X) ∈ P(V ). The lower Lλ(f) and upper
Uλ(f) peak components at level λ is determined by:

Lλ(f) = {X,X ∈ CC([f ≤ λ])}, (1.3)

Uλ(f) = {X,X ∈ CC([f ≥ λ])}, (1.4)

Finally, the set of lower L(f) and upper U(f) connected components is de�ned by:

L(f) = ∪λLλ(f), (1.5)

U(f) = ∪λUλ(f), (1.6)

If ≤ is a total relation, any two connected components CC1, CC2 ∈ L(f) or CC1, CC2 ∈
U(f) are either nested or not. The inclusion relations of the connected components
within the set L(f) and U(f) is modeled by the min-tree and the max-tree, respectively.
If Lλ=h(f) = {X,X ∈ CC([f = v])} and Uλ=h(f) = {X,X ∈ CC([f = v])} is the set
of N connected components at a �xed graylevel h ∈ H, a node of the min-tree and
max-tree represents a unique connected component Nk

v (f), with k ∈ {1, ..., N}.

An example of min-tree and max-tree computation is shown in Fig. 1.5 and Fig. 1.6,
respectively. The min-tree models the inclusion of regions according to the ordering
graylevel criterion (≤), thus the tree contains only the shapes that are darker than
their neighborhood (i.e., the graylevel of each region is lower than their neighbor-
hood graylevel). The root of the min-tree is the entire image domain at the greatest
grayscale value, while the leaves are the regional minima. The max-tree is dual, and
it contains only the regions that are brighter than the graylevel of their neighboring
pixels. In this case, the root is the whole image at the lowest graylevel and leaves
are the regional maxima. Component trees are widely used for computing attribute
�lters [70, 71], pattern spectra [71, 72], and multi-scale decompositions [55]. In [73] a
complete comparison of the di�erent algorithms proposed in the literature (sequential
and parallel) for their computation is detailed.
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Figure 1.5: Min-tree construction of the grayscale image depicted in
Fig. 1.4(a). The lower peak components for di�erent levels of λ (a-f) and
the inclusion relations of the connected components (g-n).
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Figure 1.6: Max-tree construction of the grayscale image depicted in
Fig. 1.4(a). The upper peak components for di�erent levels of λ (a-f)
and the inclusion relations of the connected components (g-n).
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Tree of Shapes

The Tree of Shapes (also known as topographic map) is a hierarchical representa-
tion of the connected components within a gray-level image (i.e., zones enclosed by an
isolevel line). The ToS is self-dual representation since it makes no assumption about
the contrast of objects (either light object over dark background or the contrary).
The ToS can be interpreted as the result of merging the min-tree and max-tree [63]
into a single tree. An example of ToS computation is shown in Fig. 1.7. It was �rstly
introduced by Monasse et al. [68], where the structure was computed with the Fast
Level Line Transform (FLLT) algorithm: It �rst computes the pair of dual component
trees and then obtains the ToS by merging both trees. Afterwards, Caselles et al. [74]
introduced the Fast Level Set Transform algorithm (FLST), which relies on a region-
growing approach to decompose the image into shapes. An operation called saturation
is applied to the connected components, resulting in �at regions obtained by progres-
sively merging nested regions. Speci�cally, the algorithm extracts each branch of the
tree starting from the leaves and growing them up to the root until only a single �at
region is reached. Song et al. [75], proposed to retrieve the ToS by building the tree
of level lines and exploiting the interior of each level line. Recently, Geraud et al. [76]
proposed a new algorithm to compute the ToS in order to reduce the computational
complexity and overcome the restriction to only 2D images of the previous methods.
The algorithm computes the ToS with quasi-linear time complexity when data quan-
ti�cation is low (typically 12 bits or less) and it works for nD images. Moreover, in [77]
it is presented the �rst parallel algorithm to compute the morphological ToS based on
the previous algorithm [76].

Described more formally, given the set X ∈ V let ∂X be the border of X and X̄ the
complementary of X. The hole-�lling operator H : P(V )→ P(V ) is de�ned by:

H(X) = V \ CC(X̄, ∂X) (1.7)

where CC(X̄, ∂X) is the connected component of X̄ linking with the image border.
Given the operator H, a shape is any element of the set:

S = {H(L)}λ ∪ {H(U)}λ (1.8)

If ≤ is total, any two shapes are either disjointed or nested, hence the cover of S,⊆
makes the ToS. The de�nition of the shapes as hole-�lled connected components of the
lower L(f) and upper U(f) threshold set proofs that the ToS can be seen as a merge
of the min- and max-tree. However, the hole-�lling operation creates shapes within
neither to the min-tree nor to the max-tree.
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Figure 1.7: Tree of shapes construction of the grayscale image depicted
in Fig. 1.4(a). The extreme regions are �rst considered (a), then each
connected component is saturated (b-e) and associated to a node (g-l)
until a single �at region is reached.
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1.3.6 Attribute Filters

One of the reasons that the component trees and the ToS are attractive is that they
are based on connected components, so �ltering these trees is a connected operation
that preserves object boundaries. Accordingly, among the di�erent types of classical
morphological operators originally developed in [16, 46], Attribute Filters (AFs) [70]
have been largely di�used. AFs �lter connected components based on some attribute
criterion.They are capable of performing image transformations that can selectively
suppress some details from the image and maintain una�ected structures that are rel-
evant for the analysis. In greater detail, once the tree representation has been created,
the value of an attribute A is evaluated on each node N k

h (f) and this value is compared
with a reference threshold Ψ in a binary predicate TΨ (e.g., TΨ := A(N k

h (f)) ≥ Ψ).
The predicate may involve not only attributes computed on the regions, but also their
contour and context (e.g., the context-based energy estimator) [78]. In general terms,
if the predicate is true the node is maintained otherwise it is removed. Moreover,
di�erent strategies as remove/preserve decisions can be used [71]. According to the
type of predicate and the property of the attribute, the resulting CO can be de�ned
as increasing or non increasing. In the context of a tree structure, this characteristic
is related to the criterion assessed for each node. When the predicate is in the form
TΨ = A(N k

h (f)) ≥ Ψ or TΨ = A(N k
h (f)) ≤ Ψ and the attribute is increasing (i.e., the

attribute of a node can never be less than the values of its descendants in the tree),
the operator is increasing. Contrarily, when the attribute is not increasing (i.e., the
attribute of a node can be less than the values of its descendants in the tree), any
predicate leads to a non increasing operation.

Two general approaches might be used at this point: Pruning and non pruning strate-
gies. The former consist in removing whole branches of the tree. A single cut is made
along each path from leaf to root, and all nodes leaf-side of the cut are collapsed
onto the highest surviving ancestor. They are simple to apply when the attribute is
increasing since all nodes on which the criterion is not veri�ed are organized in entire
branches (i.e., if a node has to be removed, all of its descendants also have to be re-
moved). Examples of pruning strategies are the min and max rules [79]. Non pruning
strategies provide solutions for such cases where the simpli�cation approach is not
straightforward (i.e., non increasing attributes, where the descendants of a node to be
removed have not necessarily been removed). For instance, the simpli�cation of the
tree is not limited to the removal of entire branches but also isolated nodes might be
removed along a root path. Many approaches have been proposed in the literature,
such as the Viterbi algorithm [63], optimization methods [80], the direct rule [79] and
the subtractive rule [71].

In Chapter 4 the pruning and non pruning strategies are discussed in the context of
image classi�cation and in the speci�c context of this thesis.
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1.3.7 Multilevel Analysis of VHR Images

The huge amount of heterogeneous details within VHR images usually requires mul-
tilevel analysis approaches in order to perform a complete modeling of the spatial
information. Multilevel methods were originally introduced to perform multiscale im-
age analysis, e.g., detect the scale at which objects or patterns are most distinctly
identi�ed [81]. Multiscale decomposition in the context of MM often relies on granu-
lometries [68,82]. A granulometry is an ordered set of morphological �lter [46] that, if
applied on an image, progressively reduces its information content by removing at each
step objects of attribute measure smaller than the corresponding threshold [70,71,83].
Granulometries provide the basis to compute a number of image di�erentials such as
pattern spectra [84] and morphological pro�les (MPs) [85]. The MP leads to a mul-
tiscale decomposition of a grayscale image since it is composed by a stack of �ltered
images obtained by transforming the input image with a sequence of opening and
closing by reconstruction �lters. These operators permit to �lter an image by entirely
preserving the geometry of those structures that are not erased from the scene. In [86],
the MPs were applied for the �rst time in a RS classi�cation task. In greater details,
the image is processed by considering the values in the neighborhood of each pixel.
Such neighborhood is de�ned by the extent of a spatial mask SE [82]. Each pixel is
probed by SEs with di�erent sizes, shapes and directions; by considering the behavior
of its grayscale value it is possible to extract information about the objects within the
image [87, 88]. However, apart from these measures, it is possible to obtain a more
general multilevel decomposition of the scene if it is progressively simpli�ed with a
sequence of transformations using other parameters (e.g., shape, texture, etc.).

The AFs o�ers this solution, since they can be e�ciently implemented on component
trees and ToS with di�erent attributes in multilevel architectures in order to compute
Attribute Pro�les (APs) and Self-Dual Attribute Pro�les (SDAPs), respectively.

Attribute Profiles

APs were introduced in RS in [89] as a sequential application of attribute �lters based
on a min-tree (i.e., attribute thickening operation φT ) and max-tree (i.e., attribute
thinning operation γT ). An AP is obtained by �ltering the image f with attribute
operators using a predicate with increasing threshold values {Ψk}1L:

AP (f) = {φTΨ(f), φTΨL−1(f), ..., f, ..., γTΨL−1(u), γTΨ(f)} (1.9)

with φ and γ being the thickening and thinning operators based on the predicate T ,
respectively, and TΨ a set of L ordered predicates (see Fig. 1.8).
APs provide a multilevel characterization of the spatial features which can be useful
for the classi�cation of VHR RS images [90]. An important modi�cation of APs are
Di�erential Morphological Pro�le (DAPs), which are computed as the derivative of
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Figure 1.8: An AP based on area attribute (a) with its derivative (b).

the APs. A DAP shows at each level the residual between two adjacent levels of the
AP. From the analysis of the multilevel behaviour of the DAP, it is possible to extract
geometrical features corresponding to the structures within the scene at di�erent scales
[55,89,91].

Self-Dual Attribute Profiles

The SDAPs [90], were proposed as a version of the APs based on self-dual COs ρT

computed on the ToS instead of considering a min-tree or max-tree. The use of the ToS
as a structure representing the image allows simultaneously to access the information
present on the component trees. Moreover, the self-dual COs that are computed on
the ToS produce a greater simpli�cation of the image with respect to non dual �lters,
since they operate simultaneously on bright and dark components of the image. SDAPs
is obtained by �ltering an image f with attribute operators using a predicate with
increasing threshold values:

SDAP (f) = {f, ρTΨ(f), ..., ρTΨL−1(f), ρTλL (f)} (1.10)

with ρ being the self-dual operator based on the predicate T , and TΨ a set of L ordered
predicates (see Fig. 1.9). In contrast to APs, the SDAPs are composed of N+1 images
while APs, built with the same sequence of predicates are made up of 2N + 1 images.
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Figure 1.9: An SDAP based on area attribute (a) with its derivative (b).

Extended Attribute Profiles

In [92] the authors proposed Extended Attribute Pro�les (EAPs) as the application of
APs to hyperspectral data. An EAP is obtained by concatenating the APs (i.e., based
on a single attribute) built on several feature components (FCs) extracted by a reduc-
tion technique (i.e., Principal Component Analysis) computed on the hyperspectral
image. Thus, the EAP can be formally de�ned as:

EAP = {AP (FC1), AP (FC2), ..., AP (FCN )} (1.11)

Extended Self-Dual Attribute Profiles

Analogously to the de�nition of EAP, Extended Self-Dual Attribute Pro�les (ESDAPs)
are de�ned by concatenating the SDAPs computed on di�erent components. In Chap-
ter 2 the ESDAP will be de�ned as follows:

ESDAP = {SDAP (FC1), SDAP (FC2), ..., SDAP (FCN )} (1.12)

where each SDAP is built on one of the N features components extracted by a feature
reduction transformation from a hyperspectral image.
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1.3.8 Filter Parameter Selection

The multilevel decomposition of optical images based on APs and SDAPs have been
used for solving a number of remote sensing tasks, such as classi�cation [90], [93�97],
data fusion [98] and change detection [99, 100]. These decompositions are generated
by the sequential application of AFs, and their ability of representing the salient in-
formation content depends on the selected set of �lter thresholds. For instance, the
dimensionality of the feature space and the redundant information can drastically
increase when the pro�les are computed on multi-channel data (e.g., hyperspectral
images). To mitigate this e�ect and avoid the risk of encountering the curse of di-
mensionality [101], several strategies have been implemented, such as the use of the
dimensionality reduction techniques (i.e., feature extraction/selection) prior to the
classi�cation [86, 93, 102, 103], the employment of classi�ers that exploit the intrinsic
sparseness that characterizes the pro�les [94], or the analysis of DAP to compress the
intrinsic geometric information and obtain reduced APs [104]. However, the tuning
of �lter parameters is an unavoidable step when generating the pro�les. Furthermore,
these decompositions should represent the salient structures of a scene only in one or
few levels.

Most of the related works dealing with the pro�les do not tackle this issue, whereas the
use of similar parameters even for di�erent case studies seems to be the general strat-
egy. Another common approach is to derive a reasonable set of thresholds based on the
�eld-knowledge of the scene [89]. This requires a visual inspection of the scene under
investigation, followed by a manual selection. This approach often requires multiple
�ltering tests to select the appropriate �nal threshold set. Depending on the consid-
ered attribute and the complexity of the scene, this process can be computationally
expensive and time consuming.

The �rst automatic approach aimed at decreasing the manual intervention was pro-
posed in [105], where a vector of thresholds was derived by computing a given attribute
on each object extracted by a preliminary clustering or classi�cation computed on the
original scene. The �nal set of thresholds was identi�ed by clustering the threshold vec-
tor and for each cluster selecting the threshold corresponding to the minimal attribute
value. The method provided better or similar results to manual selection. However,
the set of the attribute values resulting from the connected components extracted by
the classi�cation map may be not consistent with the one represented by the tree. In
a supervised classi�cation scenario, an automatic procedure for the threshold selec-
tion of the standard deviation attribute was proposed in [106]. The selected thresholds
were identi�ed based on a statistical analysis of the available training samples. Sim-
ilar approach was extended to the area attribute in [102]. These procedures identify
a large set of thresholds, providing high dimensional pro�les that intrinsically contain
redundant features, and thus, dimensionality reduction is needed in order to avoid the
raising of the Hughes' phenomenon.

An interesting strategy was proposed in [107], where the �lter parameters of the area
pro�le were selected based on the analysis of the characteristic function of the pat-
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tern spectrum [71, 84], which corresponds to the probability density function of the
granulometric curve of the area pro�le, i.e., a curve related to the size distribution
of the structures in the image [82]. In particular, the selected thresholds were those
whose characteristic function best approximated the one obtained by considering a
larger set of thresholds. The method required an initial set of thresholds, which was
manually de�ned prior to the �ltering. The selection was then based on the sampling
of the original characteristic function with a constant rate. In this case, a number of
�ltered images (potentially with all possible thresholds) were produced in order to
compute both the original and the approximated granulometric curves, resulting in a
computationally non-e�cient strategy. In [105] the set of thresholds is derived after a
preliminary classi�cation and clustering of the input image. In [108], the �lter thresh-
olds are chosen based on the analysis of a granulometric curve (i.e., a curve related to
the size distribution of the structures in the image [48]). In particular, the thresholds
selected are those whose granulometric curve best approximates the one obtained by
considering a large set of thresholds. Considering a supervised classi�cation scenario,
in [106] the thresholds for the speci�c attribute of standard deviation were based on
statistics of the available training samples.

In Chapter 3 a novel strategy for the automatic selection of the thresholds based on
the concept of Granulometric Characteristic Functions (GCFs) is presented.

1.4 The Velocity of Parallel Computing

1.4.1 Parallel Architectures

The continuing research in parallel computing has brought the development of a vast
number of parallel architectures which can be mainly distinguished by the type of
memory arrangement and communication among the processors (see Fig. 1.10). One
of the most used ways to distinguish multiprocessor architectures is according to the
number of data and instruction streams (i.e., the two independent dimensions of in-
struction and data can only have the two possible states of Single or Multiple [109]).
Most of the parallel architectures and as thus also their applications �t into Single
Instruction Multiple Data (SIMD) or Multiple Instruction Multiple Data (MIMD). In
the former the processors execute the same instructions while operating on di�erent
data (e.g., useful for image processing analysis where the same program is applied
to all pixels). In the latter, each processor has its own data and executes its own in-
structions (e.g. used in the simulation sciences based on di�erent numerical methods
and known physical laws). From the hardware perspective, the architectures can be
subdivided into shared-memory and distributed memory. In shared-memory architec-
tures the processors can operate independently but share the same memory resources.
Hence, the communication is mostly performed via memory writes and reads. These
architectures can be divided into two main classes based upon memory access times:
Uniform Memory Access (UMA) and Non-Uniform Memory Access (NUMA) [110].
In the distributed memory architectures the processors cannot access the memory of
another processor directly. Each processor operates independently and any changes
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it makes on its local memory have no e�ect on the memory of the other processors.
When the processor needs access to the data allocated to another processor, messages
are sent through the communication network as shown in Fig 1.10(a).

A recent trend in computer architecture has expanded over the years to attempt the
continuously growing demand of domain-speci�c applications for handling computa-
tionally intensive problems. The largest and fastest computers integrate specialized
hardware such as Field Programmable Gate Arrays (FPGAs), multi-threaded CPUs
and many-core General Purpose Graphics Processing Units (GPGPUs). These archi-
tectures enable the creation of heterogeneous systems able to handle the high compu-
tational demands of today's increasingly more complex applications. The FPGAs and
GPGPUs have become a solution for real-time processing of optical data on board
RS platforms [111]. The FPGAs are a recon�gurable hardware solution which are tol-
erant to ionizing radiation in space and are characterized by small size, weight, and
power consumption [112, 113]. The GPGPUs are programmable commodity compo-
nents which provide massively parallel processing capabilities with a high computa-
tional throughput due to their large number of cores. The GPGPUs [114] are di�erent
from CPUs in the sense that they emphasise high throughput and consist of thou-
sands of threads, which are able to run in parallel, thus allowing the developers to
create powerful solutions that can solve a large variety of data-intensive problems (i.e.
SIMD). These architectures appear particularly suitable for speci�c applications due
to the trade-o�s between raw performance, power e�ciency, manufacturing costs, and
programmability.

In the context of large scale RS applications, clusters, grids, or clouds [115] provide a
tremendous computation capacity and outstanding scalability underpinned by strong
and stable standards used for decades (e.g.,Message Passing Interface). In more detail,
the parallel computing approaches are described by the paradigms High Performance
Computing (HPC) and High Throughput Computing (HTC). An HPC system (e.g.,
a supercomputer) includes a massive number of processors (i.e., CPUs, GPGPUs)
connected through a fast dedicated network (e.g. In�niband). This node con�guration
achieves a very high intercommunication speed between processors and solves large
computational problems. The HPC systems depend heavily on parallel processing,
where the member processors cooperate in order to solve the problem [110].

The HTC is an e�ective alternative that represents a cost-e�ective and e�cient al-
ternative to supercomputers. The HTC systems make computing resources accessible
and a�ordable by creating a powerful and self-managing virtual computing environ-
ment consisting of a large pool of heterogeneous computers (e.g., with �exible number
of processors, memory and disk size). HTC systems typically consists of commodity
hardware that are not directly connected by a dedicated network but rather using the
traditional Ethernet. Furthermore they facilitate the sharing of various combinations
of interconnected resources separated geographically. Contrary to an HPC system, a
HTC system or whole infrastructure is more focused on the execution of independent,
sequential jobs that can be individually scheduled on many di�erent computing re-
sources rather than in how much an individual job can be completed. One example
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is cloud computing [116], which delivers computing resources as a service over the
network connection. In this scenario the type of computing relies on sharing a pool of
physical and/or virtual resources, rather than deploying local or personal hardware and
software. There are three models of cloud computing which are based on the o�ered
service: Software as a Service (e.g., Facebook), Platform as a Service (e.g., Google
App Engine) and Infrastructure as a Service (e.g, Amazon EC2). One of the most
popular infrastructure for computing is the Apache Hadoop [117], while more recently
also Apache Spark [118] gained interest in the community. They enable distributed,
data-intensive and parallel applications. Apache Hadoop includes an open source im-
plementation of the map-reduce programming model [119]. Recently, with the Many
Task Computing (MTC) [120] computational approach the gap between HTC and
HPC is narrowing. An MTC system performs high-performance computations using
many resources to accomplish many computational tasks.

1.4.2 Parallel Programming Models

The current transition to heterogeneous and hierarchical parallel architectures raised
the demand for parallel programming models able to adapt to di�erent hardware con-
�gurations and achieve high performance without sacri�cing scalability and portability.
One example is the combination of shared memory approaches within a computing
node and the use of distributed memory approaches across nodes. When consider-
ing HPC-driven supercomputers, the programming models are typically not machine
dependent and have established strong standards for message exchanges or paralleliza-
tion. These are recognized as low-level programming models where the task partition,
the processing and the node communication are controlled via known interfaces and
functions. A number of low-level programming paradigms have been developed for
di�erent types of architectures, but are more recently combined depending on the
available HPC resources.

The Open Multiprocessing (OpenMP) [121] model is designed for multi-threaded par-
allel programming on shared memory architectures. The basic idea behind OpenMP
is the data-shared parallel execution, where a master thread creates a team of threads
that work together in a SIMD way. The di�erent threads operate independently and
their communication and coordination is expressed through read/write instructions of
shared variables and other synchronization mechanisms. Parallel regions can be simply
instrumented into the code, e.g. enabling the automatic parallelization of a for loop
w/o actually changing any code.

The Message Passing Interface (MPI) model is the de-facto standard for developing
HPC applications on distributed memory architecture. The MPI is a communication
library which o�ers more than 500 functions for communication between computing
nodes. The synchronization and setup of the di�erent ways of communication among
the computation processes (e.g., point to point or collective communications) have
to be explicitly controlled. The MPI is not a network library since it is not designed
to handle any communication in computer networks (e.g., not good for clients that
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Figure 1.10: Parallel architectures: (a) distributed memory, (b) shared memory, (c)
GPGPU.
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repetitively establish/close connections, no security beyond �rewalls, no message en-
cryption directly available, etc.). On the contrary, MPI is designed for performance
within large clusters and given its long existence it is one of the most mature standards
in parallel computing. It supports various interconnections between computing nodes
and supports asynchronous communication. The MPI is the dominant parallel pro-
gramming model since it enables portability of parallel applications. This is important
since the technical advancement in supercomputers is extremely fast and the parallel
computing experts switch organizations and often face another HPC system. Solutions
in this thesis have been particularly taking advantage of this technology.

At the time of writing the fast growing GPGPU domain is still dominated by a sin-
gle vendor, NVIDIA. The Compute Uni�ed Device Architecture (CUDA) [122] model
enables massive data parallel computation on NVIDIA GPGPUs architectures. The
CUDA computing engine exploits the parallel processing capabilities of GPGPUs pro-
vided by their large number of cores. In a CUDA program the data is explicitly moved
between the memory of the host and the device (e.g., global, shared and private mem-
ory), and it is executed on the GPGPU by thousands of threads in parallel.

In contrast Open Computing Language (OpenCL) [123] is a heterogeneous program-
ming model targeting existing and emerging architectures that consist of multiple
CPUs, GPGPUs and other accelerators. The OpenCL is developed and maintained
by the Khronos Group, and is a vendor-independent standard. Similarly to CUDA, in
an openCL program the available data are transferred to the device, the program is
executed in parallel and then the results are transferred back to the host.

More recently, the largest and fastest computers employ hybrid programming models
(e.g., MPI + OpenMP [124] or MPI + OpenMP + CUDA [125]) at di�erent hierarchy
level to exploit shared-memory, distributed-memory, and massive data parallelism,
e.g., multilevel parallelism wherein MPI is for message passing across nodes, while
OpenMP and/or CUDA is in charge of the parallelization inside a single node in or-
der to 'accelerate' certain computing aspects. The advantage of these programming
models is that a relatively high parallelism and overall performance can be achieved
through careful speci�c designing. This is of particular importance as computing time
on HPC systems and supercomputers is rather rare and needs to exploited to the max-
imum degree. The above protocols can be considered as rather low-level programming
models that are not machine dependent but often require a manual control of com-
puting, communication details and tuning steps in order to achieve maximum speed
ups and lower time to solutions. Programming models of a higher level of abstraction
can simplify the programming and the coordination control since they take care of the
implementing details. Furthermore, these models can address major challenges such
as performance portability, scalability to larger clusters and heterogeneity of the un-
derlying hardware (e.g., Muesli [126], Google's MapReduce [119], Standard Template
Library [127], QUAFF [128], etc.). However, higher level programming models often
fail to exploit the maximum performance of the underpinned resources and undergo
certain changes and as such need to improve with respect to stability, reliability, and
sustainable community adoption.
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1.4.3 Parallel Classifiers

The computational requirements introduced by the increased volume and variety of
RS optical data, the higher complexity of algorithms, and the time critical applica-
tions (e.g., disaster monitoring) have far outpaced the computing capability of a single
computer. As a result, parallel computing approaches can be seen as an e�ective solu-
tion to address these computational challenges [129,130]. Parallel computing has been
applied to many RS data analyses, e.g., CUDA in [131�136], MPI in [137,138], MPI +
CUDA in [139, 140], openMP + MPI in [141]. The MPI was compared with openMP
in [142] and CUDA in [111].

In all the above mentioned solutions the development of the algorithms involved also
the handling of data slicing and distribution, task partition, message passing among
distributed memory spaces and shared memory management for multicore, synchro-
nization and communication. In the context of classi�cation all these aspects need to
be taken into account because of the di�erent nature of classi�ers used. Classi�cation
algorithms can be separated into several categories according to the type of learning
approach (supervised or unsupervised), the presence of assumption on the data dis-
tribution (parametric or non-parametric) and the number of output classes for each
spatial unit (hard or soft classi�cation). Many studies have demonstrated that machine
learning approaches are more e�ective than the traditional statistical classi�cation ap-
proaches (e.g., Maximum Likelihood [143]) since they do not rely on data belonging
to any particular statistical distribution. In this context, a large number of supervised
non-parametric machine learning methods have been developed for the classi�cation of
RS optical data. These methods include a priori knowledge during the decision process
by using labeled training samples.

Several important limitations of these machine learning methods have been exposed
since these algorithms have been designed and tested on small to median data instance.
There are several challenges that make the processing of big RS datasets complex:

• With the high data volume the number of training samples is beyond the current
in-memory processing capability.

• The available data variety created not only feature dimensionality beyond com-
puting capability but also increased the learning complexity.

• The required time for solution with respect to classi�cation algorithms is not
attainable due to the data velocity.

Since 1990s, Arti�cial Neural Networks (ANNs) started to be applied to RS classi-
�cation problems due to their feasible training techniques for non-linearly separable
RS data [144�147]. An ANN structure is described by a transfer function model and
a set of weights which are computed via an iterative training procedure. The major
disadvantage of an ANN is its algorithmic and training complexity for classifying as
well as the number of tuning parameters which need to be selected (e.g., learning and

27



1.4 The Velocity of Parallel Computing

transfer function) [148]. For instance, the most popular ANN classi�ers employ the
back-propagation algorithm for training, which requires a signi�cant amount of time
when the size of the training data is large. To ful�ll the potentials of neural networks
in big data applications, the computation process has been speeded up by parallel
implementations, e.g., MPI [149,150], CUDA [151], MapReduce [152], etc.

The Random Forest (RF) [153] classi�er includes a large number of decision trees
and uses bagging [154] and random feature selection [155] methods. RFs are adequate
to handle high-dimensional data sets and can be used for classi�cation and regres-
sion methods. Within a RF ensemble of classi�ers, each tree is trained on a subset of
the original training samples and its individual results are then combined through a
majority voting process. The RF is not computationally intensive but demands a con-
siderable amount of memory when it needs to store high dimensional data. The RFs
were used successfully for classi�cation of multisource [156], multitemporal and multi-
sensor [157, 158] hyperspectral images [158�160]. Some advantages of a RF classi�ers
are: it is insensitive to noise in the training labels, it provides an unbiased estimate of
the test set error and it does not over�t. In [161] the e�ectiveness of FPGAs, GPGPUs,
and multi-core CPUs for accelerating the classi�cation process are compared.

The Support Vector Machines (SVMs) are one of the most powerful classi�cation and
regression tools today. The general idea of SVMs lies in separating training samples
which belong to di�erent classes by tracing maximum margin hyperplanes in the space
where the samples are mapped [162]. Hence, SVMs only demand training samples
close to the class boundary, and it is thus capable of handling high dimensional data
even if only a small number of training samples is available. SVMs were originally
introduced to solve linear classi�cation problems. In order to generalize them to non-
linear decision functions, i.e., more complex classes that are not linearly separable
in the original feature space, the so-called kernel trick can be taken into account
[163]. A kernel-based SVM method maps input data instances into a high-dimensional
feature space with a non-linear mapping function (e.g., Gaussian radial basis function)
and then performs linear classi�cation in this high-dimensional feature space. The
sensitivity to the choice of the kernel and regularization parameters can be considered
as the most important disadvantages of SVM. The latter is classically overcome by
considering cross-validation techniques using training data [164]. The Gaussian radial
basis function (RBF) is widely used in remote sensing [163]. In Chapter 5 a survey of
SVM parallelization approaches is presented.
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1.5 Objectives

The growing complexity of the RS processing scheme conditions the need for reevalua-
tion in two approaches towards the processing of the data. Manual feature engineering
approaches based on statistical or machine learning methods can signi�cantly con-
tribute to the reduction of the big data and generate smaller smart data. However,
the continuous increase in the RS data volume requires automatic processing methods
since many of the available datasets are massively underutilized due to the lack of
experts capable of manual investigation. With respect to the above-mentioned moti-
vations, this thesis aims at de�ning two concrete objectives within a RS optical data
classi�cation scheme:

1. The �rst objective is to employ an automatic spatial information analysis be-
fore the classi�cation takes place. This is done in Chapters 2,3 and 4, where
novel processing techniques based on the theory of Mathematical Morphology
are de�ned.

2. The second objective is to propose a classi�cation algorithm that scales with
respect to large datasets and provides high accuracy results within a reasonable
time. This is achieved in Chapter 5 where parallel computing architectures are
considered in order to signi�cantly accelerate the computation.

1.6 Novel Contributions

The �rst objective of this thesis is addressed with Attribute Filters, which are pow-
erful image processing operators de�ned in the MM framework. The AFs have been
extensively used for the modeling of spatial information since they are very �exible
in de�ning �ltering transformations and they preserve the contours of those objects
under investigation. The second objective is addressed with investigating parallel and
scalable SVMs, a powerful supervised learning algorithm. Among widely used RS clas-
si�ers, SVMs have often been found to be more e�ective in terms of classi�cation
accuracies, computational time, and stability in parameter settings [165]. The main
contributions of this thesis are summarized in Fig. 1.11 and described as follows:

Chapter 2: De�nition of Extended Self-Dual Attribute Pro�les.

The SDAPs have already proven to be more e�ective than APs since they pro-
cess bright and dark regions simultaneously. The Extended Self-Dual Attribute
Pro�les expand the concept of SDAPs for the analysis of hyperspectral images.

Chapter 3: Automatic method for the thresholds selection.

One main still unresolved issue of SDAPs is the selection of �lter parameters
able to compute pro�les that are both representative (i.e., they contain salient
structures in the image) and non-redundant (i.e., the objects are present only in
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one or few levels of the pro�le). A novel strategy of automatic selection of the
thresholds is proposed for tackling this issue.

Chapter 4: Classi�cation of SDAPs based on di�erent �lter rules.

The SDAPs are generated by the application of AFs in a multilevel architecture.
They can be de�ned by di�erent attributes (i.e., increasing or non increasing) and
�lter rules (i.e., pruning or non pruning) combinations. Their performances are
studied on the background of the classi�cation problem of multispectral datasets.

Chapter 5: Investigation of parallel and scalable SVM implementations.

Traditional serial SVM implementations have shown memory and time limita-
tions when considering datasets with high number of samples and features. In
order to overcome these issues, a survey of SVM parallelization approaches is
given and discussed for their feasibility in using with RS datasets. Several tech-
nical factors are included, such as free and open technology availability, maturity
of the solution, and speci�c algorithm suitability.

All the above contributions are produced with the perspective of using them in semi-
automatic big data use cases where the methods can be used with existing parallel
resources in order to cope with the ever-increasing sizes of big RS data while retaining
a high accuracy.

1.7 Thesis Outline

This doctoral thesis is written as a collection of publications. The main �ndings of this
thesis are presented in the journal papers included in the next four chapters. Never-
theless certain �ndings have been also published in dedicated conference publications
(see �List of Publications� above).

1.7.1 Paper 1

G. Cavallaro, M. Dalla Mura, J. A. Benediktsson and L. Bruzzone, �Extended Self-
Dual Attribute Pro�les for the Classi�cation of Hyperspectral Images�, in IEEE Geo-
science and RS Letters, vol. 12, no. 8, pp. 1690-1694, August 2015.

In this letter, the ESDAPs are presented as the extended concept of SDAPs for the
extraction of spatial features and the classi�cation of hyperspectral images. The work
adopts a spectral-spatial classi�cation approach based on the two-step Nonparametric
Weighted Feature Extraction (NWFE) method. The hyperspectral data are reduced
into a set of components of NWFE, and a morphological processing is then performed
by the SDAPs separately on each of the extracted components. Since the spatial infor-
mation extracted by SDAPs results in a high number of features, the NWFE is applied
a second time in order to extract a �xed number of features, which are �nally classi-
�ed. The letter aims to compare the capability of extracting the spatial information
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of EAPs and ESDAPs components when considering di�erent attributes. It is shown
that ESDAPs are a more e�cient tool for spatial information analysis and provide
better classi�cation results than EAPs.

1.7.2 Paper 2

G. Cavallaro, N. Falco, M. Dalla Mura, L. Bruzzone, and J. A. Benediktsson, Auto-
matic Attribute Pro�les, submitted.

This paper tackles the problem of the �lter parameters selection of morphological
attribute pro�les. Although they have been extensively employed in performing multi-
scale and region-based analysis for solving a number of remote sensing tasks, most of
the works did not discuss this issue. In this work a novel automatic approach for the
�lter parameters selection based on GCFs is presented. The method aims to provide a
data- and user-independent strategy to identify a suitable threshold set for computing
pro�les that need to be both representative (i.e., they contain salient structures in the
image) and non-redundant (i.e., objects are present only in one or few levels of the
pro�le). The GCFs are functions that describe the way that non-linear morphological
�lters simplify a scene according to a given measure. Since the �ltering implies the
removal of tree nodes (based on an attribute function), a GCF can be e�ciently
computed directly on a tree representation, such as the ToS. Eventually, the study of
the GCFs allows the identi�cation of a meaningful set of thresholds. Therefore, the trial
and error approach is not necessary for the threshold selection, thus automating the
process and in turn saving time. The paper shows that the redundant information is
reduced within the resulting pro�les (a problem of high occurrence, as regards manual
selection). The proposed approach is tested on two real remote sensing datasets, and
the classi�cation results are compared with other strategies described previously.

1.7.3 Paper 3

G. Cavallaro, M. Dalla Mura, J. A. Benediktsson, and A. Plaza, �Remote Sensing
Image Classi�cation Using Attribute Filters De�ned Over the Tree of Shapes,� in IEEE
Transactions on Geoscience and Remote Sensing, vol. 54, no. 7, pp. 3899-3911, July
2016.

The paper studies the min, max, direct and subtractive �lter rules of AFs when com-
puted on the ToS with non increasing attributes. The application of non pruning
strategies (direct and subtractive) is not straightforward as in the case of component
trees, since in the ToS the hierarchy between nodes follows the inclusion relationship
of the regions. Furthermore the updating operation included in the subtractive rule
can introduce new gray levels in the �ltered images which were not present origi-
nally. This work studies the performance of the di�erent rules in the context of remote
sensing classi�cation. Speci�cally, the sequential application of AFs on the component
trees and the ToS generates the APs and SDAPs, respectively, which can be classi�ed.
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It is shown that when the criterion presents a strong nonincreasing behavior (e.g.,
attribute moment of inertia), AFs provide heterogeneous pro�les for the di�erent �l-
tering strategies. In this case the classi�cation accuracies show that the subtractive is
the most e�ective �lter rule. Contrary to that, if the criterion is more similar to an
increasing behavior (e.g., standard deviation), the di�erent �lter rules provide similar
pro�les. Finally, due to the properties of the ToS, it is proved that SDAPs outperform
APs in terms of classi�cation accuracies.

1.7.4 Paper 4

G. Cavallaro, M. Riedel, M. Richerzhagen, J. A. Benediktsson and A. Plaza, �On
Understanding Big Data Impacts in Remotely Sensed Image Classi�cation Using Sup-
port Vector Machine Methods�, in IEEE Journal of Selected Topics in Applied Earth
Observations and RS, vol. 8, no. 10, pp. 4634-4646, October 2015.

This paper provides a survey of existing SVMs based on parallelization techniques.
The deep analysis takes into account several technical factors, such as the open tech-
nology availability, the scalability of the solution and the speci�c algorithm suitability.
Despite the availability of many parallelization techniques, just a very limited set of
parallel algorithms are found in the open source domain. Furthermore, these imple-
mentations require tuning or are not directly compatible with the standard parallel
hardware (i.e., GPGPU LibSVM for CUDA/Nvidia cards only). An improved version
of piSVM 1.2 is identi�ed as a stable implementation since it is based on the libSVM
library and it takes advantage of the mature MPI standard. The algorithm presented
some scalability limits, thus the code was tuned in order to deal with multiclass classi-
�cation problems. The tuned implementation led to signi�cant speed-ups for the cross
validation, training and testing steps by maintaining the same accuracy as achieved
when performing the classi�cation with serial algorithms. However, the manual con-
tribution of the scientists remains often necessary, because the classi�cation process
may require di�erent algorithms to improve the classi�cation accuracy. Therefore the
paper discusses other important factors that in�uence the e�ectiveness and usefulness
of the parallel solution, for example the time that the remote sensing scientists have to
invest to manually work on datasets (e.g., apply feature extraction methods). Despite
this factor, it shown that parallelization algorithms signi�cantly reduce the overall
time to solution of the whole classi�cation process. The biggest impact is shown when
performing parallel and scalable cross-validation over the so-called gridsearch in order
to tune necessary parameters.
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Extended Self-Dual Attribute Profiles for the
Classification of Hyperspectral Images

Gabriele Cavallaro, Student Member, IEEE, Mauro Dalla Mura, Member, IEEE,
Jón Atli Benediktsson, Fellow, IEEE, and Lorenzo Bruzzone, Fellow, IEEE,

Abstract—In this letter, we explore the use of self-dual attribute
profiles (SDAPs) for the classification of hyperspectral images.
The hyperspectral data are reduced into a set of components
by non-parametric weighted feature extraction (NWFE), and
a morphological processing is then performed by the SDAPs
separately on each of the extracted components. Since the spatial
information extracted by SDAPs results in a high number of
features, the NWFE is applied a second time in order to extract
a fixed number of features, which are finally classified. The
experiments are carried out on two hyperspectral images, and
the support vector machines (SVMs) and Random Forest (RF)
are used as classifiers. The effectiveness of SDAPs is assessed
by comparing its results against those obtained by an approach
based on extended attribute profiles (EAPs).

Index Terms—Attribute filters, attribute profiles, self-dual
attribute profiles, extended attribute profiles, non-parametric
weighted feature extraction, mathematical morphology, remote
sensing.

I. INTRODUCTION

THE DEVELOPMENT in hyperspectral sensors is leading
to an increased availability of data having both high

spectral and spatial resolution. The high spectral resolution
(i.e., hundreds of channels acquired in very narrow spectral
bands) allows a very accurate identification of surface mate-
rials. The high spatial resolution enables precise analysis of
small heterogeneous spatial structures present in the surveyed
scene. The modeling of the characteristics of spatial objects
can be achieved by processing an image with a set of math-
ematical morphology operators. In this context, region-based
filtering tools [1] (called connected operators) have recently
received significant attention due to their effectiveness in both
extracting spatial information and preserving the geometrical
characteristics of the objects in images (i.e., borders of regions
are not distorted since only an image is processed by merging
its flat zones). Attribute filters [2] are a set of connected
operators that are able to simplify a grayscale image according
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to an arbitrary measure (i.e., attribute), such as scale, shape
and contrast. In Dalla Mura et al. [3], the authors proposed
to use attribute filters in a multilevel approach, called attribute
profiles (APs), for dealing with the heterogeneity of objects
present in remote sensing high resolution images (both in scale
and shape). Dalla Mura et al. [4] showed interesting properties
of APs when extended to hyperspectral images (EAPs) and
used as spatial features for classification. Dalla Mura et al.
[4] [5] applied APs to the first few principal components (i.e.,
PCA) and to the independent components (i.e., ICA), extracted
from a hyperspectral image, respectively. Dalla Mura et al. [6]
proposed self-dual attribute profiles with area attribute as a
variant of APs for the classification of very high geometrical
resolution images. The use of SDAPs proved to be more
effective than APs for modeling the spatial information (i.e.,
bright and dark regions are simultaneously processed) even
with a reduced number of features. Subsequently, Cavallaro
et al. [7] compared APs with SDAPs obtained by different
attributes and filtering strategies and showed that SDAPs
could achieve higher classification accuracy. In this letter, we
propose Extended Self-Dual Attribute Profiles (ESDAPs), a
generalization of SDAPs for the extraction of spatial features
for the classification of hyperspectral images. A classic ap-
proach extracting spectral-spatial classification based on a two-
steps supervised feature extraction technique [8] is adopted
with the non-parametric weighted feature extraction NWFE
method [9]. We aim to compare the capability of extracting the
spatial information of EAPs and ESDAPs components when
considering different attributes. This is done by analyzing at
the classification accuracies provided by the support vector
machines (SVM) and Random Forest (RF) classifiers. The
remainder of this letter is organized as follows. Section II
reviews the features reduction methods by focusing on the
supervised NWFE. The concepts of morphological attribute
filters and extended self-dual attribute profiles (ESDAPs) are
introduced in section III. The experimental analysis (which
includes the description of the data sets), the setup and
the results are described in section IV. Section V concludes
this letter with some remarks and possible future research
directions.

II. FEATURE EXTRACTION

Feature extraction in hyperspectral images is an impor-
tant processing step that can improve the effectiveness of
a classifier [10]. Several approaches have been developed
to address this task. They are typically based on statistical
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methods, which might face significant challenges especially
when dealing with data of high dimensionality [11]. Data
mining techniques are included in the classification of remote
sensing images for two main reasons: to counteract the Hughes
phenomenon [12] (i.e., the combination of high dimensional
data and a small number of training samples) and to reduce the
required computational load. Data mining techniques present
in the literature include supervised and unsupervised, paramet-
ric and nonparametric, linear and nonlinear methods, which all
seek to identify the relevant informative subspace. Indeed, the
original feature space may not be the most effective domain
for representing hyperspectral data. This work adopts the Non-
parametric Weighted Feature Extraction (NWFE) technique
which is an efficient algorithm for high dimensional multi-
class pattern recognition problems [10]. NWFE is a supervised
method (i.e., it computes the transformation according to the
properties of the training set), and assigns different weights
to each sample in order to compute the weighted means.
Since NWFE is based on a nonparametric extension of scatter
matrices (i.e., between-class and within-class), the algorithm
is able to extract a desired number of features (higher than the
number of classes) and can work well even for data that are
not in Gaussian distribution [10].

III. DEFINITION OF EXTENDED SDAPS

We define Extended Self-Dual Attribute Profile as an ex-
tension of SDAPs for the analysis of hyperspectral images.
ESDAPs are based on morphological attribute filters applied
on the Inclusion tree, which is a hierarchical representation of
the image [13].

Attribute filters (AFs) are a set of connected operators
defined in the mathematical morphology framework [14].
They proved to be effective tools for the analysis of the
spatial information in images. Connected operators process
an image by removing flat zones (i.e., a set of connected
iso-intensity pixels) according to a given criterion T based
on a single or multiple attributes (e.g., geometrical, textural
and spectral). Since only flat zones can be processed, the
result of the filtering preserves geometrical features such as the
borders. Attribute filters can be efficiently implemented on an
equivalent representation of an image, such as the component
tree (i.e., min-tree or max-tree [15]) or the inclusion tree
(also known as tree of shapes) [13]. The representation of
the image as max-tree (min-tree) can be used to perform
an attribute thinning γT (thickening φT ), which is an anti-
extensive (extensive) idempotent transformation [3]. Self-dual
connected operators ρT [6] can be obtained by considering the
inclusion tree representation since it stores both the min- and
max-trees.

The application of attribute filters on a given tree structure
is composed by the following three steps:

1) Compute the tree representation of the image (i.e.,
identification of connected components and modeling
the hierarchical structure between the components).

2) Pruning the tree by removing the nodes whose associated
regions do not fulfill a given binary predicate T . The
predicate usually compares an attribute α computed on

the pixels corresponding to a node X in the tree and
gives the threshold value taken as reference λ: e.g.,
T = α(X) ≥ λ.

3) Converting the pruned tree back to the image.

A. Tree representations

Mathematical morphology provides a model for represent-
ing images by using structure level sets [16]. A discrete
two-dimensional grayscale image can be fully represented by
sets of connected components (i.e., lower and upper level
sets [17]) obtained by a thresholding computed over all the
values within the image. An inclusion relationship between
the extracted connected components allows to associate each
of them to a node of a tree and to represent the image as
a hierarchical structure. The min-tree and max-tree represent
the components in the lower and upper level sets, respectively.
The min-tree models the inclusion of regions according to
decreasing ordering relation among the graylevel (i.e., ≤),
therefore the tree contains only the shapes that are darker
than their neighborhood (i.e., the graylevel of each region
is lower than their neighborhood graylevel). The max-tree
is dual and contains only the regions that are brighter than
the graylevel of their neighboring pixels. These trees are
complementary representations of the image, since usually not
all the components present in the min-tree are also present in
the max-tree and vice versa. A more general representation
of the image is given by the inclusion tree, a quasi self-dual
representation [13], which includes both min-tree and max-
tree in a single structure. An operation called saturation is
applied to the connected components. It gives flat regions that
are obtained by progressively merging nested regions. The
inclusion tree can be built by an efficient algorithm called
Fast Level Sets Transform (FLST) [13]. The inclusion tree is
a complete representation of the input image meaning that the
image can be fully retrieved from the tree.

B. APs and SDAPs

Attribute profiles are introduced in remote sensing in [18]
as a sequential application of attribute filters based on a min-
tree (i.e., attribute thickening operation φT ) and max-tree
(i.e., attribute thinning operation γT ). The AP is obtained by
filtering an image u with attribute operators using a predicate
with increasing threshold values {λk}1L:

AP (u) = {φTλL (u), φ
TλL−1 (u), ..., u, ..., γ

TλL−1 (u), γTλL (u)} (1)

with φ and γ being the thickening and thinning operators based
on the predicate T , respectively, and Tλ a set of L ordered
predicates.
APs provide a multilevel characterization of the spatial fea-
tures which can be useful for the classification of very high
resolution remote sensing images [18].

The Self-Dual Attribute Profiles [6], are proposed as a
version of the APs based on self-dual connected operators
ρT computed on the inclusion tree of the image instead of
considering a min-tree or max-tree. The use of the inclusion
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tree as a structure representing the image allows simultane-
ously to access the information present on both min-tree and
max-tree. Moreover, the self-dual connected operators that are
computed on the inclusion tree produce a greater simplification
of the image with respect to non dual filters, since they operate
simultaneously on bright and dark components of the image.
SDAPs is obtained by filtering an image u with attribute
operators using a predicate with increasing threshold values:

SDAP (u) = {u, ρTλ1 (u), ..., ρTλL−1 (u), ρTλL (u)} (2)

with ρ being the self-dual operator based on the predicate T ,
and Tλ a set of L ordered predicates.

Dalla Mura et al. in [4] proposed extended attribute profiles
(EAPs) as the application of APs to hyperspectral data. An
EAP is obtained by concatenating the APs (i.e., based on
a single attribute) built on several feature components (FCs)
extracted by a reduction technique (i.e., PCA) computed on the
hyperspectral image. Thus, the EAP can be formally defined
as:

EAP = {AP (FC1), AP (FC2), ..., AP (FCN )} (3)

An example of EAPs derived from the first two feature
components with the moment of inertia attribute is reported
in Fig. 1.

Analogously to the definition of EAP, we propose Extended
Self-Dual Attribute Profiles which are generated by concate-
nating the SDAPs computed on different components. Each
SDAP is built on one of the N features components extracted
by a feature reduction transformation from a hyperspectral
image:

ESDAP = {SDAP (FC1), SDAP (FC2), ..., SDAP (FCN )} (4)

An example of ESDAP, derived from the first two feature
components with the moment of inertia attribute is reported in
Fig. 2. In contrast to APs, the SDAPs are composed of N +1
images while APs, built with the same sequence of λs are
made up of 2N + 1 images.

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝑆𝑆𝐶𝐶1) 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝑆𝑆𝐶𝐶2) 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝑆𝑆𝐶𝐶3) 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝑆𝑆𝐶𝐶4)

𝐹𝐹𝐶𝐶1𝜙𝜙𝑇𝑇𝜆𝜆4(𝐹𝐹𝐶𝐶1) 𝜙𝜙𝑇𝑇𝜆𝜆3(𝐹𝐹𝐶𝐶1) 𝜙𝜙𝑇𝑇𝜆𝜆2(𝐹𝐹𝐶𝐶1) 𝜙𝜙𝑇𝑇𝜆𝜆1(𝐹𝐹𝐶𝐶1) 𝛾𝛾𝑇𝑇𝜆𝜆4(𝐹𝐹𝐶𝐶1)𝛾𝛾𝑇𝑇𝜆𝜆3(𝐹𝐹𝐶𝐶1)𝛾𝛾𝑇𝑇𝜆𝜆2(𝐹𝐹𝐶𝐶1)𝛾𝛾𝑇𝑇𝜆𝜆1(𝐹𝐹𝐶𝐶1)
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Fig. 1. Example of EAP computed on the first two FCs extracted by NWFE
from the Indian Pines data set. The EAP is generated by the concatenation of
four APs derived from FC1 and FC2. Each AP is composed of three levels:
A thickening image φT , the original FC, and the γT image. All the filtering
φT and γT are computed with moment of inertia and the threshold values
shown in Table III.

IV. EXPERIMENTAL ANALYSIS

A. Data sets

The experimental analysis has been carried out on two
hyperspectral images acquired by the AVIRIS and ROSIS

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝑆𝑆𝐶𝐶1) 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝑆𝑆𝐶𝐶2) 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝑆𝑆𝐶𝐶3) 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝑆𝑆𝐶𝐶4)

𝐹𝐹𝐶𝐶1 𝜌𝜌𝑇𝑇𝜆𝜆1(𝐹𝐹𝐶𝐶1) 𝜌𝜌𝑇𝑇𝜆𝜆2(𝐹𝐹𝐶𝐶1) 𝜌𝜌𝑇𝑇𝜆𝜆3(𝐹𝐹𝐶𝐶1) 𝜌𝜌𝑇𝑇𝜆𝜆4(𝐹𝐹𝐶𝐶1)

𝐹𝐹𝐶𝐶2 𝜌𝜌𝑇𝑇𝜆𝜆1(𝐹𝐹𝐶𝐶2) 𝜌𝜌𝑇𝑇𝜆𝜆2(𝐹𝐹𝐶𝐶2) 𝜌𝜌𝑇𝑇𝜆𝜆3(𝐹𝐹𝐶𝐶2) 𝜌𝜌𝑇𝑇𝜆𝜆4(𝐹𝐹𝐶𝐶2)

Fig. 2. Example of ESDAP computed on the first two FCs extracted by NWFE
from Indian Pines data set. The ESDAP is generated by the concatenation of
four SDAPs derived from FC1 and FC2. Each SDAP is composed of two
levels: The original FC, and the ρT image. All the filtering are computed
with moment of inertia and the threshold values shown in Table III.

sensors, respectively. The former captured a scene of the
Indian Pines, Indiana, and is made up of 145×145 pixels
and 200 spectral bands (with spatial resolution 20 m). The
latter represents a portion of the city of Pavia, Italy, and is
made up of 640 × 340 pixels with 103 data channels and
a spatial resolution of 1.3 m. The Pavia and Indian Pines
ground reference data contain 9 and 16 classes (see Fig. 4(a)
and Fig. 5(a)), respectively (further information can be found
in [5] and [19]). The experiments for Indian Pines are run ten
times with a set of different training sets randomly selected
(10% of the labeled samples are taken for each class), while
for Pavia, the classifier used the training set available with the
data [20].

B. Experimental setup

In order to deal with the dimension of the original data
and with the elevated number of features extracted by the
morphological processing (i.e., EAP and ESDAP), we propose
the flowchart shown in Fig. 3. The hyperspectral data sets
are reduced by NWFE into a subspace of feature components
(FCs). The AP and SDAP are applied to the first FCs, which
contain more than 99% of the total variance of the data.
This leads to the definition of EAP and ESDAP, respectively.
Finally, since the EAP and the ESDAP built on the different
extracted components result in a high number of features, the
NWFE is performed for the second time, with only the first
10 features selected to be classified (to ensure fair comparison
of the capability in modeling the spatial information between
EAP and ESDAP).

Data set NWFE
EAP

ESDAP

NWFE SVM10 feat.
99%

NWFE SVM10 feat.

Fig. 3. Flowchart of the spectral-spatial classification approach based on the
two-steps supervised NWFE.

For all the experiments, the Leave-One-Out Covariance
(LOOC) estimator is applied to regularize the within-class
scatter matrix for the performances of the NWFE (i.e., neces-
sary in small training sample size situation). The mixing pa-
rameter β [21] is fixed at 0.5. For both data sets, the EAP and
ESDAP were computed on the feature components extracted
by NWFE considering attribute and threshold values reported
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TABLE I
PAVIA UNIVERSITY DATA SET. CLASSIFICATION ACCURACIES OBTAINED BY CLASSIFYING WITH SVM AND RF THE HYPERSPECTRAL IMAGE (RAW), THE

FIRST FEATURE COMPONENTS WHICH CONTAIN MORE THAN 99% OF THE TOTAL VARIANCE OF THE DATA (FE), EACH SINGLE EAP, EACH SINGLE
ESDAP, AND THE STACKED VECTOR WHICH CONCATENATES THE DIFFERENT ATTRIBUTES.

Classifier Features Raw (103) FE (11) EAPa FE (10) EAPd FE (10) EAPi FE (10) EAPs FE (10) ESDAPa FE (10) ESDAPd FE (10) ESDAPi FE (10) ESDAPs FE (10) SV EAP (40) SV ESDAP (40)

K (%) 75.11 74.41 92,51 88,67 83,83 86,48 95,22 90,21 86,48 94,51 87,14 91,37
SVM OA (%) 80.05 79.51 94,31 91,28 87,24 89,52 96,41 92,44 89,51 95,82 89,95 93,39

AA (%) 88.03 87.69 94,44 92,91 94,06 90,91 96,27 94,71 93,33 94,81 95,16 95,53

K (%) 65,33 71,09 91,22 88,34 87,83 87,03 94,34 94,15 86,14 89,98 93,79 97,22
RF OA (%) 71,82 76,58 93,34 90,98 90,52 89,95 95,75 95,57 89,22 92,23 95,26 97,89

AA (%) 82,31 86,65 92,17 93,37 94,12 91,28 93,82 94,51 91,24 95,77 95,32 97,74

TABLE II
INDIAN PINES DATA SET. CLASSIFICATION ACCURACIES OBTAINED BY CLASSIFYING WITH SVM AND RF THE HYPERSPECTRAL IMAGE (RAW), THE

FIRST FEATURE COMPONENTS WHICH CONTAIN MORE THAN 99% OF THE TOTAL VARIANCE OF THE DATA (FE), EACH SINGLE EAP, EACH SINGLE
ESDAP, AND THE STACKED VECTOR WHICH CONCATENATES THE DIFFERENT ATTRIBUTES (MEAN AND STANDARD DEVIATION IN BRACKETS).

Classifier Features Raw (200) FE (123) EAPa FE (10) EAPd FE (10) EAPi FE (10) EAPs FE (10) ESDAPa FE (10) ESDAPd FE (10) ESDAPi FE (10) ESDAPs FE (10) SV EAP (40) SV ESDAP (40)

K (%) 78,42 (0,76) 72,07 (1,23) 81,42 (1,61) 81,05 (1,56) 81,59 (0,99) 83,89 (1,16) 93,21 (0,88) 93,55 (1,02) 83,57 (1,13) 91,84 (0,82) 90,88 (1,21) 96,05 (0,15)
SVM OA (%) 81,11 (0,66) 75,71 (1,06) 83,78 (1,39) 83,47 (1,65) 83,97 (0,86) 85,91 (1,03) 94,05 (0,77) 94,36 (0,89) 85,68 (0,97) 92,85 (0,72) 92,05 (1,04) 96,54 (0,13)

AA (%) 77,04 (1,88) 64,37 (1,75) 73,78 (3,32) 72,48 (3,17) 77,09 (4,17) 82,77 (2,61) 89,16 (2,82) 88,72 (2,66) 75,67 (4,71) 91,26 (1,15) 76,41 (5,51) 90,74 (3,14)

K (%) 71,47 (0,66) 68,61 (1,27) 81,18 (1,03) 79,73 (1,45) 80,27 (1,15) 83,45 (1,11) 92,06 (1,01) 93,12 (0,64) 81,99 (0,72) 90,93 (0,84) 88,41 (0,92) 95,31 (0,51)
RF OA (%) 75,29 (0,55) 73,16 (1,05) 83,57 (0,91) 82,34 (1,25) 82,83 (0,99) 85,57 (0,96) 93,04 (0,88) 93,97 (0,55) 84,33 (0,61) 92,06 (0,73) 89,87 (0,81) 95,88 (0,44)

AA (%) 61,43 (1,98) 57,21 (1,72) 79,58 (2,33) 78,34 (2,28) 79,27 (2,01) 83,22 (1,84) 93,16 (2,08) 94,09 (1,59) 81,71 (1,21) 90,46 (1,71) 85,13 (1,52) 94,51 (1,82)

in Tab. III (the thresholds were manually selected by a visual
analysis of the scenes). The area (i.e. EAPa and ESDAPa)
and the length of the diagonal (i.e. EAPd and ESDAPd) allow
the extraction of objects based on their size. The moment of
inertia (i.e. EAPi and ESDAPi) can describe the geometry of
structures (i.e., elongated objects can be discriminated from
compact ones) [22]. Finally, standard deviation (i.e. EAPs and
ESDAPs) can model the homogeneity of the pixels gray levels
belonging to different regions. The stacked vector approach,
which was applied in [5], is considered here in order to
concatenate the different EAP and ESDAP in a simple vector
of features.

TABLE III
ATTRIBUTE AND THRESHOLD VALUES

Attribute Pavia Indian

Area 100, 1000, 1500, 2000 50, 100, 500, 2000
Length of the diagonal 10, 25, 50, 100 25, 50, 100, 150

Standard Deviation 5, 7.5 ,10, 12.5 5, 10, 15, 20
Moment of Inertia 0.20, 0.30, 0.40, 0.50 0.18, 0.20, 0.30, 0.40

For each experiment, the performance is reported in terms of
overall accuracy (OA), average accuracy (AA) and the Kappa
coefficient (K) obtained by the Support Vector Machines
(SVMs) and Random Forest (RF) classifiers. For the SVM,
the Radial Basis Function (RBF) kernel is adopted, and the
regularization C and kernel γ parameters are estimated by
exploiting a grid search using a 10-fold cross-validation. The
RF classifier is composed by 150 trees.

C. Experimental results

In order to evaluate the performance of SDAPs for the clas-
sification of hyperspectral images, we compare the accuracies
obtained by ESDAPattr with the results given by EAPattr
(i.e., same attributes and threshold values). The classification

(a) (b) (c)

Fig. 4. Pavia data set. Ground reference (a), classification maps obtained
by (b) EAPa (OA 94.31%) and (c) ESDAPa (OA 96.41%) with the SVM
classifier.

(a) (b) (c)

Fig. 5. Indian Pines data set. Ground reference (a), classification maps
obtained by (b) EAPs (average OA 85.91%) and (c) ESDAPd (average OA
94.36%) with the SVM classifier..

accuracies are reported in Tables I and II for Pavia and Indian
Pines data sets, respectively. For both cases, we report the
accuracies achieved with the original data (i.e., 103 and 200
spectral bands) and with the feature components extracted
by NWFE in the first step. The spectral channels do not
provide enough information to the classifier to achieve very
high accuracies. However, the NWFE performs a very efficient
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extraction of most of the information components leading to
similar results that are generated by the whole spectral infor-
mation. In spite of the different data sets, when considering the
single EAPattr and ESDAPattr, the information given as input
to the classifier is more complete (i.e., spectral and spatial
features), and an improvement in the overall classification
accuracies is achieved. For each experiment (i.e., attribute),
the EAPattr and ESDAPattr are generated on the extracted
features components (i.e., which contain more than 99% of
the total variance of the data), and the NWFE is applied a
second time. In order to better investigate the capability of
the extended profiles in extracting informative features, the
classification step is carried out with a reduced number of
FEs provided by the second-step NWFE. In particular, since
the variance of the data changes among the different profiles
(i.e., EAPattr and ESDAPattr) and attributes, the Tables I
and II report the accuracies obtained by classifying only the
first 10 feature components. In the case of a single attribute,
for the Indian Pines data set, ESDAPd outperforms the rest of
the attributes (OA of 94,36% and 93,97% for SVM and RF,
respectively) while in the Pavia data set the best accuracy is
provided by ESDAPa (OA of 96,41% and 95,75% for the SVM
and the RF, respectively). In both cases, the corresponding
ESDAPd and ESDAPa perform better than EAPd and EAPa
(see the corresponding classification maps in Fig. 5 and Fig. 4
for the SVM classifier). The stacked vector approach gives
the best results in the Indian Pines data set (both classifiers)
and in the Pavia University data set (RF classifier) for the
ESDAPattr. For the other cases, the information extracted
by the different attributes is redundant, thus penalizing the
generalization capability of the classification algorithms (i.e.,
Hughes phenomenon). In all the experiments, the capability of
SDAPattr in modeling the information within heterogeneous
scenes (i.e., feature components) is noticeable. In [6] and [7],
it was already shown that spatial information can be better
modeled by SDAPattr even with a reduced number of features
with respect to considering the APattr. The experimental
results show that this property holds also for the extended
version of the SDAPattr (i.e., ESDAPattr) in the case of
different attributes, data sets and classifiers.

V. CONCLUSION

In this paper, we presented the extended self-dual attribute
profiles as the extended concept of self-dual attribute profiles
for the classification of hyperspectral images. Non-parametric
weighted feature extraction (NWFE) was adopted in a two-
step fashion: i) for reducing the number of features contained
in the original data and ii) for extracting a fixed number of
features (i.e., 10) from the different morphological profiles. We
proved that in a hyperspectral domain, SDAPs (i.e., multilevel
application of attribute filters based on inclusion tree) are a
more efficient tool for the analysis of the spatial information
than APs. Our future research aims to explore new strategies
for the selection of the threshold values by exploring the
information present in the inclusion tree structure.
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Abstract—Morphological attribute profiles are multilevel de-
composition of images obtained with a sequence of transfor-
mations performed by connected operators. They have been
extensively employed in performing multi-scale and region-based
analysis in a large number of applications. One main, still
unresolved, issue is the selection of filter parameters able to
provide representative and non-redundant threshold decompo-
sition of the image. This paper addresses the issue by relying on
Granulometric Characteristic Functions (GCFs). These functions
describe the way that non-linear morphological filters simplify a
scene according to a given measure. Since the filtering implies the
removal of tree nodes (based on an attribute function), a GCF
can be efficiently computed directly on a tree representation,
such as the Tree of Shapes (ToS). Eventually, the study of the
GCFs allows the identification of a meaningful set of thresholds.
Therefore, a trial and error approach is not necessary for
the threshold selection, automating the process and in turn
decreasing the computational time. It is shown that the redundant
information is reduced within the resulting profiles (a problem
of high occurrence, as regards manual selection). The proposed
approach is tested on two real remote sensing data sets, and the
classification results are compared with strategies present in the
literature.

Index Terms—automatic attribute profiles, filter parameter
selection, tree representation, mathematical morphology, remote
sensing, image processing.

I. INTRODUCTION

TAKING into account the spatial information of images
(e.g., the contextual relations among neighboring pixels,

shape characteristics of regions, scale, etc) has proved to
be beneficial for the interpretation of the image content in
many application domains, such as astronomy [1], medical
imaging [2] and remote sensing [3]. However, modeling and
retrieving spatial features is a challenging task. In this context,
mathematical morphology (MM) [4] has been playing an
important role, since it provides a wide set of operators
that perform contextual image transformations. These trans-
formations are able to probe the image content and can be
useful to infer hints on spatial characteristics of objects in
the image (e.g., geometry, shape, and edges) according to
the output of the transformations. In remote sensing, the MM
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finds its main applications in image filtering, segmentation and
measurements [5]. In order to solve such problems, pixel-based
approaches are not usually considered as good candidates. To
meet this need, the MM framework contains useful tools that
provide tree-based image representations, i.e., a representation
of the image content in a tree structure in which each node
corresponds to a region in the image. Tree representations
are an important solution for many image processing appli-
cations, e.g., pattern recognition in astronomical imaging [6],
representation of different types of multivariate images (e.g.,
color natural images, multimodal medical imaging, etc.) [7],
detection and localization of objects in images [8], etc. Tree
representations of images can be divided into two groups [9]:
hierarchies of segmentation (i.e., hierarchy of image partitions
such as minimum spanning tree (MST) [10], alpha-tree [11],
binary partition tree (BPT) [12]) and threshold decompositions
(i.e., hierarchy of regions such as min- and max-tree [13],
[14], Tree of Shapes (ToS) [15]). The difference between a
hierarchy of segmentation and tree based on the threshold
decomposition is that when taking a horizontal cut, the former
leads to a partition of the image (i.e., set of non-overlapping
regions whose union covers the entire image domain) whereas
the latter to a set of regions representing a partial partition.
In general, these representations enable multi-scale analysis of
objects and spatial analysis of the image organization [16].

The work presented in this paper deals with the threshold
decomposition representations, which are composed of a set of
regions organized in a hierarchical way. Threshold decompo-
sitions have been popularized by connected operators, such as
attribute filters [4] [17], which have been extensively used for
the modelling of spatial information of images from remote
sensing [18], astronomy [19] and medical scanning [20] [21].
Attribute filters are edge-preserving and flexible operators
since they preserve the contours of the processed objects and
rely on many different spatial measures (i.e., attributes). For
example, one can express the objects to be filtered out through
a criterion (attribute) that tells the connected components (i.e.,
flat zones [22]) whether to be preserved or removed. This
attribute can be increasing (e.g., the area of the component)
or non-increasing (e.g., standard deviation, moment of inertia,
etc.). A given attribute causes a specific filtering transforma-
tion, extracting contextual information that is complementary
to the one extracted by other attributes. The possibility to
perform a multi-attribute analysis (i.e., attribute filters built
by employing different attributes) enriches the extraction of
spatial arrangement and improves the discrimination between
different structures. However, the analysis of a scene becomes
more challenging when heterogeneous structures populate
the scene. In this case, a multi-level decomposition of the
original grey-level image obtained by applying a sequence
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of attribute filters according to a pre-defined set of filter
thresholds is preferable. The result of this operation are the
so-called attribute profiles (APs) [23] or self-dual attribute
profiles (SDAP) [24], [25], in case of min- and max-tree
or ToS, respectively. Due to the aforementioned properties,
these operators and their multi-channel and multi-attribute
extensions [26] [27] have gained an increasing popularity.
They have been exploited mainly in remote sensing (e.g.,
classification [28]–[31], data fusion [32] and change detection
[33], [34]) and medical imaging processing (e.g., segmentation
of computed tomographic images [35]).

Multi-attribute profiles can extract complementary infor-
mation and effectively model the spatial context. However,
the filter parameter selection (i.e., a set of values used in
the filtering in order to construct a profile) remains one
of the main operational issues, affecting their usability in
different applicative contexts, such as feature extraction, visual
exploration, compression, etc. Although the parameter tuning
is unavoidable, most of the works dealing with morphological
operators for multi-level analysis do not tackle this issue,
whereas the use of similar parameters, even for different case
studies, seems to be the general strategy. In the literature, only
few works related to solve such issue can be found [36]–
[39]. Since the morphological analysis is data dependent, the
identification of the suitable threshold sets should be based
on empirical searching. However, such strategy can be time-
consuming and perceptively not trivial.

Focusing on this issue, this paper presents a novel automatic
approach for the selection of filter parameters, hereafter filter
thresholds (since attribute filters are based on the evaluation
of a binary criterion which compare an attribute value against
a given threshold) for morphological attribute profiles. The
proposed method aims to provide a data-adaptive and user-
independent strategy to identify a suitable threshold set for
computing profiles that need to be both representative (i.e.,
containing salient structures of the image) and non-redundant
(i.e., objects are present only in one or few levels of the
profile). The method exploits the threshold decomposition
representation of an image (i.e., prior to any filtering step),
from which can be derived useful information related to the
actual range of the attribute values. The main idea is to
identify a set of threshold values that approximate a certain
behavior of the multi-level decomposition. For this purpose,
the concept of granulometric characteristic functions (GCFs)
is here introduced as an extension of the concept of granu-
lometry [40]. A GCF is defined as a curve that shows the
evolution (i.e., the behaviour) of a measure for increasing
values of the thresholds (i.e., increasingly coarser filters),
where a measure is a quantifiable effect strictly related to
the image transformation. The number of pixels that change
grey-value, or the number of the regions filtered out, are
examples of measures, and each one of them, if computed for
all the possible thresholds, leads to the definition of a different
GCF. Since the filtering implies the removal of tree nodes, a
GCF can be efficiently computed directly on the tree, without
requiring any prior filter steps, with a consequent increase of
the computational efficiency of the threshold tuning phase.
Similarly to [39], in this work, the set of thresholds that best

approximates the GCF computed on the full set of thresholds is
sought. The main assumption is that the distribution of a given
measure along the profile can be extracted and approximated
by using a subset of selected thresholds. Afterwards an adap-
tive regression model [41] approximates the original GCF for
an increasing number of thresholds. Eventually, the final set
of thresholds is identified when the estimation error between
the original and the approximated GCFs is minimized.

To summarize, the main contribution of this paper is the
proposed automatic approach for the thresholds selection
based on GCFs, which yields a set of filtering outputs that
optimally represent the content of the image, with respect
to some criterion overcoming the tedious manual trial and
error selection strategy. Moreover, the proposed method does
not need to run prior filtering in order to identify the best
thresholds since it directly operates on the tree representation
of the image. Both quantitative and qualitative analysis is
conducted considering two remote sensing images, providing a
comparison with automatic filtering selection strategies present
in the literature.

The remainder of the paper is as follows: In Section II an
overview on the strategies proposed in the literature is pre-
sented. Section III provides a briefly introduction to the mor-
phological operators and tree representations. In Section IV the
proposed method is described, while the experiment analysis
is shown in Section V. Section VI concludes the paper,
discussing the findings of the study.

II. RELATED WORK

There have been only few attempts to solve the problem
of the filter threshold selection in mathematical morphology.
In general, a common approach is to derive a reasonable set
of thresholds based on the field-knowledge of the scene. This
requires a visual inspection of the scene under investigation,
followed by a manual selection. This approach often requires
multiple filtering tests to select the appropriate final threshold
set. Depending on the considered attribute and the complexity
of the scene, this process can be computationally expensive
and time consuming.

To the authors’ best knowledge, the first automatic approach
aimed at decreasing the manual intervention was proposed in
[36], where a vector of thresholds was derived by computing
a given attribute on each object extracted by a preliminary
clustering or classification computed on the original scene.
The final set of thresholds was identified by clustering the
threshold vector and selecting for each cluster the threshold
corresponding to the minimal attribute value. The method
provided better or similar results to the manual selection.
A drawback of the approach is represented by the possible
inconsistency between the attribute values of the connected
components extracted by the classification map and those
represented by the tree, making the approach very sensitive
to variations in the pre-classification map.

In a supervised classification scenario, an automatic pro-
cedure for the threshold selection of the standard deviation
attribute was proposed in [37]. The selected thresholds were
identified based on a statistical analysis of the available
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training samples. Similar approach was extended to the area
attribute in [38]. These procedures identify a large set of
thresholds, providing high dimensional profiles that intrinsi-
cally contain redundant features, and thus, requiring a further
dimensionality reduction procedure in order to avoid the
raising of the Hughes’ phenomenon.

An interesting strategy was proposed in [39], where the
filter thresholds of the area profile were selected based on
the analysis of the characteristic function of the pattern spec-
trum [42], [43], which corresponds to the probability density
function of the granulometric curve of the area profile, i.e.,
a curve related to the size distribution of the structures in
the image [40]. In particular, the selected thresholds were
those whose characteristic function best approximated the one
obtained by considering a larger set of thresholds. The method
required an initial set of thresholds, which was manually de-
fined prior to the filtering. The selection was then based on the
sampling of the original characteristic function with a constant
rate. In this case, a number of filtered images (potentially with
all possible thresholds) were produced in order to compute
both the original and the approximated granulometric curves,
resulting in a computationally non-efficient strategy.

What associates all the aforementioned methods is that
they might not exploit the full information contained in the
tree representations. For instance, instead of exploiting the
nodes information they involve additional statistical learning
methods (e.g., supervised/unsupervised classification, feature
extraction). The idea of this work started by a simple consider-
ation: the filtered images that compose a profile are computed
by pruning a tree. A simple and effective threshold selection
method can be based entirely on morphological information
contained in the tree.

III. THEORETICAL BACKGROUND

A. Trees based on threshold decomposition

This section reviews three tree representations based on
threshold decomposition of the image, namely, the min- and
max-tree (i.e., component trees) and the Tree of Shapes (ToS).
Component trees were introduced by Jones [13], [44] as
efficient image representations that enable the computation of
advanced morphological filters in a simple way. These trees
are actually hierarchical structures that encode the threshold
sets and their inclusion relationship and allow efficient imple-
mentations of connected filters.

More formally, let f : Ω→ E be a discrete two-dimensional
grayscale image, defined on a spatial domain Ω ⊆ Z2 and
taking values on a set of scalar values E ⊆ Z. For any λ ∈ Z,
a lower L(f) and upper U(f) threshold set is defined by:

L(f) = {x ∈ Ω, f(x) < λ}, (1)

U(f) = {x ∈ Ω, f(x) > λ}, (2)

Let P(Ω) be the power set of all the possible subsets of
Ω. Given X ∈ Ω, the set of connected components of X is
denoted as C(X) ∈ P(Ω). If ≤ is a total relation, any two
connected components X,Y ∈ C(L(f)) are either disjointed
or nested. The min-tree and max-tree structures represent the

components in L(f) and U(f) respectively with their inclusion
relations.

The Tree of Shapes (also known as topographic map), is a
hierarchical representation of a gray-level image in terms of
the inclusion of its level lines. The ToS is a morphological
self-dual representation of the connected components within
an image (i.e., zones enclosed by an isolevel line). Since it is
self-dual, it makes no assumption about the contrast of objects
(either light object over dark background or the contrary).
The ToS can be interpreted as the result of merging the min-
and max-tree [14] into a single tree. It was firstly introduced
by Monasse et al. [45], where the structure was computed
with the Fast Level Line Transform (FLLT) algorithm: it first
computes the pair of dual component trees and then obtains
the ToS by merging both trees. Afterwards, Caselles et al. [46]
introduced the Fast Level Set Transform algorithm (FLST),
which relies on a region-growing approach to decompose the
image into shapes. An operation called saturation is applied to
the connected components, resulting in flat regions obtained
by progressively merging nested regions. Specifically, the
algorithm extracts each branch of the tree starting from the
leaves and growing them up to the root until only a single flat
region is reached. Song et al. [47], proposed to retrieve the ToS
by building the tree of level lines and exploiting the interior
of each level line. Recently, Geraud et al. [48] proposed
a new algorithm to compute the ToS in order to reduce
the computational complexity and overcome the restriction
to only 2D images of the previous methods. The algorithm
computes the ToS with quasi-linear time complexity when data
quantification is low (typically 12 bits or less) and it works
for nD images. Moreover, Crozet et al. [49] presented the first
parallel algorithm to compute the morphological ToS based on
the previous algorithm [48].

Described more formally, given the set X ∈ Ω let ∂X be the
border of X and X̄ the complementary of X . The hole-filling
operator H : P(Ω)→ P(Ω) is defined by:

H(X) = Ω \ C(X̄, ∂X) (3)

where C(X̄, ∂X) is the connected component of X̄ linking
with the image border. Given the operator H, a shape is any
element of the set:

S = {H(L)}λ ∪ {H(U)}λ (4)

If ≤ is total, any two shapes are either disjointed or nested,
hence the cover of S,⊆ makes the ToS. The definition of the
shapes as hole-filled connected components of the lower L(f)
and upper U(f) threshold set proofs that the ToS can be seen
as a merge of the min- and max-tree. However, the hole-filling
operation creates shapes within neither to the min-tree nor to
the max-tree.

B. Attribute filters

The way C is defined leads to different tree representations
(see previous section) and hence distinct partition πf (i.e., set
of connected components of f ) of the spatial domain Ω. If we
consider a connected operator ψ, by definition it will operate
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on f only by merging the connected components of the given
set C [22]. Thus, the result of the filtering will be a new
partition πψ that is coarser (i.e., containing fewer regions) than
the initial one: πf v πψ(f) meaning that for each pixel p ∈ Ω,
πf (p) ⊆ πψ(f)(p) [50, Ch. 7]. The coarseness of the partition
generated by a connected operator is determined by a threshold
λ (i.e., a size-related filter threshold). Given two instances of
the same connected operator with different filtering thresholds,
ψλi and ψλj , which we denote for simplicity as ψi and ψj ,
respectively, there is an ordering relation between the resulting
partitions: πψi v πψj given λi ≤ λj . Among the different
types of connected operators, attribute filters have largely
diffused. Attribute filters remove connected components in
C according to an attribute A that is computed on each
component. In greater detail, the value of an attribute A is
evaluated on each connected component in C and this measure
is compared with a reference threshold λ in a binary predicate
Tλ (e.g., Tλ := A ≥ λ). An attribute can be increasing
(e.g., the area of the component) or non-increasing (e.g.,
standard deviation, moment of inertia, etc.). In the former, the
increasingness of A leads to an attribute closing or opening
(min-tree and max-tree, respectively). The tree filtering is
rather straightforward, since it is performed by pruning the
nodes whose attribute function A is under a given threshold,
which can be seen as an attribute thresholding. In the latter,
the non-increasingness of A leads to attribute thinnings and
thickenings. Specific filtering and restitution rules have been
defined in [14] [43] for non-increasing attributes that can be
categorized in two groups: pruning and non-pruning strategies.
In general terms, if the predicate is true the component is
maintained, otherwise it is removed. According to the attribute
considered, different filtering effects driven by characteristics
such as the regions’ scale, shape or contrast can be obtained,
leading to a simplification of the image.

C. Attribute profiles

Let us consider a family of L connected operators ψ
computed considering a sequence of L either increasing or
decreasing values of the filter threshold Λ = {λi}L1 that we call
it a profile Pψ := {ψi}L1 . Considering the entries of a profile,
the absorption property holds on the resulting partitions such
that ψjψi will lead to πψj for i ≤ j. So filtered results can be
ordered sequentially.
In this work, we will focus on profiles built with attribute
filters, so called attribute profiles (APs). Profiles considering
attribute filters were initially proposed for the analysis of
remote sensing images in [23]. By considering a max and a
min-tree, attribute opening and closing profiles were defined,
respectively as:

Pγ = {γT0 , γTλ1 , . . . , γTλL}, (5)

Pφ = {φT0 , φTλ1 , . . . , φTλL }, (6)

where γT and φT represent the attribute opening and closing,
respectively, {Ti} is a criterion evaluated on the set of thresh-
olds Λ and φT0(f) = γT0(f) = f , which is the original image.
By denoting with P−φ the closing profile taken in reverse order
(such that each entry is greater or equal than the subsequent

one), in [23] its concatenation with an attribute opening profile
was named Attribute Profile (AP):

AP = {P−φ /φT0 ,Pγ}. (7)

The AP is composed of 2L+1 images (L closings, the original
image and L openings).
Analogously, when considering the contrast invariant operator
ρ based on the inclusion tree, the profile Pρ, named Self-Dual
Attribute Profile (SDAP) [24], [25], can be obtained:

Pρ = {ρT0 , ρTλ1 , ..., ρTλL }, (8)

with ρT0(f) = f .

IV. PROPOSED APPROACH FOR AUTOMATIC
THRESHOLD SELECTION

A. Definition of Granulometric Characteristic Function

The proposed automatic threshold system is based on the
definition of a descriptive function that globally quantifies
the filtering effect on grey-level image due to the image
transformation performed by a connected operator ψ. Being
inspired by the concept of granulometric curves, which show
the interaction of the size of the image structures with the
filters when the filter threshold varies, we extend the gran-
ulometry definition by considering other characteristics that
can be measured to provide information on the effect of in-
creasingly coarser filtering. Exploiting the tree representation,
a measureM(ψ), representing a specific aspect of the filtering
effect we want to measure, can be easily computed at each
threshold value, resulting in the definition of a granulometric
characteristic function (GCF), which is formally defined as:

GCF(Pψ(f)) = {M(ψi)}Li=1. (9)

Thus, if M : f → R, GCF(Pψ(f)) leads to L scalar
values (one for each value of threshold extracted from the
tree representation).

In this study, we present three definitions of GCFs based
on the following three measures M:

1) Sum of gray-level values: Similarly to the conventional
granulometry, this measure provides information related to the
effect of the filtering with respect to the changes in terms of
gray-levels that are produced in the image.

GCFval(Pψ(f)) =
{∑

|f − ψi(f)|
}L
i=1

. (10)

When attribute filters are applied on the ToS, the sum of
gray-level values might not be meaningful since the hierarchy
in which the nodes are organized is not driven by an ordering
relation among gray levels (i.e., as for min-tree and max-tree).
The nodes of the ToS follow the inclusion relationship of
the regions and hence the interpretation of the GCF is not
straightforward. For instance, in Fig. 1 the effect of the filtering
applied on the image is not accounted by the GCF measure
since there is no change in the total sum of gray values before
and after the filtering.
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Fig. 1. Attribute filter computed on the ToS: T = A(area) ≤ 2. Original
image (a) and filtered image (b). In both images, the sum of the gray-level
values is equal to 153.

2) Number of changed pixels: This measure provides in-
formation on the number of pixels that change gray-value at
different filtering. The obtained GCF results more sensitive
to changes in the spatial extent of the regions rather than in
gray-levels.

GCFpix(Pψ(f)) = {card[f(p) 6= ψi(f)(p)],∀p ∈ E}Li=1 ,
(11)

where card[·] denotes the cardinality of a set.
3) Number of changed regions: This measure extracts in-

formation on the number of connected components that are
affected at each filtering level. It is topological invariant to
both the spatial extent and gray-level variations induced by
the filtering.

GCFreg(Pψ(f)) = {card[C(f)]− card[C(ψi(f))]}Li=1 . (12)

The considered measures increase for progressively coarser
filters, providing monotonic increasing GCFs. An example of
the extraction of a GCF is shown in Fig. 3, where a toy image
is used. Starting from the tree representation of the image,
which, in this case, is a max-tree, the GCF is obtained by
considering the number of regions as measure.

It is worth noting that other measures able to describe
specific characteristics of the filtering effects could be also
considered and implemented for the definition of more GCFs.

B. Automatic threshold selection

1) Purpose: The problem we want to address can be
formulated as the identification of a subset Λ̂ = {λ̂i}L̂i=1

among the set of all possible values of λs, Λ̄ = {λi}Li=1,
with L̂� L. The full set Λ̄ is extremely scene dependent and
can potentially be very large making the problem of selecting
the subset Λ̂ more complicated, since the full set is not readily
accessible. A possible strategy for the selection relies on the
computation of a profile by considering a relatively large
number of λs (considering all of them in real scenarios is
impractical) and prune the profile by selecting some of filtered
images and related filter thresholds so defining Λ̂. However,
such an approach is limited by the need of generating the
filtered images in order to perform the selection and by the
lack of guarantee that all possible thresholds are considered
for selection. Here we propose to consider the GCFs defined
in Sec. IV-A in order to select those values λs that lead to
“significant” changes in the effect of the filters (as measured
by the considered GCF). A similar approach was first exploited
in [39], where granulometric curves were used for estimating

a pre-defined sub-set of values of λ that generate salient
filtered images (see Section II). The main advantage of the
proposed method is the use of tree representation of the image
(augmented with the values of the attributes for each node),
which allows us to obtain prior information on the image
decomposition, such as the full set Λ̄ (i.e., all possible values of
λ), to compute a GCFs prior any filtering. In particular, each
node, which maps a region of spatially connected pixels in
the image, gives information related to the value of attributes,
gray-level and number of pixels. Such information is exploited
for the computation of the GCFs.

2) Proposed solution: Similarly to [39], in the proposed
approach, the set Λ̂ of the selected thresholds corresponds
to the one that best approximates a GCF computed on the
set Λ̄. By approximating a GCF curve, we assume that the
distribution of the measure M that underlies the GCF can be
extracted and approximated by using the selected L̂ thresholds.
The approximated GCF curve, hereafter GĈF, is obtained by
using a variation of the piecewise linear regression model
[41]1. It is an adaptive time series model where the polynomial
degree of each segment changes according to the trend of the
function under investigation. For more details, the Authors
encourage the reader to consult the work in [41].

In our approach, only two polynomial degrees are consid-
ered, meaning the approximation of a GCF is achieved by
using constant and linear segments, with complexity cost of
1 or 2 regressors, respectively. The boundaries between the
segments are identified by breakpoints, whose projections over
the x-axis identifies possible thresholds (see Figs. 5 and 6).

The proposed method implements two possible strategies for
the selection of the final subset: a) the size, L̂, of the subset,
Λ̂, is provided by the user as input threshold for the regression
model; b) the final number of thresholds is automatically iden-
tified according to the estimation error. Focusing on the second
strategy, the automatic thresholds identification is based on an
iterative analysis of the estimation error computed in terms of
the normalized root mean squared error (NRMSE) between the
original GCF, which is obtained by considering the full set Λ̄,
and the GĈF computed for an increasing number of thresholds,
nth, starting from nth = 1. As shown in Figs. 5 and 6, the
estimation error curve decreases when more thresholds are
considered, showing a L-shape distribution, i.e., a monotone
decreasing curve that becomes stable after a certain point
located in the elbow region of the curve. The aim of the
iterative procedure is to identify such point, which corresponds
to the one of maximum curvature. A simple pseudo-code
that shows the entire procedure for the automatic strategy is
described in Algorithm 1. The algorithm takes as input the 2D
gray-scale image f , the tree T , the attribute A and the measure
M. For each input, various options are given in brackets. Due
to the nature of the employed regression model, the first and
the last breakpoints correspond to the first threshold (i.e., equal
to 0, resulting in the original input image) and to the last
threshold (resulting in all pixels having the same gray-scale
value), respectively, which do not provide useful information

1The C++ implementation used in this manuscript is freely available at
http://lemire.me/fr/abstracts/SDM2007.html
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Fig. 2. Example of max-tree representation derived by a toy image. (a) Toy image where for each pixel the grey-value is shown. (b) The iso-level regions,
which represent the connected regions, are identified. (c) The structure of the max-tree that describes the image in its components.
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Fig. 3. Example of a GCF computed on a toy image by considering the number of changed regions as measure. The figure shows the effect of the filtering
on the toy image and the evolution of the GCF for each possible threshold.
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Algorithm 1: Thresholds selection
input : 2D grayscale image f ,

Tree T (‘min-tree’,‘max-tree’,‘ToS’),
Attribute A (‘area’,‘standard deviation’,etc.),
Measure M (‘val’,‘pix’,‘reg’)

output: A set of thresholds Λ̂

1 Computation of tree representation T (f);
2 Computation of attribute A(T ) on nodes;
3 {λi}Li=1 ←− sort(A(T ));
4 for i = 1 to L do
5 GCF(Pψλi (f))←−M(ψλi(T ))

6 end
7 Initialization: nth←− 1;
8 while elbow position is not stable do
9 Estimation of GĈF(Pψ(f), nth);

10 GĈFinterp ←− Interpolation of GĈF over Λ̄;
11 errnth ←− 1−NRMSE(GCF, GĈFinterp);
12 if nth > 1 then
13 compute the elbow position of err;
14 end
15 nth←− nth+ 1;
16 end
17 L̂←− nth;
18 Λ̂←− {λ̂i}L̂i=1;

(see Fig. 3) and thus discarded.

V. EXPERIMENTAL ANALYSIS

A. Data set description

Aiming at showing the flexibility of the proposed approach
in providing complementary contextual information, experi-
mental analysis is carried out on two real remote sensing data
sets and the performance evaluated in terms of classification
accuracies.

1) Rome: The data set is composed by panchromatic and
multispectral (blue, green, red and near IR) channels acquired
by QuickBird satellite sensor over the city of Rome, Italy. The
data size is 1188 × 972 pixels with a geometrical resolution of
0.65 m in panchromatic and of 2.62 m in multispectral. The
acquired scene is a dense heterogeneous urban area, which
includes 9 ground reference classes, namely: buildings, blocks,
roads, light train, vegetation, trees, bare soil, soil, towers. The
data set and the related reference map are shown in Figs. 4a
and 4b, respectively, while the class information is reported
in Table I. This data set is considered challenging due to the
oblique acquisition angle and the presence of long shadows.
Pansharpening was applied to the panchromatic and multi-
spectral channels using the Undecimated Discrete Wavelet
Transform method [51].

2) Pavia: The data set is a hyperspectral image acquired by
ROSIS-03 (Reflective Optics Imaging Spectrometer) airborne
sensor over the university area of the city of Pavia, Italy. The
sensor has 115 data channels with a spectral coverage ranging
from 0.43 to 0.86 µm. After removing 12 noisy data channels,
the final data set counts 103 spectral bands, showing an area of

610 × 340 pixels with a geometrical resolution of 1.3 m. The
ground-truth includes nine classes of interest, namely: asphalt,
meadow, gravel, trees, metal sheets,bare soil, bitumen, self-
blocking bricks and shadows. The data set and the related
reference map are shown in Figs. 4c - 4e, while the class
information is reported in Table I.

B. Experimental setup

For each data set, the profiles derived from the different
tree structures (min-tree, max tree and ToS) are computed as
described in Section III-C for both the attributes of area and
standard deviation.

In the case of Pavia data set and, more in general, when
hyperspectral images are analysed, performing the morpho-
logical decomposition considering the full spectral dimension
is not feasible. In such case, dimensionality reduction is com-
monly applied in order to derive a sub-set of few feature on
which perform the multi-scale morphological feature extrac-
tion. In our experiment analysis, dimensionality reduction is
performed via principal component analysis retaining the first
four principal components (pc) corresponding to the highest
eigenvalues.

Table II reports the size L of the full sets of possible
thresholds Λ̄ = {λi}Li=1 (i.e., the full set of attribute values)
that characterize each data set. The thresholds used to extract
the final profile are automatically selected by employing the
automatic strategy described in Section IV-B, which is based
on the estimation error analysis, and using the measures
detailed in Section IV-A.

For the classification task, a random forest algorithm is
employed as supervised learning algorithm with the number of
trees set at 200. In the case of Roma data set, the classification
results are obtained by performing a 10-fold cross-validation
with random selection of the training set to be the 10 % of the
reference samples, while the remaining samples are used as
test set. For such data set, mean values and standard deviations
of the classification results are computed and reported in the
final analysis. In the case of Pavia data set, both the training
and testing sets are available in the literature and considered
fixed.

TABLE II
THE SIZE L OF THE FULL SETS OF VALUES Λ̄ = {λi}Li=1 FOR EACH DATA

SET, DIFFERENT TREE REPRESENTATIONS AND ATTRIBUTES.

f A min-tree max-tree ToS

Panch. area 3206 5337 5910
standard deviation 109 212 210

1st pc area 1907 1823 2302
standard deviation 90 212 208

2nd pc area 1191 1972 2181
standard deviation 67 111 108

3rd pc area 970 944 1124
standard deviation 87 74 89

4th pc area 365 398 431
standard deviation 32 62 73
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(a) (b) (c) (d) (e)

Fig. 4. Rome data set: (a) true colour image and (b) reference data. Pavia University data set: (c) true colour image; (d) test set and (e) training set.

TABLE I
CLASSES AND NUMBERS OF TRAINING AND TEST SAMPLES FOR ROME AND PAVIA DATA SETS.

Rome Pavia

No. Class Training Test No. Class Training Test

1 Buildings 18126 163129 1 Asphalt 548 6304
2 Blocks 10982 98834 2 Meadow 540 18146
3 Roads 16353 147176 3 Gravel 392 1815
4 Light train 1606 14454 4 Trees 524 2912
5 Vegetation 6962 62655 5 Metal sheets 265 1113
6 Trees 9088 81792 6 Bare soil 532 4572
7 Bare soil 8127 73144 7 Bitumen 375 981
8 Soil 1506 13551 8 Self-blocking bricks 514 3364
9 Towers 4792 43124 9 Shadows 231 795

Furthermore, the classification results obtained by exploiting
the proposed approach are compared against those obtained
from tree strategies available in the literature and presented
in [38] (hereafter Gha13), [37] (hereafter Mar13) and [36]
(hereafter Mah12), taking into account their context of appli-
cation (e.g., Mar13 is an approach developed to work with
the standard deviation attribute, therefore is not included in
the analysis when the area attribute is used). The methods are
briefly described in Sec. II.

C. Results and discussion
In this section, the experimental results are presented and

discussed for each data set. For Rome data set, we report in
Fig. 5 the estimated GĈFs for each tree representation and
measure, showing the selected thresholds used for building
the relative profile considering the attribute area. In particular,
Fig. 5 depicts the estimated GĈFs for the min-tree and max-
tree, while Fig. 6 depicts the estimated GĈFs for the ToS
representation. Moreover, for each estimated GĈF, the relative
estimation error, which provides the size of the final threshold
set, is also provided. It is worth noting that by employing the
Algorithm 1, the point selected on the curve represents a trade-
off between the size of the threshold set and the minimum
estimation error. In each GĈF’s graph, the line composed by
blue dots represents the real GCF (computed with the full
set of thresholds), the red line denotes the estimated GĈF
and yellow circles identifies the breakpoints, which are used
to derive the thresholds for building the profile. It can be

seen that each GCF, computed by considering a different
measure, describes a certain behaviour of the morphological
decomposition, and thus, provides a different set of thresholds.

Considering the Rome data set, the classification results of
the experiments in which the attribute area is employed are
shown in Table III. The table shows the results obtained by the
proposed approach for the three GCFs (i.e., GCFval, GCFpix,
GCFreg), and those obtained by Gha13 method. First, the
experimental analysis is conducted by considering the only
panchromatic channel, and later, the analysis is extended to
include the spectral channels in the feature space. In both
scenarios, it can be seen that by employing the Pφ or Pγ
profiles alone leads to poor classification accuracies. This is
due to the fact that both the attribute opening and attribute
closing profiles extract partial information of the scene, related
to dark and bright regions, respectively. Such behaviour is
also explained by the high complexity and heterogeneity
of the scene, in particular for the class building, which is
characterized by an high spectral variability (gray-level range
of values). The classification results are improved when the
attribute opening and closing are considered as part of the
same structure, as it is in the case of AP . By using such
operator, the opening and closing profiles derived by the min-
tree and max-tree representations are concatenated, providing
complementary information, but requiring a higher number of
thresholds for the estimation of GĈFs. A further improvement
is achieved by employing the ToS representation to obtain the
Pρ profiles, which obtains the highest classification accuracy.
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TABLE III
CLASSIFICATION RESULTS OBTAINED FOR THE ROME DATA SET. EACH
PROFILE IS BUILT ON THE PANCHROMATIC IMAGE CONSIDERING THE

ATTRIBUTE area. FOR EACH METHOD AND PROFILE, THE TABLE REPORTS
THE AVERAGE OF 10-FOLD CROSS-VALIDATION PROCEDURE OF THE

PERCENTAGE OVERALL ACCURACIES OA(%), THE PERCENTAGE AVERAGE
ACCURACIES AA(%) AND THE KAPPA COEFFICIENTS K, WITH RELATIVE

STANDARD DEVIATIONS SHOWN IN BRACKETS. THE NUMBER OF
FEATURES ARE ALSO REPORTED.

GCFval GCFpix GCFreg Gha13

No. features 5 5 4 15

26.81 (0.22) 34.34 (0.13) 40.66 (0.14) 37.28 (0.16) AA
Pφ 42.46 (0.16) 49.58 (0.11) 54.16 (0.05) 52.33 (0.11) OA

28.73 (0.27) 37.78 (0.11) 44.30 (0.11) 41.76 (0.15) K

No. features 5 5 4 15

57.33 (0.69) 67.31 (0.18) 59.43 (0.16) 68.88 (0.19) AA
Pγ 62.56 (0.35) 71.68 (0.08) 63.57 (0.05) 70.62 (0.09) OA

54.42 (0.48) 65.91 (0.11) 56.01 (0.07) 64.58 (0.11) K

No. features 9 9 7 29

55.34 (0.49) 75.96 (0.17) 65.86 (0.14) 77.94 (0.13) AA
AP 61.90 (0.32) 78.21 (0.06) 69.95 (0.07) 78.25 (0.09) OA

53.55 (0.41) 73.96 (0.08) 64.03 (0.08) 74.12 (0.11) K

No. features 6 3 4 15

82.57 (0.14) 67.36 (0.32) 72.26 (0.12) 77.91 (0.18) AA
Pρ 84.27 (0.06) 76.59 (0.15) 75.41 (0.04) 79.76 (0.08) OA

81.25 (0.07) 71.90 (0.19) 70.63 (0.05) 75.77 (0.11) K

No. features 5 + 4 5 + 4 4 + 4 15 + 4

69.24 (0.13) 73.60 (0.09) 73.78 (0.09) 73.25 (0.11) AA
Pφ + MS 74.93 (0.06) 78.84 (0.06) 79.12 (0.04) 79.14 (0.04) OA

69.89 (0.07) 74.67 (0.07) 75.01 (0.05) 75.03 (0.05) K

No. features 5 + 4 5 + 4 4 + 4 15 + 4

85.75 (0.11) 89.45 (0.09) 81.14 (0.11) 87.62 (0.06) AA
Pγ + MS 86.08 (0.04) 89.75 (0.04) 82.87 (0.05) 87.67 (0.03) OA

83.43 (0.06) 87.81 (0.05) 79.56 (0.07) 85.33 (0.04) K

No. features 9 + 4 9 + 4 7 + 4 29 + 4

82.21 (0.18) 91.15 (0.11) 84.78 (0.11) 91.39 (0.11) AA
AP + MS 83.84 (0.11) 91.99 (0.06) 86.75 (0.04) 91.80 (0.05) OA

80.70 (0.14) 90.48 (0.07) 84.22 (0.04) 90.27 (0.06) K

No. features 6 + 4 3 + 4 4 + 4 15 + 4

94.18 (0.07) 90.87 (0.12) 85.42 (0.12) 92.74 (0.09) AA
Pρ + MS 94.72 (0.04) 92.41 (0.05) 87.36 (0.07) 92.93 (0.03) OA

93.73 (0.05) 90.98 (0.06) 84.95 (0.09) 91.61 (0.04) K

The Pρ performs the morphological decomposition consid-
ering dark and bright regions at the same time, making this
operator more adaptable to different grey-levels conditions. By
comparing the different methods, it is important to notice that
the proposed method creates, in general, profiles characterized
by a very small number of features, while obtaining classifica-
tion accuracies that are better or similar to those obtained by
Gha13 method. The classification maps corresponding to the
best results achieved by each technique are shown in Fig. 7.

The classification results obtained by considering the stan-
dard deviation attribute are shown in Table IV. The obtained
results have a similar trend to those obtained with the attribute
area. As in the previous case, when the Pφ or Pγ are used
alone, they achieve the lowest classification accuracies, while
by employing the AP and Pρ, the results are improved. For
this case, we report the accuracies achieved by the Gha13 and
Mar13 methods. From the comparison it can be observed that
all the methods achieved very similar classification results.
However, the proposed approach requires less features com-
pared to the Gha13, while Mar13 provides profiles of similar
size. Fig. 8 shows the classification maps corresponding to
the best results achieved by each technique considered in the

TABLE IV
CLASSIFICATION RESULTS OBTAINED FOR THE ROME DATA SET. EACH
PROFILE IS BUILT ON THE PANCHROMATIC IMAGE CONSIDERING THE

ATTRIBUTE standard deviation. FOR EACH METHOD AND PROFILE, THE
TABLE REPORTS THE AVERAGE OF 10-FOLD CROSS-VALIDATION

PROCEDURE OF THE PERCENTAGE OVERALL ACCURACIES OA(%), THE
PERCENTAGE AVERAGE ACCURACIES AA(%) AND THE KAPPA

COEFFICIENTS K, WITH RELATIVE STANDARD DEVIATIONS SHOWN IN
BRACKETS. THE NUMBER OF FEATURES ARE ALSO REPORTED.

GCFval GCFpix GCFreg Gha13 Mar13

No. features 3 2 6 12 5

20.25 (2.64) 32.78 (0.12) 39.62 (0.09) 42.89 (0.16) 28.91 (0.21) AA
Pφ 38.23 (1.81) 46.63 (0.09) 53.25 (0.05) 56.68 (0.07) 44.76 (0.18) OA

20.92 (3.28) 34.51 (0.11) 43.03 (0.09) 47.25 (0.08) 31.49 (0.24) K

No. features 6 4 8 12 5

63.55 (0.44) 63.20 (0.11) 70.17 (0.21) 70.48 (0.13) 68.43 (0.15) AA
Pγ 68.00 (0.21) 66.40 (0.06) 70.92 (0.05) 70.51 (0.04) 70.66 (0.11) OA

61.39 (0.25) 59.55 (0.08) 64.99 (0.08) 64.55 (0.07) 64.71 (0.14) K

No. features 8 5 13 23 9

55.32 (1.77) 66.09 (0.11) 75.95 (0.08) 78.19 (0.12) 69.55 (0.25) AA
AP 64.42 (0.51) 68.75 (0.06) 76.55 (0.04) 79.07 (0.09) 72.07 (0.11) OA

56.74 (0.66) 62.58 (0.08) 71.98 (0.05) 74.96 (0.11) 66.34 (0.14) K

No. features 4 5 7 12 5

73.53 (0.29) 78.05 (0.12) 80.13 (0.14) 80.26 (0.13) 74.05 (0.28) AA
Pρ 76.23 (0.17) 80.23 (0.06) 81.01 (0.08) 80.98 (0.07) 76.54 (0.16) OA

71.60 (0.21) 76.45 (0.07) 77.39 (0.11) 77.26 (0.08) 71.86 (0.19) K

No. features 3 + 4 2 + 4 6 + 4 12 + 4 5 + 4

67.60 (0.12) 71.80 (0.12) 73.40 (0.12) 74.41 (0.09) 70.83 (0.08) AA
Pφ + MS 73.85 (0.08) 76.79 (0.03) 78.61 (0.05) 79.80 (0.04) 76.21 (0.03) OA

68.59 (0.11) 72.20 (0.04) 74.40 (0.06) 75.83 (0.05) 71.50 (0.04) K

No. features 6 + 4 4 + 4 8 + 4 12 + 4 5 + 4

87.70 (0.08) 83.29 (0.08) 86.28 (0.09) 86.43 (0.07) 87.74 (0.05) AA
Pγ + MS 88.56 (0.03) 84.73 (0.06) 86.60 (0.05) 87.31 (0.05) 88.50 (0.04) OA

86.39 (0.04) 81.81 (0.07) 84.04 (0.06) 84.89 (0.06) 86.32 (0.05) K

No. features 8 + 4 5 + 4 13 + 4 23 + 4 9 + 4

86.33 (0.07) 85.51 (0.13) 88.51 (0.07) 89.46 (0.07) 86.18 (0.11) AA
AP + MS 87.79 (0.05) 86.63 (0.08) 89.22 (0.04) 90.76 (0.04) 87.87 (0.05) OA

85.47 (0.07) 84.09 (0.11) 87.17 (0.05) 89.00 (0.05) 85.55 (0.06) K

No. features 4 + 4 5 + 4 7 + 4 12 + 4 5 + 4

88.74 (0.06) 91.14 (0.09) 90.36 (0.11) 90.06 (0.06) 89.60 (0.08) AA
Pρ + MS 90.06 (0.07) 92.22 (0.05) 91.26 (0.08) 91.06 (0.02) 90.64 (0.06) OA

88.18 (0.08) 90.76 (0.06) 89.61 (0.11) 89.36 (0.03) 88.87 (0.08) K

comparison.
For the Pavia data set, the results of the attribute area are

reported in Table V. Unlike the Rome data set, the use of
Pφ or Pγ profiles provide already good classification results.
Such accuracies are slightly improved by exploiting the AP
and in particular the Pρ, which provided the best classification
accuracies. For comparison, the Gha13 and Mah12 methods
are considered. From the table, it can be seen that our approach
is able to achieve better or similar results than those obtained
by the Gha13 and Mah13 by creating low dimensional profiles.
The classification maps corresponding to the best results
achieved by each technique are shown in Fig. 9.

The classification results obtained for the same data set
using the standard deviation attribute are listened in Table VI.
Also in this case, it can be seen the effectiveness of the
proposed approach in providing the highest classification ac-
curacies (except when the Pγ is used) while providing profiles
charactered by a low number of features. In contrast, Gha13,
Mah12 and Mar13 identify profiles characterized by a high
number of features without improving the final classification.
results. Fig. 10 shows the classification maps corresponding
to the best results achieved by each technique.
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TABLE V
CLASSIFICATION RESULTS OBTAINED FOR THE ROME DATA SET. EACH
PROFILE IS BUILT ON THE PANCHROMATIC IMAGE CONSIDERING THE

ATTRIBUTE area. FOR EACH METHOD AND PROFILE, THE TABLE REPORTS
THE PERCENTAGE OVERALL ACCURACIES ”OA(%)”, THE PERCENTAGE

AVERAGE ACCURACIES ”AA”(%) AND THE KAPPA COEFFICIENTS ”K. THE
NUMBER OF FEATURES ARE ALSO REPORTED.

GCFval GCFpix GCFreg Gha13 Mah12

No. features 16 21 18 60 36

76.67 83.57 83.45 84.16 85.77 AA
EPφ 77.72 79.70 81.82 79.79 80.84 OA

70.85 73.27 75.70 73.55 74.80 K

No. features 17 13 16 60 36

85.96 86.65 84.90 88.59 87.57 AA
EPγ 75.08 86.48 75.87 85.50 82.25 OA

68.86 82.41 69.84 81.25 77.35 K

No. features 29 30 30 116 68

85.63 89.79 85.50 93.07 91.15 AA
EAP 76.54 88.04 80.91 91.25 88.08 OA

70.49 84.01 74.88 88.46 84.27 K

No. features 19 16 14 60 36

93.73 94.22 85.75 91.88 88.39 AA
EPρ 94.01 94.34 83.58 91.06 85.08 OA

91.82 92.33 78.12 88.12 80.33 K

VI. CONCLUSIONS

In this paper, a novel methodology for the selection of
thresholds based on a new concept of Granulometric Charac-
teristic Functions for computing attribute profiles, is presented.

GCFs are derived from the threshold decompositions of
the image, and computed considering a measure of interest.
By exploiting the tree representations (i.e., component trees
and ToS), filtering steps prior the selection of the threshold
set become unnecessary, making the approach computational
efficient. Three GCFs are defined based on different measures,
such as, the sum of the gray-level values (i.e., based on the
conventional granulometry), the number of pixels and the
number of regions affected by the filtering. In addition to
the standard granulometry, which is related to the volume
(sum of the gray values) variation, GCF derived from the
other measures showed the effects of the decomposition in
terms of spatial extent (i.e., how large are the areas that got
changed). The selection of meaningful thresholds is performed
by an automatic procedure that identifies the best subset of
thresholds λ able to approximate a given GCF. The GCFs
have been proven useful also for giving hints on the number
of threshold to select.

The effectiveness of the proposed approach was assessed
by comparing the classification accuracies obtained by profiles
generated employing the proposed approach against methods
available in the literature. In particular, the proposed approach
is able to achieve high classification results, while providing
profiles characterized by a low dimensional space. Moreover,
the results indicate that opening and closing attribute profiles
are quite dependent on the image scene, while self-dual
attribute profiles are more adaptable.

TABLE VI
CLASSIFICATION RESULTS OBTAINED FOR THE ROME DATA SET. EACH
PROFILE IS BUILT ON THE PANCHROMATIC IMAGE CONSIDERING THE

ATTRIBUTE standard deviation. FOR EACH METHOD AND PROFILE, THE
TABLE REPORTS THE PERCENTAGE OVERALL ACCURACIES ”OA(%)”, THE

PERCENTAGE AVERAGE ACCURACIES ”AA”(%) AND THE KAPPA
COEFFICIENTS ”K. THE NUMBER OF FEATURES ARE ALSO REPORTED.

GCFval GCFpix GCFreg Gha13 Mah12 Mar13

No. features 13 14 16 48 36 19

79.54 83.16 83.42 84.79 82.87 76.42 AA
EPφ 74.55 78.90 78.94 78.22 73.40 75.29 OA

67.10 72.28 72.17 71.57 66.09 67.36 K

No. features 21 18 15 48 36 19

93.84 90.26 85.59 89.35 84.91 89.97 AA
EPγ 90.89 89.07 85.99 88.46 84.09 91.41 OA

88.05 85.68 81.76 84.88 79.46 88.60 K

No. features 30 28 27 92 68 34

93.83 90.34 88.11 91.27 87.98 88.83 AA
EAP 92.01 88.62 86.18 89.43 85.04 88.92 OA

89.48 84.87 81.62 85.98 80.14 85.44 K

No. features 13 16 18 48 36 19

95.18 92.40 89.29 91.64 87.83 89.15 AA
EPρ 90.94 91.35 90.00 87.79 86.07 89.57 OA

88.15 88.25 86.37 83.65 81.38 85.78 K
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Estimation of GĈFpix computed on Pφ

0 2 4 6 8 10 12 14 16

No. thresholds (nth)

0

0.1

0.2

0.3

0.4

0.5

0.6

E
st
im

at
io
n
er
ro
r
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GCFpix GĈFpix Breakpoints

10
1

10
2

10
3

10
4

10
5

10
6

10
7

Attribute area’s thresholds (log)

0.5

1

1.5

2

2.5

3

G
C
F
r
e
g

×10
5 GCFreg computed on Pγ
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Fig. 5. GCFs derived for Rome data set considering the following measures: (from left to right) number of gray-values, number of changed pixels and number
of changed region. The GCFs are computed for the following three representations: (top row) min-tree, (third row) max-tree. For each GCF the estimation
error (second and forth rows) is also depicted, showing the number of threshold chosen for the GCF estimation. For each GCF the red line denotes the
estimated GĈF and yellow circles identifies the breakpoints, which are used to derive the final set of thresholds.
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Estimation of GĈFreg computed on Pρ

Fig. 6. GCFs derived for Rome data set considering the following measures: (from left to right) number of gray-values, number of changed pixels and number
of changed region. The GCFs are computed for the ToS (top row). For each GCF the estimation error (bottom row) is also depicted, showing the number of
threshold chosen for the GCF estimation. For each GCF the red line denotes the estimated GĈF and yellow circles identifies the breakpoints, which are used
to derive the final set of thresholds.

(a) GCFval (b) Gha13

Fig. 7. Classification maps of Roma data set for the experiments reported in Table III (area attribute): (a-b) Pρ + MS.

(a) GCFpix (b) Gha13 (c) Mar13

Fig. 8. Classification maps of Rome data set for the experiments reported in Table IV (standard deviation attribute): (a-b-c) Pρ + MS.
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(a) GCFpix (b) Gha13 (c) Mah12

Fig. 9. Classification maps of Pavia data set for the experiments reported in Table V (area attribute): (a) EPρ and (b-c) EAP .

(a) GCFval (b) Gha13 (c) Mah12 (d) Mar13

Fig. 10. Classification maps Pavia data set for the experiments reported in Table VI (standard deviation attribute): (a-b) EAP , (c) EPρ and (d) EPγ .
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Remote Sensing Image Classification
Using Attribute Filters Defined

over the Tree of Shapes
Gabriele Cavallaro, Student Member, IEEE, Mauro Dalla Mura, Member, IEEE,

Jón Atli Benediktsson, Fellow, IEEE, and Antonio Plaza, Fellow, IEEE

Abstract—Remotely sensed images with very high spatial
resolution provide a detailed representation of the surveyed scene
with a geometrical resolution that at the present can be up to 30
cm (WorldView-3). A set of powerful image processing operators
have been defined in the mathematical morphology framework.
Among those, connected operators (e.g., attribute filters) have
proven their effectiveness in processing very high resolution
images. Attribute filters are based on attributes which can be
efficiently implemented on tree-based image representations. In
this work, we considered the definition of min, max, direct and
subtractive filter rules for the computation of attribute filters over
the tree of shapes representation. We study their performance
on the classification of remotely sensed images. We compare the
classification results over the tree of shapes with the results
obtained when the same rules are applied on the component
trees. The random forest is used as a baseline classifier and the
experiments are conducted using multispectral data sets acquired
by QuickBird and IKONOS sensors over urban areas.

Index Terms—Remote sensing, Classification, Mathematical
Morphology, Tree of Shapes.

I. INTRODUCTION

REMOTE sensing instruments have been constantly im-
proving their acquisition capabilities in terms of spatial

resolution (e.g., WorldView-3: 0.3 m) and spectral information
(e.g., AVIRIS: 224 spectral channels). Very High Resolution
(VHR) remotely sensed images provide a precise and detailed
representation of a surveyed scene. The spatial information
contained in these images can be fundamental for any appli-
cation which requires a detailed analysis of the scene.

Such detailed automatic analysis and interpretation can
be achieved by using mathematical morphology, a theory
on morphological transformations, which has provided a set
of very powerful tools for image processing. It originates
from the seminal works of Matheron and Serra who worked
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on problems in petrography and mineralogy [1–3]. Due to
their pioneering work, mathematical morphology [4] [5] has
achieved the status of a fundamental set of toolkit in image
processing and analysis and has provided solutions to many
tasks in different domains, such as remote sensing [6][7],
pattern recognition [8][9] and medical imaging [10][11]. Mor-
phological operators perform image analysis mainly at the
pixel-level and the region-level. For instance an image can
be processed by considering the values in the neighborhood
of each pixel. Such neighborhood is defined by the extent of a
spatial mask commonly referred to as a structuring element
(SE) [12]. By varying the size and the shape of the SE,
the image is probed by different spatial windows leading to
different results that can provide useful information about the
shape and size of the objects present in the image.

Recently, region-based filtering tools [13][14] (called con-
nected operators) have received significant attention. Contrary
to classical morphological operators (i.e., based on SEs),
connected operators are edge preserving since they act directly
on the connected components where the image is constant,
the so-called flat zones. As a consequence, the characteristics
of the spatial features are not distorted since the connected
operators can remove boundaries between flat zones but can-
not add new boundaries or modify existing ones. Connected
operators are capable of performing image transformations
that can selectively suppress some details from the image
and maintain unaffected structures that are relevant for the
analysis. However, the spatial information belonging to VHR
images present heterogeneous characteristics, thus a multilevel
analysis is required in order to perform a complete modeling.

For this purpose, the authors in [15] introduced morpho-
logical profiles (MPs). MPs are a multiscale decomposition of
a grayscale image composed by stacking the filtered images
obtained by transforming the input image with a sequence of
opening and closing by reconstruction filters based on SEs.
The operators by reconstruction permit to filter an image by
entirely preserving the geometry of those structures that are not
erased from the scene. In [16], the MPs were applied for the
first time in a remote sensing classification task. Nevertheless,
there are limitations on the capabilities of modeling the spatial
information. In particular, the profiles built by the filters based
on SEs are not able to easily model features other than the size
of the objects.

Breen and Jones originally proposed morphological attribute
filters (AFs) [17], which have received increasing attention
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(a) (b)

(c) (d)
Fig. 1: Synthetic dataset: (a) binary image composed of three
groups of foreground regions having different shapes (and
different scales), (b) labeling of the pixels (4 classes), (c) clas-
sification with increasing attribute area and (d) classification
with non increasing attribute moment of inertia.

due to the extended works presented in [18][19][20]. Attribute
filters act by merging the connected components of a grayscale
image according to a criterion evaluating one or more at-
tributes computed on the image. They can overcome the main
limitation of the MPs (i.e., they do not operate on SEs)
due to their increased flexibility in defining operators based
on attributes (i.e., the measures driving the type of filtering
produced by the operator). Such an attribute can be related
to the characteristics of the regions in the scene such as the
area, perimeter, moment of inertia etc. The attribute filters can
be efficiently implemented on the hierarchical representations
of an image, such as the component trees (i.e., min-tree or
max-tree [21] [22]) or the tree of shapes [23].

In such tree representations, each node corresponds to a
region within the image. The filtering is not done on the image
space, and it involves the creation of the tree structure, the
analysis of each node by measuring a specific criterion, and
the decision of whether to preserve or delete the node. The
criteria are usually related to whether the value of a measure
(i.e., attribute) fulfills a predefined condition. A criterion is
said to be increasing if it is verified for a node and all the
nodes nested in it. Examples of increasing criteria involve
increasing attributes (such as area, volume, size of the bound-
ing box, etc.). In contrast, non increasing attributes such as
scale invariant measures (e.g., homogeneity, shape descriptors,
orientation, etc.), lead to non increasing criteria, which means
that the value of the attribute is not always greater for the
ancestors of a node. The use of non-increasing attributes is
sometimes necessary as shown in Fig. 1. In this example the
objective is to perform a classification of the scene in which
the discriminant feature is the shape of the regions. Thus, the
objects in the foreground belong to different thematic classes
according to their shape. Considering the area (i.e., increasing
attribute) of the region as feature for the classification (result
in Fig. 1(c)) leads to misclassifications, since some of the
squared and circlular objects have similar size. Conversely, a
shape descriptor such as the moment of inertia (non-increasing
attribute) is able to discriminate all the different classes Fig.
1(d). When non increasing attributes are considered, arbitrary
filter rules have to be defined in order to generate the outputs

of the filter. Several filtering approaches have been proposed
in the literature such as min [13], max [24], viterbi [21] and
direct [25]. The first three strategies belong to the class of
pruning strategy (i.e., entire branches are removed), while
direct is a non pruning strategy (i.e., isolated nodes might
be deleted). The authors in [26] [27] later showed that the
aforementioned filter rules may not offer the best possible
strategy when filtering grayscale images with non increasing
attributes. For instance, the regions that are not supposed to be
deleted by the filter may disappear in the local background or
be merged with adjacent regions. Consequently, they proposed
the non pruning strategy subtractive, a new filter rule which
can be efficiently used for shape decomposition. The above-
mentioned rules have been proposed for dealing with min-tree
and max-tree.

In this work, we considered the definition min, max, direct
and subtractive for the computation of attribute filters over
the tree of shapes. The hierarchy between its nodes is not
driven by an ordering criterion of their graylevels (i.e., min-
tree and max-tree), since the ordering follows the inclusion
relationship of the regions. In such structure, the applica-
tion of non pruning strategies is not straightforward. For
instance, in the subtractive rule, the operation of updating
the descendants over the tree of shapes can introduce new
graylevels in the filtered images which were not present in
the original image. We study the effect of the filtering rules
by considering non increasing attributes, such as standard
deviation and moment of inertia. We show that, according to
the selected attributes and the filter rule, the characterization of
the spatial information is performed differently. The sequential
application of attribute filters over the component trees and
the tree of shapes generates multi-level decompositions of
the image which are called Attribute Profiles (APs) [28]
and Self-Dual Attribute Profiles (SDAPs) [29], respectively.
In this contribution we evaluate the classification accuracies
obtained by applying APs and SDAPs generated by different
filter rules. SDAPs already proved to be more effective than
APs [29] for the increasing attribute area, since bright and
dark regions are simultaneously processed. In [30], we have
presented a preliminary comparison of the impact of different
filter rules in the context of classification. Yet this comparison
was performed on a single data set, and the description of those
rules and their comparison were not complete. This paper aims
at extending this analysis, by presenting a full and exhaustive
comparison conducted using multispectral data sets acquired
by QuickBird and IKONOS sensors over urban areas.

The remainder of the paper is structured as follows. Section
II reviews morphological attribute filters computed on min-
tree and max-tree and describes the filtering strategies in
the context of increasing and non increasing operators. In
Section III, we compute attribute filters with pruning and non
pruning rules over the tree of shapes. The use of morphological
attribute profiles in the context of classification of remotely
sensed images is reviewed in Section IV. The experimental
analysis, which includes the description of the data sets,
the setup and the results, is given in section V. Section VI
concludes this work with some remarks and hints at future
research directions.
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II. ATTRIBUTE FILTERS BASED ON MIN AND MAX TREE

Attribute filters are morphological operators that perform
a region processing since they act by merging regions of
constant value, the so-called flat zones. Attribute filters can
be efficiently implemented taking advantage of hierarchical
representations of the image as a tree. In the following these
representations will be introduced along with the implemen-
tation of the filtering techniques based on the min-tree and
max-tree.

A. Min and Max tree

Let f be a discrete two-dimensional grayscale image, then
its spatial domain E is a set of positions which map into a
set of scalar values V, f : E → V with typically E ⊆ Z2

and V ⊆ Z. A flat zone of f is a region of connected pixels
CCv(f) (connected component) of the level set Hv(f) = {x ∈
E, f(x) = v}, with v ∈ V . At each gray level, there may be
multiple connected components CCkv(f), with k being some
index variable. A peak component can be defined as the kth
connected component CCkv(f) of the lower L(f) and upper
U(f) threshold sets as [31]:

L(f) = {x ∈ E, f(x) < v}, (1)

U(f) = {x ∈ E, f(x) ≥ v}, (2)

There is an inclusion relationship between the peak compo-
nents extracted by L(f) and U(f) which allows to associate
a node of a tree Nk

v (f) to the subset of CCkv(f) with a
fixed graylevel v and represent the image as an hierarchical
structure. The min-tree and max-tree structures represent the
components in L(f) and U(f) respectively with their inclusion
relations. The min-tree models the inclusion of regions ac-
cording to the ordering graylevel criterion (≤), thus the tree
contains only the shapes that are darker than their neighbor-
hood (i.e., the graylevel of each region is lower than their
neighborhood graylevel). The root of the min-tree is the entire
image domain at the greatest grayscale value, while the leaves
are the regional minima. The max-tree is dual, and it contains
only the regions that are brighter than the graylevel of their
neighboring pixels. In this case the root is the whole image
at the lowest graylevel and leaves are the regional maxima.
Component trees are widely used for computing attribute
filters [17] [27], pattern spectra [27] [32], and multi-scale
decompositions [33]. In [34] a complete comparison of the
different algorithms proposed in the literature (sequential and
parallel) for their computation is detailed.

B. Increasing and Non increasing operators

Once the tree representation has been created, the filtering
step analyzes each node by measuring a specific criterion and
takes a decision on the elimination or preservation of the node.
The simplification itself is governed by a criterion (e.g., a
binary predicate P ) that may involve simple notions such as
size, contrast, or more complex ones such as texture, motion,
or even criteria close to semantic notions, such as similarity to
predefined shapes. Taking the predicate P = α(Nk

v (f)) ≥ λ
as a reference, an attribute α is computed over each node

Nk
v (f) and if it does not satisfy the predicate different strate-

gies as remove/preserve decisions can be used [27]. According
to the type of criteria (e.g., predicate) and the property of the
attribute, the resulting operator can be defined as increasing
or non increasing.

In the context of a tree structure, this characteristic is related
to the criterion assessed for each node. When the predicate is
in the form P = α(Nk

v (f)) ≥ λ or P = α(Nk
v (f)) ≤ λ

and the attribute is increasing (i.e., the attribute of a node can
never be less than the values of its descendants in the tree), the
operator is also increasing. In this case, as shown in Fig. 2(b),
there is no problem in defining a level where the criterion is
higher or lower than a given λ threshold. Contrarily, when
the attribute is not increasing (i.e. the attribute of a node can
be less than the values of its descendants in the tree), any
predicate leads to a non increasing operation. In particular, as
shown in Fig. 2(c), the criterion sequence fluctuates around
the λ threshold and defining the set of nodes to remove is less
straightforward.
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Fig. 2: Example of attribute values sequences for the nodes
marked in red of the tree branch (a). Increasing attribute area
(b), and non-increasing attribute moment of inertia (c). The
attribute values sequence is marked are red, while the threshold
imposed by the predicate P is marked in blue.

C. Connected operators: attribute filters

In this work we use a specific category of connected
operators called attribute filters. When attribute filters are
applied over the tree representation of an image, the operator
leads to a pruning of the tree by removing the nodes whose
associated regions do not fulfill P.

Two general approaches might be used at this point: pruning
and non pruning strategies. In the former, a single cut is made
along each path from leaf to root, and all nodes leaf-side
of the cut are collapsed onto the highest surviving ancestor.
In the second class of rules, the simplification of the tree
is not limited to the removal of entire branches: isolated
nodes might be removed along a root path. For example,
when a node is deleted, the value of the pixels belonging
to the node are updated to the value of its oldest surviving
ancestor. Different approaches can be used for dealing with
non increasing attributes. For example, the Viterbi algorithm
[21] addresses the decision of removing or preserving a node
as an optimization problem, while in [35] the authors apply
the filtering on a graph whose nodes are weighted with an
increasing order by the attribute.

In the following section, a description of pruning and non
pruning strategies is provided by including the pseudo-code of
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the algorithms (a complete analysis can be found in [21] and
[27]).

D. Pruning strategy

Pruning strategies consist in removing whole branches of the
tree. They are simple to apply when the attribute is increasing
since all nodes on which the criterion is not verified are
organized in entire branches (i.e., if a node has to be removed,
all of its descendants also have to be removed). When nodes
of a branch are deleted, the level (i.e., graylevel) of their pixels
are assigned to the level of the highest ancestor which satisfies
the criterion.

The min rule prunes the branches from the leaves up to the
last node that has to be removed. Therefore a node is removed
if the predicate is false or if one of its ancestors is removed.
The function Min rule (Algorithm 1) scans the tree starting
from the root, and deletes a node when it does not satisfy the
predicate or when its parent has to be removed.

The max rule cuts out the branches from the leaves up to
the first node that has to be preserved. Thus, a node has to
be removed if the predicate is false and all of its descendant
nodes are deleted as well. In this case, the function Max rule
(Algorithm 2) scans the tree starting from the leaves, and
removes a node only when the node itself and its parent do
not satisfy the predicate.

E. Non pruning strategy

A different type of image decomposition can be used in
order to characterize heterogeneous regions and objects. The
extraction of the pattern spectra [27] can be useful if the types
of the details of interest are characterized by shape rather than
size. This idea has been formalized as the so-called shape
filters [26], and the operators which are anti-extensive and
idempotent are not necessarily increasing. One example is
the region perimeter: if a node Nk

0 (f) is included in region
Nk

1 (f), no specific relation can be stated about their respective
values. Non pruning strategies provide solutions for such cases
where the simplification approach is not straightforward (i.e.,
the descendants of a node to be removed have not necessarily
been removed).

Algorithm 1 Min rule
1: procedure MIN(tree, image, P)
2: all nodes ← mark false
3: for all nodes (from root to leafs) do
4: if mark(parent)=true or P(node)=false then
5: level(node) ← level(parent)
6: node ← mark true

The direct rule consists simply in removing the nodes that
do not fulfill the criterion. Thus, a node is removed if the
predicate is false; its pixels are assigned to the graylevel of the
highest ancestor which meets the criterion and its descendants
are left unaffected (Algorithm 3). It has been proven in the
literature that the direct rule is not the best strategy to deal
with object enhancement and image decomposition based on
shape [26]. The reason is that this strategy may lead to
a loss of the contrast between the local background and

Algorithm 2 Max rule
1: procedure MAX(tree, image, P)
2: all nodes ← mark false
3: for all nodes (from leafs to root) do
4: if mark(node)=false then
5: parent ← mark true
6: if P(node)=true then
7: node ← mark true
8: parent ← mark true
9: for all nodes (from root to leafs) do

10: if mark(node)=true then
11: level(node) ← level(parent)

the surviving descendant regions. The consequence, which is
shown in [26], is that the difference between the original image
and the filtered image may contain structures that meet the
aforementioned criterion (further details will be explained in
the next section).

In order to solve the previous issues, the authors in [26] pro-
posed the subtractive rule, as a simple and consistent approach
for non increasing attributes. The first part of the algorithm
performs the same as the direct rule, meaning that the nodes
that do not satisfy the predicate are removed. Afterwards,
the deletion of a node triggers a propagation process, which
updates the graylevel of the surviving descendant nodes, so
that the contrast with the local background remains invariant.
Algorithm 4 shows that, for each descendant node, firstly, its
value is set to the minimum, and then, by considering all
graylevels in turn, a unit term is added every time the algorithm
finds a connected component which satisfies the predicate and
contains the considered node. A dual analysis can be done
in the case of a min-tree, where first the maximum value is
assigned and then a unit term is subtracted for each node which
satisfies the previous requirements.

Algorithm 3 Direct rule
1: procedure DIRECT(tree, image, P)
2: for all nodes (from root to leafs) do
3: if P(node)=false then
4: level(node) ← level(parent)

Algorithm 4 Subtractive component tree rule
1: procedure SUBTRACTIVE (tree, image, P)
2: for all nodes (from root to leafs) do
3: if P(node)=false then
4: UPDATE DESCENDANTS(tree, node, P)
5:
6: function UPDATE DESCENDANTS (tree, node, P)
7: for all the descendants do
8: level(descendant)=min graylevel(tree)
9: for all the graylevels considers each region do

10: if P(region)=true and region ⊆ node then
11: level(descendant) ← level(descendant) + 1
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Fig. 3: Tree of shapes construction of the grayscale image f (a) with intensities ranging from 0 to 5. We start by considering
the regional extrema (b), then we saturate the components until single flat regions are obtained (c) and associate a node of the a
tree to each region (h). Then we iterate until only a single flat region is reached (f). The image is represented as a hierarchical
structure (k).

III. ATTRIBUTE FILTERS BASED ON TREE OF SHAPES

Pruning and non pruning strategies have been proposed
for the min-tree and max-tree representations. In this section,
we consider pruning and non pruning filter rules for the
computation of attribute filters over the tree of shapes. We
show that the definition of min, max, direct is equivalent to
the case of component trees. We propose a different definition
for the subtractive rule, since the principle that regulates
the hierarchy of the nodes in the tree of shapes follows the
inclusion of different structures.

A. Tree of shapes

A self-dual tree has been defined in [23], called the tree of
shapes (also known as inclusion tree), that describes the image
f contents in a unique way; such a tree can be interpreted
as the result of merging the min- and a max-tree of the
same image. The tree of shapes is a morphological self-dual
representation of the CCkv(f) within an image (i.e., zones
enclosed by an isolevel line). It was firstly introduced by
Monasse et al. [23], where the structure was computed with the
Fast Level Line Transform (FLLT) algorithm: it first computes
the pair of dual component trees and then obtains the tree of
shapes by merging both trees. Afterwards, Caselles et al. [31]
introduced the Fast Level Set Transform algorithm (FLST),
which relies on a region-growing approach to decompose the
image into shapes. An operation called saturation is applied to
the connected components which gives flat regions obtained
by progressively merging nested regions. Specifically, the
algorithm extracts each branch of the tree starting from the
leaves and growing them up to the root until only a single flat
region is reached. Song et al. [36], proposed to retrieve the
tree of shapes by building the tree of level lines and exploiting
its interior of each level line. Recently Geraud et al. [37]
proposed a new algorithm to compute the tree of shapes in
order to reduce the computational complexity and overcome
the restriction to only 2D images of the previous methods.
The algorithm computes the tree of shapes with quasi-linear

time complexity when data quantization is low (typically 12
bits or less) and it works for nD images. Moreover, Crozet et
al. [38] presented the first parallel algorithm to compute the
morphological tree of shapes based on the previous algorithm
[37]. The tree of shapes is a more general representation of
the image with respect to the min-tree and max-tree and it has
many advantages.

An example of tree of shapes computation (i.e., region
growing) is shown in Fig. 3 (f). The FLST algorithm extracts
each branch of the tree starting from the leaves and growing
them up to the root until only a single flat region is reached.
It comprehends both the L(f) and U(f) sets, and intrinsically
eliminates the redundancy of information contained in those
sets. Min-tree and max-tree are representations of the image,
and usually not all the connected components present in L(f)
are also present in U(f) and vice versa. Since the tree of
shapes is self-dual, it makes no assumption about the contrast
of objects (either light object over dark background or the
contrary). Finally, it encodes the spatial inclusion of CCkh(f)
in gray-level images so it is complementary to some other
representations that focus on component (or region) adjacency.

B. Increasing attributes

When the attribute is increasing, the filtering is straight-
forward and it consists of removing whole branches of the
tree. In particular, all the filtering rules (i.e., pruning and
non pruning) lead to the same filtering result [30]. However,
in [29] it was shown that the use of the tree of shapes as
a structure representing the image allows simultaneously to
access the information present on both min-tree and max-
tree. Moreover, the self-dual connected operators ρP that are
computed on the tree of shapes produce a greater simplification
of the image with respect to non dual filters, since they
operate simultaneously on the bright and dark components. An
example of an attribute filter computed on the tree of shapes
representation with the increasing attribute area is shown in
Fig. 4. The self-dual operator ρP is able to remove directly
both bright and dark small structures [see the difference image
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f − ρP(f) Fig. 4(c)], and it leads to a complete simplification
of the image [see the filtered image ρP(f) Fig. 4(b)].

C. Non increasing attributes

As already explained in the previous section, in order to
handle the non increasing attributes, pruning and non pruning
strategies have been proposed. The decision about the most
suitable strategy depends mainly on the application (e.g.,
image filtering or decomposition). An intuitive requirement
when decomposing an image f based on shape rather than
size (e.g., moment of inertia) is that the difference between
the image f and the filtered image ρP(f) is an image which
should only contain structures that do not meet the P [26]
(i.e., the regions which have been filtered out). It was shown
that the pruning strategies can not satisfy this requirement.
For example, in the branch of the tree of shapes shown in Fig.
5(a):

(A)N5 −→ (D)N0 −→ (I)N5,

which means that only the node D has to be removed (i.e., it
does not satisfy P). In this case, there are no pruning strategies
that can simultaneously retain A and I, while removing D (e.g.,
Fig. 5(c) min removes all the nodes A-D-I, while Fig. 5(d)
max preserves the whole branch). Furthermore, the authors in
[26] proved that also the non pruning strategies such as direct
may not perform efficiently. For example, the difference image
shown in Fig. 5(e) contains regions which satisfy P (e.g., the
nodes F-G-I-N).

The authors in [27] proposed a new strategy for non
increasing attributes called subtractive rule, in order to address
the previous issues. However, its definition was formulated for
the max-tree structure for which the inclusion of the nodes is
driven by graylevels. For instance, the definition of subtractive

Algorithm 5 Subtractive tree of shapes rule
1: procedure SUBTRACTIVE (tree, image, P)
2: all ∆(node) ← 0
3: for all nodes (from root to leafs) do
4: ∆(node)=∆(parent)
5: if P(node)=false then
6: ∆(node)=∆(node)+level(node)-level(parent)
7: for all nodes (from root to leafs) do
8: level(node)=level(node)-∆(node)

can not be directly applied to the tree of shapes. Particularly, in
Algorithm 4 the updating process is achieved by considering
all the graylevels in turn starting from the minimum (i.e.,
max-tree). This approach would make no sense in the tree of
shapes structure since the hierarchy between the nodes follows
the inclusion relationship of the regions. We propose here
a different approach, where the intensity of each descendant
node is lowered by the same amount of which the deleted node
was lowered. The proposed subtractive function (Algorithm
5) begins with a loop where, for each node, starting from the
leafs, a ∆ value is stored. The ∆ is equal to the ∆ of its
parent. If the P of the node is false, a new value is added to
∆, equals to the difference between the level of the node and
the level of its parent. Finally, for each node, ∆ is used to
lower all the subcomponent levels of the surviving descendant
nodes.

In this scenario, for the branch of the tree of shapes
previously considered, the attribute filter removes the nodes
D and updates the graylevel of the surviving descendant I.
The filter first computes ∆ and then it updates the level of the
node I as follows:

∆ = (A)N5 − (D)N0 = 5− 0 = 5

(I)N = (I)N5 −∆ = 5− (−5) = 10

The updating process solves the problem found in direct,
where regions that satisfy P are lost in the filtered image since
the contrast with the local background is not maintained. For
example the surviving regions I and N do not appear in the
filtered image with the direct rule in Fig. 5(e) while they are
preserved by the subtractive rule in Fig. 5(f). This effect may
become critical when filtering images representing objects in
a real scene (i.e., remotely sensed images). For instance, the
number of connected components within a filtered image with
the direct rule can be much lower than the one contained in an
image filtered with subtractive, which means that a part of the
information related to the objects is lost. Finally, the updating
of the graylevels of the descendants over the tree of shapes
introduces new graylevels in the filtered image in Fig. 5(f),
which were not present in the original image in Fig. 5(b).

IV. CLASSIFICATION WITH MORPHOLOGICAL
ATTRIBUTE PROFILES

Attribute profiles (APs) were introduced in remote sensing
in [39] as a sequential application of attribute filters based on a
min-tree (i.e., attribute thickening operation φT ) and max-tree
(i.e., attribute thinning operation γT ). The AP is obtained by
filtering an image f with attribute operators using a predicate
with increasing threshold values {λk}1L:

AP (f) = {φTλL (f), φTλL−1 (f), ..., f, ..., γTλL−1 (u), γTλL (f)}
(3)

with φ and γ being the thickening and thinning operators based
on the predicate T , respectively, and Tλ a set of L ordered
predicates.
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APs provide a multilevel characterization of the spatial fea-
tures which can be useful for the classification of very high
resolution remote sensing images [29].

The Self-Dual Attribute Profiles (SDAPs) [29], were pro-
posed as a version of the APs based on self-dual connected
operators ρT computed on the tree of shapes instead of con-
sidering a min-tree or max-tree. The use of the tree of shapes
as a structure representing the image allows simultaneously
to access the information present on the component trees.
Moreover, the self-dual connected operators that are computed
on the tree of shapes produce a greater simplification of the
image with respect to non dual filters, since they operate
simultaneously on bright and dark components of the image.
SDAPs is obtained by filtering an image f with attribute
operators using a predicate with increasing threshold values:

SDAP (f) = {f, ρTλ1 (f), ..., ρTλL−1 (f), ρTλL (f)} (4)

with ρ being the self-dual operator based on the predicate T ,
and Tλ a set of L ordered predicates.

Dalla Mura et al. in [40] proposed Extended Attribute
Profiles (EAPs) as the application of APs to hyperspectral data.
An EAP is obtained by concatenating the APs (i.e., based on
a single attribute) built on several feature components (FCs)
extracted by a reduction technique (i.e., PCA) computed on the
hyperspectral image. Thus, the EAP can be formally defined
as:

EAP = {AP (FC1), AP (FC2), ..., AP (FCN )} (5)

Analogously to the definition of EAP, Extended Self-Dual
Attribute Profiles (ESDAPs) were proposed in [41]. They are
generated by concatenating the SDAPs computed on different
components. Each SDAP is built on one of the N features
components extracted by a feature reduction transformation
from a hyperspectral image:

ESDAP = {SDAP (FC1), SDAP (FC2), ..., SDAP (FCN )}
(6)

In contrast to APs, the SDAPs are composed of N + 1
images while APs, built with the same sequence of predicates
are made up of 2N + 1 images.

V. EXPERIMENTAL RESULTS
The filtering strategies introduced in the previous section are

highly relevant in any problem related with the identification
of objects of different shape and structure on different scales.
In this work we will illustrate their performance on the clas-
sification of remotely sensed images. Moreover, we provide
the experimental results obtained by classifying stacks of
filtered images generated by min, max, direct and subtractive
filter rules applied over the tree of shapes representation (i.e.,
SDAP). We study the capability of those rules in extracting
spatial information from a scene by considering different
attributes. Additionally, we compare the performance of those
rules in terms of classification accuracy by comparing their
application to the min-tree and max-tree (i.e., AP).

A. Data set description and experimental setup

The first dataset used in our experiments is an image of
Rome, Italy, acquired by the QuickBird satellite. The dataset
consists of a low-resolution (2.4m) multispectral image with
four bands Red, Green, Blue and Near Infrared and a high
spatial resolution panchromatic image of 0.6m resolution.
Fig. 6(a) shows the true-colour image while Fig. 6(b) shows
the groundtruth data with the 9 classes available. The second
dataset is an image of Reykjavik, Iceland, acquired by the
IKONOS Earth imaging satellite. As with the other dataset, it
consists of a low-resolution (4m) multispectral image with the
four bands and a high spatial resolution panchromatic image of
1m resolution. A groundtruth dataset of 6 classes reported in
Fig. 7(b) is available. For each data set the panchromatic and
multispectral images are pansharpened using the undecimated
discrete wavelet transform (UDWT) method [42], and the
obtained high-resolution multispectral images are used for the
classification. For the experiments, the names of the different
features used for the classification process will be referred
hereinafter as follows:

1) PAN: panchromatic image.
2) AP: attribute profile built from the panchromatic image

by using a specific attribute and filter rule.
3) SDAP: self-dual attribute profile built from the panchro-

matic image by using a specific attribute and filter rule.
4) MS+AP: stacked vector consisting of multispectral im-

ages (Red, Green, Blue and Infrared) and AP.
5) MS+SDAP: stacked vector consisting of MS and SDAP.

The attributes and the corresponding threshold values used
for building APs and SDAPs are reported in Table. I(a) and
Table I(b) for the Rome and Reykjavik data set respectively.
The APs are computed by using the implementation of the
min-tree and max-tree included in the C++ Milena library [43],
while the SDAPs from an adaptation of the code for the tree of
shapes provided in the MegaWave2 toolbox [44]. The number
of trees of the RF classifier is 200, and all the other options are
set with the default values. For each attribute, the table shows
the classification result by considering different filtering rules
and distinct features configuration. For example, each column
(filter rule) of Table IV(a) consists of four different features
configuration: AP (21 features), SDAP (11 features), MS (4
features) + AP (21 features) and MS (4 features) + SDAP
(11 features). The classification experiments are repeated ten
times, randomly selecting 10 % of the references samples as
training set, and the mean values of the overall (OA), average
(AA) accuracy and kappa (K) coefficient are given.

B. Results

In the following subsections, we discuss the experimental
results obtained for each attribute. Each table reports the
classification accuracies for the features AP, SDAP, MS+AP
and MS+SDAP. It is taken for granted that every time
spectral features MS are added to the classifier, the resulting
accuracies can only improve.
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(e) Direct ρP(f) f− ρP(f)
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(f) Subtractive ρP(f) f− ρP(f)
Fig. 5: Attribute filtering of the grayscale image f (b), rep-
resented by the tree in (a), using moment of inertia with
P = α(CC) ≤ 0.22 using pruning (min (c) and max (d))
and non pruning filtering strategies (direct (e) and subtractive
(f)). Each column represents, from left to right, pruned tree,
filtered image ρP(f) and difference image f− ρP(f).

Attribute Thresholds

Area 25, 100, 500, 1000, 5000, 10000, 20000,50000,100000,150000
Standard Deviation 5, 10 ,15, 20, 25, 30, 35, 40, 45, 50
Moment of Inertia 0.20, 0.25, 0.30, 0.35, 0.40, 0.45, 0.50, 0.55, 0.60, 0.65

(a)

Attribute Thresholds

Area 25, 100, 500, 1000, 5000, 10000, 20000,50000,100000,150000
Standard Deviation 2.5, 5, 7.5, 10, 15, 20, 25, 30, 35, 40
Moment of Inertia 0.20, 0.25, 0.30, 0.35, 0.40, 0.45, 0.50, 0.55, 0.60, 0.65

(b)
+++

TABLE I: Attribute threshold values for the profiles: (a) Rome
and (b) Reykjavik data set.

(a) (b)
Thematic classes:

Building Block Road
Light Train Vegetation Trees
Bare Soil Soil Tower

Fig. 6: QuickBird Rome dataset: (a) true color image and (b)
groundtruth data.

(a) (b)
Thematic classes:

Small building Open area Shadow
Large building Large road Street

Fig. 7: IKONOS Reykjavik dataset: (a) true color image and
(b) groundtruth data.

1) Area: it belongs to the class of increasing attributes,
thus each filter rule generate identical filtered images. In
Table III we report the classification results for three feature
stack compositions. The first column considers the features
PAN and MS+PAN (i.e. the results are reported only for
comparison purposes). The second and third columns report
AP and SDAP respectively, which are built with the area
attribute. When APs and SDAPs are classified, all the classes
are detected with a higher precision since they carry a
significant amount of geometrical information. The accuracies
obtained by the SDAPs are slightly better than those achieved
with the APs. In [29] it was already shown the effectiveness
of SDAP based on the area attribute for the classification of
a very high geometrical resolution scene.

2) Standard deviation: filters based on the non
increasing attribute standard deviation perform a multilevel
decomposition of the objects in the scene. Specifically, the
simplification process is not related to the geometry of
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Fig. 8: The averages of the gray levels of the pixels within each
class for each threshold of the moment of inertia attribute in
the SDAPs generated by different filter rules (Rome data set):
(a) min, (b) max, (c) direct, (d) subtractive.

the shapes but to the modeling of the homogeneity of the
graylevels of the pixels belonging to the regions. We start
the analysis by looking at the classification accuracies shown
in Table IV and notice that the results for the different filter
rules are comparable. Even if the standard deviation is a
non increasing attribute, all the nodes belonging to a single
branch of the tree may or not satisfy the predicate. This is
because the attribute does not have a strong non increasing
behavior. As a result, a filter which uses pruning and non
pruning strategies will generate similar filtered images, and
the profiles (i.e., APs or SDAPs) built on different rules will
be very similar to each other.

3) Moment of Inertia: filters based on the non increasing
attribute moment of inertia are able to discriminate the shape
of different structures, since the attribute provides a measure
related to the elongation of a region. Contrary to the stan-
dard deviation, the classification accuracies obtained with the
different filter rules vary greatly to each other, as shown in
Table V. This is due to the considerable non increasing trend

(a) (b)

(c) (d)
Fig. 9: Result after filtering the Rome panchromatic image by
considering moment of inertia and 0.35 as threshold value.
The four filter rules are applied over tree of shapes: (a) min
filtered image, (c) max filtered image, (d) direct filtered image
and (e) subtractive filtered image.

along the tree branches of the attribute values, which lead each
filter rule to decompose an image in a different way.

We consider each filter rule separately and we provide a
detailed analysis for the attribute filters applied over the tree of
shapes for the Rome data set (there is an exhaustive literature
related to the use of pruning and non pruning strategies with
min-tree and max-tree [27]). The graphs in Fig. 8 show the
average values of the graylevels of the pixels within each class
for each threshold of the moment of inertia attribute in the
SDAPs generated by different filter rules. This is useful for
understanding the response of each class through the different
threshold values of the profile.

When considering the min rule, the filter produces a consid-
erable simplification of the scene. Moreover, the presence of a
node that does not fulfill the criterion close to the root of the
tree produces the removal of entire branches. For example, the
filter starts to remove almost all the regions at the threshold
value λ = 0.35 as shown in Fig. 9(a). The plot of Fig. 8(a)
indicates that the pixels belonging to the different classes
get the same constant value for threshold values greater than
λ = 0.35. The images within the profile which are filtered at
those thresholds, do not carry any spatial information (i.e., no
regions have survived), leading the classifier to achieve poor
classification results in both datasets, as shown in Table V.

In the case of max rule, the filter might not perform any
effective simplification of the scene leading to filtered images
that can be similar to the original image for most part of the
threshold set. The plot of Fig. 8(b), shows that the pixels within
the classes maintain almost the same grayvalue for all the
thresholds. For instance, the filtered image at the threshold
value λ = 0.35 shown in Fig. 9(b) is not decomposed yet. As
a consequence, the classification accuracies obtained with AP
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and SDAP are similar, since the operator does not perform an
effective filtering for the different thresholds (i.e., no structures
are extracted).

Different considerations have to be done when the non
pruning rules direct and subtractive are taken into account.
As shown in Fig. 8(c) and 8(d) the pixel values of the
different classes do not take the same constant value at
a certain threshold as in the case of min rule. Moreover,
contrary to the max rule, the change in the trend of each
class is more visible along the thresholds. This is due to
the spatial information represented by the surviving regions
after the filtering with non pruning strategies. Looking at
the classification results in Table V, SDAPs achieve greater
classification results with the subtractive if compared with the
direct rule. As discussed in section III, unlike the direct rule,
when a node in the tree is deleted, the subtractive propagates
new values to its surviving descendants. Consequently, the
contrast grayvalue between regions that are not filtered out and
the local background is preserved. An example of a subscene
of the Rome data set filtered with direct and subtractive is
shown in Fig. 10. The effect of the propagation can be see in
Table II, which reports the number of connected components
within the filtered images with direct and subtractive rules at
different threshold values. For each threshold value, the num-
ber of connected components after filtering with subtractive
is always greater than the one obtained with direct. Regions
that satisfy P may be lost in the filtered image with direct
since the contrast with the local background is not maintained.
Thus, the classifier can benefit from the spatial information
brought by those additional regions. Subtractive can achieve
better accuracy results as reported in Table V and provide
more accurate classification maps as shown in Fig. 11. The
difference between the considered filter rules in terms of CPU
processing time is not relevant. The profiles AP and SDAP
are computed in a few seconds only by the rules for both data
sets on a computer having Intel(R) Core (TM) i7-4710HQ
CPU 2.50 GHz and 16 GB of memory.

threshold 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65

direct 733759 559334 432206 330832 264216 214168 181111 155237 132170 114753
subtractive 733901 559710 432749 331511 264772 214608 181477 155634 132531 115121

difference 142 376 543 679 556 440 366 397 361 368

TABLE II: The number of connected components within the
filtered images with direct and subtractive rules and their
difference number |CC|sub − |CC|direct for each threshold
values of moment of inertia.

VI. CONCLUSIONS AND FUTURE LINES

Very high resolution remotely sensed imagery provides
precise geometrical information. In this paper, mathematical
morphology has been exploited for designing new operators
able to filter hierarchical structures which represent an image.
In this work, we considered the definition of the filter rules di-
rect, max, min and subtractive for the computation of attribute
filters over the tree of shapes representation. We generated
a tree-based representation of the image, then filtered the

(a) (b)
Fig. 10: Comparison of the direct and subtractive rules when
filtering of a subscene of the Rome panchromatic image with
inclusion tree using moment of inertia (0.35 as threshold
value).

representation and finally reconstructed the filtered image from
the filtered tree. We showed that subtractive rule preserves
contrast grayvalue between regions that are not filtered out and
introduces new graylevels in the filtered images which were
not present in the original image. We studied the performance
of the different rules in terms of classification accuracy in the
context of APs and SDAPs, by considering the non increasing
attributes standard deviation and moment of inertia. We have
proved that when the criterion presents a strong non increasing
behavior (i.e., moment of inertia), attribute filters provide
heterogeneous profiles for the different filtering strategies. In
this case, by looking at the classification accuracies obtained in
our experiments, one can conclude that subtractive is the most
effective filter rule in our context. Contrary to that, we have
shown that if the criterion is more similar to an increasing
behavior (i.e., standard deviation), the different filter rules
provide similar profiles. Finally, due to the properties of the
tree of shapes, we have shown that SDAPs outperform APs
in terms of classification accuracies. Although the acceptable
time for generating the profiles, our future research aims to
develop real-time implementations for large scenes on GPUs.
We will work on a new algorithm implemented in parallel
fashion in order to compute the tree of shapes and the different
filter rules.
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PAN (1) AP (21) SDAP (11)

AA 26.64 (0.19) 85.06 (0.12) 87.34 (0.12)
OA 41.66 (0.04) 85.58 (0.04) 88.04 (0.04)

K 28.15 (0.14) 82.86 (0.04) 85.79 (0.05)

MS+PAN (5) AP (25) SDAP (15)

AA 70.16 (0.11) 94.23 (0.05) 95.18 (0.07)
OA 75.05 (0.03) 94.71 (0.03) 95.55 (0.03)

K 70.12 (0.04) 93.72 (0.04) 94.72 (0.04)

PAN (1) AP (21) SDAP (11)

AA 52.82 (0.21) 87.62 (0.12) 90.55 (0.08)
OA 51.13 (0.14) 87.12 (0.13) 90.32 (0.06)

K 40.91 (0.21) 84.45 (0.16) 88.31 (0.08)

MS+PAN (5) MS + AP (25) MS + SDAP (15)

AA 76.87 (0.12) 92.82 (0.06) 94.23 (0.08)
OA 76.74 (0.11) 92.78 (0.05) 94.26 (0.07)

K 71.91 (0.14) 91.29 (0.06) 93.07 (0.09)

(a) (b)
TABLE III: Classification accuracies of (a) Rome and (b) Reykjavik data set (mean value with its standard deviation in brackets)
obtained by the panchromatic and spectral features MS and the AP and SDAP based on the attribute area.

MIN MAX DIR SUB

AP (21)

AA 76.82 (0.09) 74.05 (0.09) 75.25 (0.07) 76.73 (0.09)
OA 77.36 (0.05) 75.64 (0.05) 76.10 (0.04) 77.37 (0.06)
K 72.89 (0.07) 70.81 (0.07) 71.35 (0.05) 72.91 (0.08)

SDAP (11)

AA 79.83 (0.09) 69.53 (0.22) 77.46 (0.08) 79.21 (0.09)
OA 80.74 (0.04) 74.22 (0.08) 78.82 (0.05) 80.13 (0.06)
K 76.95 (0.05) 69.01 (0.11) 74.59 (0.05) 76.22 (0.07)

MS + AP (25)

AA 88.58 (0.06) 86.31 (0.07) 87.56 (0.06) 88.35 (0.07)
OA 89.65 (0.04) 88.12 (0.04) 88.89 (0.05) 89.58 (0.04)
K 87.68 (0.05) 85.85 (0.05) 86.76 (0.06) 87.59 (0.05)

MS + SDAP (15)

AA 89.54 (0.06) 84.33 (0.11) 87.81 (0.11) 88.75 (0.08)
OA 90.80 (0.02) 87.16 (0.05) 89.52 (0.04) 90.23 (0.03)
K 89.05 (0.03) 84.69 (0.06) 87.51 (0.05) 88.37 (0.04)

MIN MAX DIR SUB

AP (21)

AA 78.57 (0.35) 85.20 (0.16) 81.92 (0.29) 82.12 (0.21)
OA 77.96 (0.43) 84.62 (0.14) 81.26 (0.33) 81.50 (0.24)
K 73.37 (0.51) 81.43 (0.17) 77.37 (0.39) 77.66 (0.29)

SDAP (11)

AA 85.96 (0.12) 84.86 (0.16) 86.13 (0.13) 87.32 (0.17)
OA 85.64 (0.11) 84.12 (0.17) 85.76 (0.12) 86.90 (0.15)
K 82.64 (0.13) 80.83 (0.21) 82.79 (0.14) 84.17 (0.19)

MS + AP (25)

AA 88.87 (0.12) 91.45 (0.08) 89.62 (0.08) 89.65 (0.11)
OA 88.95 (0.12) 91.40 (0.08) 89.64 (0.07) 89.67 (0.11)
K 86.66 (0.15) 89.62 (0.09) 87.49 (0.09) 87.53 (0.12)

MS + SDAP (15)

AA 91.77 (0.11) 90.71 (0.04) 91.38 (0.09) 91.98 (0.07)
OA 91.72 (0.09) 90.64 (0.03) 91.33 (0.09) 91.91 (0.07)
K 90.01 (0.11) 88.70 (0.04) 89.54 (0.11) 90.24 (0.08)

(a) (b)

TABLE IV: Classification accuracies of (a) Rome and (b) Reykjavik data set (mean value with its standard deviation in bracket)
for each filter rule. First. the spatial features APs and SDAPs are considered (non increasing attribute standard deviation). Finally.
the spectral information MS is added as additional features. The number of features is reported in the parentheses.

MIN MAX DIR SUB

AP (21)

AA 18.60 (0.01) 69.11 (0.19) 68.04 (0.21) 82.07 (0.14)
OA 37.10 (0.01) 75.78 (0.07) 74.36 (0.09) 83.08 (0.07)
K 18.87 (0.01) 71.15 (0.08) 69.40 (0.11) 79.85 (0.08)

SDAP (11)

AA 43.60 (0.37) 51.96 (0.17) 69.05 (0.28) 83.85 (0.21)
OA 57.87 (0.44) 62.17 (0.04) 74.66 (0.11) 84.50 (0.07)
K 48.95 (0.58) 54.40 (0.05) 69.79 (0.14) 81.56 (0.08)

MS + AP (25)

AA 38.48 (0.69) 88.62 (0.13) 88.35 (0.16) 92.20 (0.07)
OA 56.58 (0.65) 90.25 (0.05) 89.91 (0.08) 92.76 (0.05)
K 46.10 (0.89) 88.41 (0.06) 88.00 (0.09) 91.40 (0.06)

MS + SDAP (15)

AA 76.40 (0.64) 78.03 (0.08) 87.66 (0.13) 92.54 (0.11)
OA 82.07 (0.36) 81.78 (0.04) 89.25 (0.04) 92.93 (0.06)
K 78.48 (0.45) 78.23 (0.05) 87.22 (0.05) 91.60 (0.08)

MIN MAX DIR SUB

AP (21)

AA 31.72 (0.01) 76.84 (0.11) 79.37 (0.06) 84.08 (0.08)
OA 32.10 (0.01) 75.63 (0.12) 78.51 (0.07) 83.38 (0.09)
K 15.18 (0.02) 70.57 (0.14) 74.04 (0.08) 79.93 (0.11)

SDAP (11)

AA 73.95 (0.38) 69.25 (0.12) 78.30 (0.13) 85.98 (0.13)
OA 72.58 (0.47) 68.00 (0.08) 77.32 (0.12) 85.42 (0.11)
K 66.93 (0.54) 61.35 (0.11) 72.61 (0.15) 82.40 (0.13)

MS + AP (25)

AA 59.42 (0.71) 85.87 (0.06) 87.94 (0.11) 90.47 (0.07)
OA 60.21 (0.67) 85.59 (0.05) 87.81 (0.09) 90.38 (0.06)
K 51.53 (0.85) 82.60 (0.06) 85.29 (0.11) 88.39 (0.07)

MS + SDAP (15)

AA 87.58 (0.11) 81.58 (0.08) 86.71 (0.12) 90.64 (0.06)
OA 87.50 (0.11) 81.47 (0.07) 86.57 (0.12) 90.57 (0.06)
K 84.91 (0.13) 77.62 (0.09) 83.79 (0.15) 88.62 (0.07)

(a) (b)

TABLE V: Classification accuracies of (a) Rome and (b) Reykjavik data set (mean value with its standard deviation in bracket)
for each filter rule. First. the spatial features APs and SDAPs are considered (non increasing attribute moment of inertia).
Finally. the spectral information MS is added as additional features. The number of features is reported in the parentheses.
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(a) (b) (c) (d)

(e) (f) (g) (h)
Fig. 11: Classification maps for the experiments reported in Table V(a) using a single training and test set: (a) SDAP with min,
(b) SDAP with max, (c) SDAP with direct, (d) SDAP with subtractive, (e) MS+SDAP with min, (f) MS+SDAP with max, (g)
MS+SDAP with direct and (h) MS+SDAP with subtractive.
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Abstract—Owing to the recent development of sensor reso-
lutions on-board different Earth observation platforms, remote
sensing is an important source of information for mapping and
monitoring natural and man-made land covers. Of particular
importance is the increasing amounts of available hyperspectral
data originating from airborne and satellite sensors such as
AVIRIS, HyMap, and Hyperion with very high spectral reso-
lution (i.e., high number of spectral channels) containing rich
information for a wide range of applications. A relevant example
is the separation of different types of land cover classes using
this data in order to understand for example impacts of natural
disasters or changing of city buildings over time. More recently,
such increases in the data volume, velocity, and variety of data
contributed to the term “big data” that stands for challenges
shared with many other scientific disciplines. On the one hand
the amount of available data is increasing in a way that raises
the demand for automatic data analysis elements since many of
the available data collections are massively underutilized lacking
experts for manual investigation. On the other hand, proven
statistical methods (e.g.,, dimensionality reduction) driven by
manual approaches have a significant impact in reducing the
amount of “big data” towards smaller “smart data” contributing
to the more recently used terms data value and veracity (i.e.,
less noise, lower dimensions that capture the most important
information). This paper aims to take stock of which proven
statistical data mining methods in remote sensing are used to
contribute to “smart data” analysis processes in the light of
possible automation as well as scalable and parallel processing
techniques. We focus on parallel support vector machines (SVMs)
as one of the best out-of-the-box classification methods.

Index Terms—Big Data; high performance computing (HPC);
parallel processing; smart data; image classification; support
vector machines (SVMs); data mining; spatial analysis;
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I. INTRODUCTION

Recent advances in remote sensor and computer technology
are substituting the traditional sources and collection methods
of data, by revolutionizing the way remotely sensed data is
acquired, managed and analyzed. The term remote sensing [1]
refers to the science of measuring, analysing and interpreting
information about a scene (or specific object) acquired by
sensors mounted on board the different platforms for Earth
and planetary observation.

Remote sensing instruments measure electromagnetic radia-
tion energy at different wavelengths reflected or emitted by the
Earth and its environment [2], which can be influenced by the
radiation source, interaction of the energy with surface materi-
als, and the passage of the energy through the atmosphere. The
interactions of the energy with surface materials can change
the direction, intensity, wavelength content, and polarization
of electromagnetic radiation. The nature of these changes is
dependent on the chemical make-up and physical structure
of the material, exposed to the electromagnetic radiation, and
can be used to provide major clues to the characteristics of
the investigated objects.

The deployment of latest-generation sensor instruments on
board both terrestrial and planetary platforms provides a nearly
continual stream of high-dimensional and high-resolution data.
More recently, such increases in the data volume, velocity, and
variety of data contributed to the term “big data” that stands
for challenges shared with many other scientific disciplines.
In the context of remote sensing, sources and instruments
currently available for Earth observation [3], generate different
types of airborne or satellite images with different resolutions
(i.e., spatial resolution, spectral resolution, and temporal res-
olution). Hyperspectral remote sensors available from latest
generation instruments, have substantially increased their spec-
tral, spatial and temporal resolutions. In order to provide one
example, the Airborne Visible/Infrared Imaging Spectrometer
(AVIRIS) [4] is a 224-channel imaging spectrometer with
approximately 10 nm spectral resolution covering the 0.4 to
2.5 µm spectral range, and it acquires reflected light of an
area from 2 km to 12 km with a spatial resolution of 20 m.

The availability of the aforementioned pieces of informa-
tion, that we refer to concretely as “big data” in this contribu-
tion, raises a demand for smart data analytics techniques such
as image processing, automatic classification, multitemporal
processing and data fusion. In order to scale with the amount
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of available data, parallelization techniques are proposed in
order to significantly accelerate the computations.

Parallelization techniques are typical implemented with
two basic principles: (a) high throughput computing (HTC)
and (b) high performance computing (HPC). While low-
cost systems such as commodity clusters in HTC or high-
end supercomputers with good interconnects in HPC offer
good scalability, parallel approaches are often complex to
use especially for remote sensing domain scientists that are
used to serial environments like Matlab or R. Also, in several
cases, the need for parallel and scalable data processing can
be reduced in the sense that “big data” can often be reduced
to so-called “smart data” with less volume. This is possible
by using less number of dimensions after applying statistical
data mining such as principle component analysis (PCA) [5].

Our contribution will therefore critically review available
parallelization techniques based on the emerging high num-
ber of “big data stacks”, while not loosing sight of some
traditional approaches known in HPC since decades. This
will include several technical factors such as free and open
technology availability, scalability of the solution, and specific
algorithm suitability. This paper addresses those factors while
analyzing data from one particular case study using Support
Vector Machines (SVMs) [6] as one of the best out-of-the-
box methods. In order to overcome the limitations of the wide
variety of traditional serial SVM data analysis tools, we survey
and apply existing open source SVM tools for “big data
analytics” that take advantage of parallelization techniques.
Efficiency benefits for the application domain problem are
evaluated such as a lower time to solution or speed-ups
obtained while building a data model.

Also, various other factors are discussed throughout this
paper that influence the effectiveness and usefulness of so-
called “big data analytics” solutions. The amount of time
that domain-specific remote sensing scientists have to invest to
manually work on datasets (e.g., apply feature extraction and
selection methods) is important to consider. One of the funda-
mental goals of “big data analytics” solutions is to support the
manual time consuming data analysis process with automatic
or semi-automatic solutions that are able to scale with the
increasing high number of available scientific datasets. This
gained momentum since the number of open datasets are
increasing, but the number of domain-specific scientists stay
rather constant over time. But in particular within scientific
and engineering application domains, the manual contribution
of the scientists remain often necessary, for example, a multi-
class classification problem may require different algorithms
in order to improve the classification accuracy that is one
of its major goals. This contribution will thus consider a
classic pattern recognition approach based on the combination
of feature extraction/selection and feature enhancement (i.e.,
spatial and neighbourhood analysis) methods.

This paper is structured as follows. After the introduction
into the problem domain, Section 2 motivates our study and
provides necessary background about the concrete scientific
application problem and its required methods. Section 3 sur-
veys related work in the field, while Section 4 offers the
reader a thorough technology analysis in the light of the raised

demands from the application problem. The findings in terms
of technology are then evaluated in the context of a concrete
scientific case study in Section 5, while this paper ends with
some concluding remarks.

II. MOTIVATION

A. Remote Sensing Classification Application Case Study

Our motivation is driven by the needs of a specific remote
sensing application that raises the demand for technologies
that are scalable with respect to “big data”. One of the main
purposes of satellite remote sensing is to interpret the observed
data and classify meaningful features or classes of land cover
types. In hyperspectral remote sensing, images are acquired
with hundreds of channels over contiguous wavelength bands,
providing measurements that we consider as concrete “big
data” in this paper. The reasoning include not only large data
volume, but also a large number of dimensions (i.e., spectral
bands).

Supervised classification is the essential technique used for
extracting quantitative information from remotely sensed data
such as the aforementioned hyperspectral images. It consists
of learning from a training set of examples (hyperspectral data
with class labels attached) and then generalize to find the
class labels of hyperspectral data outside the training set. The
high number of spectral bands can be handled by successful
classifiers [7] and they can be useful for a wide variety of
applications including: land-use and land-cover mapping, crop
monitoring, forest applications, urban development, mapping,
tracking, and risk management.

The SVM method provides an effective way to perform
supervised classification of hyperspectral images [8]. SVMs
have often been found to be more effective in terms of
classification accuracies, computational time and stability to
parameter settings than other widely used classifiers (i.e.,
maximum likelihood [9], K-nn [10] and the RBF neural
networks [11]). Furthermore, SVMs appear to be especially
advantageous in the presence of heterogeneous classes for
which only few training samples are available. A key feature of
the SVM supervised classification method is its ability to use
high-dimensional data without the usual recourse to a feature
selection step in order to reduce the dimensionality of the data.
This is possible due to the integration of feature extraction
and regularization elements within its learning process that is
separately required in other algorithms.

But as a conventional classifier, SVMs use hyperspectral
images based on its spectral information alone and do not con-
sider the spatial information (dependencies of adjacent pixels).
Additionally, hyperspectral data remains a challenge because
of the data volume including hundreds of bands affected by
redundancy and noise and the increasing number of labeled
samples for training. The latter is problematic as SVMs badly
scale with the number of samples [12]. For instance, spatial
information can provide additional information related to the
shape and size of different structures [13], which generally
leads to better classification accuracies and classification maps.

Hence, problems arise when all of the above-mentioned
methods require fast and highly scalable solutions for realistic
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hyperspectral image analysis applications (e.g., analysis that
is able to provide a response in real- or near-real-time). Our
motivational case study thus requires a fast SVM solution for
classification that is able to scale large remote sensing datasets
and offers high accuracy with feature extraction methods.

B. Big Data Tools and Techniques

The term “big data” and its related term “big data analyt-
ics” are often quoted in public literature such as in Mayer-
Schoenberger et al. [14] or in the context of commercial
data analysis (e.g., recommender systems using collaborative
filtering techniques or association rule mining to understand
customer buying habits and product placements). One of our
motivational elements is therefore the observed fact that data
mining tasks, originating from the scientific and engineering
domain, raise the demand for so-called “scientific big data
analytics”. This term aims to express that many techniques
and algorithms commonly used in science and engineering
problems are different to many of the aforementioned com-
mercial data mining approaches. Evidence for this fact is given
in many often quoted “success stories” like the Google Flu
prediction published by Ginsburg et al. [15], while often little
is known about their scientific shortcomings in such cases with
respect to causality as published by Lazer et al. [16].

Given the momentum about “big data” activities driven
by success stories from Google and other commercial cases,
a wide variety of so-called “big data stacks” have been
developed. Examples include HTC-driven implementations
adopting the “map-reduce paradigm” [17] such as the open
source Apache Hadoop [18], which in turn lays the foundation
for large machine learning frameworks like Apache Mahout
[19] or individual algorithm implementations on top of it
(e.g., Twister and parallel SVMs [20]). More recently, the
machine learning library MLlib of Apache Spark [21] also
gained momentum such as solutions based on Python like
scikit-learn [22].

Our motivation is therefore to investigate those emerging
stacks that claim to support parallel and scalable data mining
or machine learning in order to take advantage of “big data”.
Being driven by our concrete scientific case study in remote
sensing, we would like to find out which of those “big data
stacks” are suitable for our problem domain while not loosing
sight of more traditional feasible approaches known from the
field of HPC. Although HPC is driven by demands of the
simulation sciences, based on efficient numerical methods and
known physical laws, some of those applications raise equally
challenging requirements to the processing environments as it
is the case for our given remote sensing problem domain.

Despite the many possible characteristics of HPC environ-
ments and the more recent “big data stacks”, one element
of motivation in our study is driven by three simple criteria
that are as follows. The first criteria is about the “(i) open
and free availability of technology” in order to enable open
and reproducable scientific analysis [23] compared to closed
source or commercial license-based products of vendors. The
criteria “(ii) technical feasibility” reviews capabilities such
as scalability and parallelization approaches, including the

maturity, deployments, and usability of tools and techniques.
The third criteria “(iii) suitability of algorithms” reflects on
our key requirement raised from the application domain-
specific problem of using SVMs for classification of remote
sensing images that in turn focusses our study on a concrete
and specific “big data” problem to solve.

C. Support Vector Machines and Classification

The method we have choosen to perform image
classification is the well-known SVM [24], which is
one of the most powerful classification and regression
tools today. The general idea of SVMs lies on separating
training samples which belong to different classes by tracing
maximum margin hyperplanes in the space where the samples
are mapped. Hence, SVMs only demands training samples
close to the class boundary, it is thus capable of handling
high dimensional data even if a small number of training
samples is available. Our problem domain is a multi-class
classification problem and SVMs solve this problem with the
following given n input data instances (i.e., labelled training
data):

Training set T = (x1, y1), ..., (xn, yn)

SVMs were originally introduced to solve linear classifica-
tion problems. In order to generalize them to non-linear deci-
sion functions, i.e., more complex classes that are not linearly
separable in the original feature space, the so-called kernel
trick can be taken into account [25]. A kernel-based SVM
method maps input data instances into a high-dimensional
feature space with a non-linear mapping function Φ (i.e.,
Gaussian radial basis function) and then performs linear clas-
sification in this high-dimensional feature space. This mapping
in accordance with Cover’s theorem [26] guarantees that the
transformed data instances are more likely to be linearly
seperable. The mapped data instances belonging to different
classes (i.e., multi-class) are separated by tracing maximum
margin (decision) hyperplanes in this higher dimensional
space. Since maximizing the distance of data instances to the
optimal decision hyperplane is equivalent to minimizing the
norm of the weight w, SVMs solve the following constraint
optimization problem:

min
w,ξi,b

{
1

2

∥∥w
∥∥2 + C

∑

i

ξi

}
(1)

subject to:

yi(〈φ(xi),w〉+ b) ≥ 1− ξi ∀i = 1, ..., n (2)

ξi ≥ 0 ∀i = 1, ..., n (3)

Data instances with labelled data have label yi, while the
ξi are positive slack variables allowing to deal with permitted
errors. SVMs use the important generalization parameter C.
which controls the shape of the solution of the decision
boundary. Thus it affects the generalization capability of the
SVMs, e.g., a large value of C might cause an over-fitting
to the training data. Equation (1) can be transformed in
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its dual problem that in turn can be solved using quadratic
programming (qp) mechanisms. The learning model selection
in terms of choosing the right values for C and ξi is performed
using cross-validation techniques. The sensitivity to the choice
of the kernel and regularization parameters can be considered
as the most important disadvantages of SVM. A complete
introduction to SVMs is out of scope and we refer to C. Cortes
et al. [24] for more technical details.

III. RELATED WORK

The use of parallel and scalable techniques within the
field of remote sensing is not new and we survey previous
approaches as part of this section. In contrast to those previous
approaches, our current study focuses much more on three
characteristica: (a) “big data” and statistical techniques to
transform “big data” into “smart data” and (b) broader view
on parallelization methods including not only HPC methods,
but also HTC such as map-reduce-based implementations, and
(c) open data science enabling reproducability of results.

The major source for using parallel and scalable techniques
in remote sensing is a book by Plaza et al. [27] that particularly
focuses more on HPC techniques and mentions less HTC
approaches. As the book was written in 2008, several of its
elements are rather outdated and as a consequence we started
the study reported in this paper in order to solve remote
sensing problems with the power of HPC systems available in
2015. Our three mentioned general characteristica from above
(a), (b), and (c) are rarely covered in the book, and SVMs
in particular are only mentioned in the context of “Computer
Architectures for Multimedia and Video Analysis” [27].

A more focussed survey of SVM parallelization approaches
in the context of remote sensing is as follows. In [12], Munoz-
Mari et al. discusses the use of SVMs for hyperspectral multi-
class image classification highlighting also previous attempts
for parallelization in this regard. The author evaluates a
massively-parallel SVM implementation based on the incom-
plete Cholesky factorization and load balancing as well as
parallelization principles that take advantage of the traditional
Master-Worker decomposition quite well known in HPC. The
evaluations mentioned in the paper are performed on two
supercomputers in Spain and USA, but in contrast to our case
study used not only a different SVM implementation, but also
other feature extraction approaches. The paper also discusses
not directly classification accuracies after training the model
with parallel and scalable SVM methods, while in this paper
we list obtained accuracies in the cases of raw data (w/o
applying feature extraction) and processed data (with applying
features extraction) in order to point out their trade-offs.

More recently, in 2011, Plaza et al. describes in [28] the
use of HPC techniques for analysing hyperspectral remote
sensing problems with a focus on commodity architectures and
specialized hardware such as Field Programmable Gate Arrays
(FPGAs) and commodity Graphic Processing Units (GPUs).
The paper describes parallel and scalable approaches of the
hyperspectral unmixing chain and, in contrast to our given
case study, not only thus solves another problem with other
techniques (i.e., not SVMs), but also uses different datasets

and hardware technology. The results around GPUs however
inspired us to include them in our technology review in order
to explore available stable and mature implementations.

All aforementioned implementations have been unfortu-
nately not actively maintained and are thus outdated or not
openly available to solve our given scientific case study prob-
lem today. To the best of our knowledge there are no major
other approaches in the field of remote sensing classification
using parallel and scalable methods with SVMs.

IV. TECHNOLOGY REVIEW AND ANALYSIS

There is a high number of technologies that appear to be
suitable as solutions in our problem space with a particular
focus on SVMs. But closer investigations of the functionality
of broadly known tools or often used techniques reveal quite
surprising facts in the light of the presented scientific appli-
cation case study. One goal of the technology review in this
section is therefore not only to inform the reader about general
availability, but also to filter tools and techniques in the light
of their suitability for a concrete “big data” problem.

A. Overview of Serial Technologies

Traditional data analysis has taken advantage of well es-
tablished and mature tools such as those listed in Table I.
The simplicity combined with state of the art performance on
many learning problems (classification, regression, and novelty
detection) has contributed to the popularity of the SVM.

The survey results show that all of the known technolo-
gies, such as open source machine learning toolkits (i.e.,
scikit-learn) and programming languages (i.e., Matlab and R),
support a multi-class SVM implementation. The majority of
them are wrappers of the de-facto standard implementation of
LibSVM [29], the most popular open source machine learning
library [29], developed at the National Taiwan University and
written in C++ though with a C API.

For example, scikit-learn [30] is an open source machine
learning library largely written in Python, with some core
algorithms written in Cython to achieve performance. Support
vector machines are implemented by a Cython wrapper around
LibSVM. R [31] is an extremely popular open source statistical
software platform, which provides a wide variety of statistical
methods. The implementation of SVM in R is included in
the e1071 package [32]. Matlab [33] is a multi-paradigm
numerical computing environment widely used in academic
and research institutions as well as industrial enterprises. Many
enhancement are applied to the C version of the LibSVM
library to speed up Matlab usage. Pre-compiled MEX func-
tions Matlab that wrap around the LibSVM C library are
widely available. In the remote sensing domain, there are
many commercial software tools with GUIs that offer many
functions for the analysis and visualization of scientific data
and imagery. ERDAS [34] and ENVI [35] are placed in the
top of the heap, both specialized software for the analysis of
hyperspectral data, and they included the SVM classifier.

The described tools, that we refer to as “serial tools” when
using “big data” in terms of a very high number of samples or
high number of dimensions, can lead to challenging problems
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during the data analysis. For example, already while loading
such datasets into some of the listed tools in Table I, we
observed serious waiting times or even memory problems
on desktop machines. In some cases, even before processing
time, the necessary pre-processing time took quite a substantial
time (e.g., applying feature extraction algorithm on the input
data). Despite the fact that the model building process (i.e.,
training and testing a model) is still possible in several tools,
the waiting time became unfeasible long. This is the case
when applying cross-validation, which is necessary for model
selection but which can take a significant amount of time
using tools like Matlab. Selected drawbacks of so-called serial
desktop approaches have been listed above, but one should
also mention that modern desktop computers and laptops
becoming increasingly multi-core and as such also perform
better than, for example, using just one naturally serial core on
a supercomputer. This impact of multi-core desktop and laptop
systems will be one element of our study that we take into
account when performing evaluations. But even those desktop
solutions have limitations in memory and available cores and
as such parallel and scalable approaches on large-scale HPC-
oriented machines or HTC-driven distributed systems bear the
chance to overcome those limitations.

TABLE I: Overview of selected common serial tools and their
analysis.

Technology Analysis

R Statistical Computing SVMs (multi-class)

Matlab SVMs (multi-class)

LibSVM SVMs (multi-class)

scikit-learn SVMs (multi-class)

Erdas image SVMs (multi-class)

Envi SVMs (multi-class)

Weka SVMs (multi-class)

B. Overview of Parallel Technology Approaches

Given the momentum of “big data” at the time of writing,
there is a wide variety of technologies that aim to support “big
data analytics” in general and the analysis of large quantities
of data in particular. Table II offers a summary overview of
the performed analysis listing technologies with a particular
focus on investigating parallelization capabilities in order to be
able to scale for large datasets. The analysis further takes into
account the required SVM methodology details such as the
aforementioned multi-class classification capability or support
for non-linear models that are required by the scientific case
study.

One of the most known approaches for “big data ana-
lytics” in terms of scalable machine learning is the Apache
Mahout software [36]. It is based on parallel map-reduce and
the Apache Hadoop 1.0 [37] implementation, but is in the
transition of taking advantage of Apache Spark [38] as a
underlying platform in order to enable more functionalities
such as a more flexible parallel execution model. At the time
of writing, Apache Mahout version 0.9 offers no parallel

TABLE II: Overview of known parallel tools and their analy-
sis.

Technology Platform Approach Analysis

Apache Mahout Java; Hadoop no parallelization
strategy for SVMs

Apache Spark/MLlib Java; Spark Parallel linear SVMs
(no multi-class)

Twister/ParallelSVM Java; Twister; no open source;
Hadoop 1.0 version 0.9

scikit-learn Python no parallelization
strategy for SVMs

piSVM 1.2 / 1.3 C; MPI Parallel SVMs
(multi-class)

GPU LibSVM CUDA Parallel SVMs
(multi-class)

pSVM C; MPI Parallel SVMs
(multi-class, beta)

SVM implementation in the official release and thus it is not
a technology of choice for the scientific case study in this
contribution.

A more recent approach for “big data analytics” including
smart parallelization techniques is the comprehensive plat-
form Apache Spark [38]. Experience from various sources
suggests major improvements in performance, e.g. “Spark
can outperform Hadoop by 10x in iterative machine learn-
ing jobs” [39]. Beside the support for SQL, streaming, and
graph-based problems, the Spark MLlib library offers several
implementations for parallel and scalable machine methods.
A deeper investigation in light of the scientific case study
however reveals that version MLlib 1.1 only support linear
SVMs and as such this implementation is not a technology of
choice given the specific problem space in this contribution.

Another parallel implementation is open source and de-
scribed by Zhu et al. in [40]. Our analysis of this implemen-
tation based on Message Passing Interface (MPI) reveals that
it is an unstable beta release that is also slightly outdated.
The pSVM is thus not a candidate tool we can work with in
the context of the scientific case study. Our analysis reveals
only three different applicable approaches that will be more
thoroughly discussed in the next section.

C. Applicable Parallel Technology Approaches

The analysis of parallel technology provides three applica-
ble approaches as shown in Table III, because also scalability
of technologies is a concern that is taken into account. Deeper
analysis reveals further facts towards the selection of one
technology to be used in the problem domain with respect
to their usability and stability in practice.

All three applicable techniques in Table III are internally
based on the serial libSVM tool that in turn ensures a stable
functionality of the SVM methodology. Their parallelization
approaches however vary significantly in terms of stability
and usability that are both a major concern in parallel and
distributed systems.
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TABLE III: Suitable parallel tools after their deeper analysis.

Technology Platform Approach Deeper Analysis

Twister/ParallelSVM Java; Twister; no real release;
Hadoop 1.0 complex software stack

piSVM 1.2 / 1.3 C; MPI Stable, but not fully
scalable

GPU LibSVM CUDA/Nvidia hard to program;
early versions

The parallel SVM based on iterative map-reduce with
Twister has been used and is the most scalable version for
“big data” being not limited by the size of one particular
physical machine. As this approach is based on Hadoop and
map-reduce, as least theoretically more and more compute
nodes could be added to achieve a speed-up. But there is no
official release for the parallel SVM implementation on top of
Twister and thus the source can be only obtained by contacting
the author of its scientific paper [41]. Beside the fact that
this is not inline with the aforementioned open data science
thorough investigations in applying this approach in the given
problem domain shows that its stability and usability could
be improved. One reason is that the Twister version is based
on Hadoop 1.0 and that several scheduling tricks need to be
applied before using it. Another reason is the dependency on a
messaging system (for iterative map-reduce) that further adds
to the complexity (and thus stability) of the whole stack.

The analysis of piSVM 1.2 and its more recent version
1.3 revealed a very stable version of the implementation not
only because it is based on libSVM, but also since it takes
advantage of the mature MPI standard. Its use of scheduling
(i.e., jobscript) by this technology approach is inline with large
computing centres and the source itself is open source and
freely available [42]. The only drawbacks have been scalability
limits that requires certain tunings to the piSVM code that
have been applied thus making this technology at the time of
writing the best openly available and scalable solution for our
problem domain. We focus here on selected tunings of this
technology that in theory is only limited with respect to the
number of cores available in the corresponding choosen cluster
with an MPI environment. One of the tunings for speed-up
improvements was the change of loops and single MPI calls
to a more wider use of efficient MPI collective operations.
Another tuning is the use of a better domain decomposition
design in the parallelization to scale with our dataset (e.g.,
using 52 classes, more than 32 cores, etc.).

In practice, the particular problem domain given by the
scientific case study in this paper reveals that large number of
cores are typically not needed and thus one can assume that
modern clusters with MPI offer the required number of cores
as small to medium computing clouds. Furthermore chooosing
this technology is not necessarily a problem for big data as
computing centres often use parallel file systems with massive
amount of storage connected to it. One of the reasons of this
fact is that the modern community in scientific computing and
the inputs and outputs of simulations often require also huge
amount of storage and thus this field has dealt traditionally

very long with emerging “big data” including today.
Finally, one of the most interesting emerging implementa-

tions that bears a lot of potential is the GPU LibSVM [43]
as GPUs gain tremendous momentum on the hardware and
software side in the parallelization communities. At the time of
writing, our analysis has shown some limitations in practically
using this implementation, also because it has dependencies to
the proprietary Compute Unified Device Architecture (CUDA)
technolgy stack. It is thus not straightforward to use this library
to implement our case study, but we mark this technology as
a distinct candidate to work with in future work.

V. SCIENTIFIC CASE AND EVALUATION

One of the main challenges that occur with hyperspectral
images is related to the design of the classification framework.
In this section we describe the supervised classification chain
for a serial processing environment based on spectral-spatial
analysis and evaluate in context potential improvements and
results when applying parallel and scalable techniques.

A. Applied Statistical Methods in Remote Sensing

The implicit dimensionality of hyperspectral images is
responsible for important limitations in the application of
supervised classifiers. The huge amount of data often requires
a reduction of features to make classification flexible and
computationally efficient. Moreover, the limited availability
of training samples and the complex data structure imposes
further restrictions to the full data exploitation within a hyper-
dimensional space (Hughes phenomenon [44]). In addition, the
high correlation between neighboring bands in hyperspectral
data sets is responsible for redundancy, which strongly af-
fects the performances of traditional supervised classification
techniques. As a consequences, the application of feature
selection and reduction techniques prior to the classification is
recognized as critical to the improvement of the classification
results. In the literature, several data mining techniques [45]
have been developed to address this task. Different techniques
can include supervised and unsupervised, parametric and
nonparametric, linear and nonlinear methods, which all seek
to identify the relevant informative reduced subspace (i.e.,
without losing significant information), where the separability
of the classes is improved.

In this work, we adopt a classification chain which in-
cludes one unsupervised and one supervised feature extrac-
tion method. Despite the slight differences between the two
approaches, since one works directly on the data and the
other works with the support of reference samples, both
approaches aim to select features that are consistent with the
target concept. In unsupervised approaches the target concept
is usually related to the innate structures of the data, and
the main objective is usually to represent the data in a lower
dimension space. In supervised approaches the target concept
is related to class affiliation, and they are usually consid-
ered for overcoming the Hughes phenomena and reducing
the redundancy of hyperspectral data in order to improve
classification accuracies.
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B. Mathematical morphology in Remote Sensing

Recent efforts in the literature [46] have demonstrated that
hyperspectral image classification can greatly benefit from
an integrated framework in which both spatial-spectral in-
formation are included into the analysis process. The spatial
information provides an essential contribution to the under-
standing of the remote sensing images, since it characterizes
the sensed landscape in a complementary way with respect to
the spectral signatures of the land covers. Spatial information
can be coded as relations between neighboring pixels, patterns
in the spatial domain (e.g.,, texture), spatial characteristics of
regions (e.g.,, geometrical, morphological, textural measures),
structural relations in objects, or relational links between
entities in the scene. From a general survey of techniques
modeling the spatial information in remote sensing, one can
notice that there are different approaches for extracting the
spatial information and correspondent ways (with different
levels of abstraction) for including the extracted information in
the processing chain aiming at the classification of the image.

An automatic analysis and interpretation of the characteris-
tics of spatial information can be achieved by processing an
image with a set of mathematical morphology operators. In
this context, recently region-based filtering tools [47] (called
connected operators) have received significant attention due
to their effectiveness in both extracting spatial information
and preserving the geometrical characteristics of the objects
in images (i.e., borders of regions are not distorted since only
an image is processed by merging its flat zones). Attribute
filters [48] are a set of connected operators that are able to
simplify a grayscale image according to an arbitrary measure
(i.e., attribute), such as scale, shape and contrast.

Dalla Mura et al. [49], proposed self-dual attribute profiles
(SDAPs) as a variant of Attribute Profiles (APs) [50] for
the classification of very high geometrical resolution images.
SDAPs are obtained by filtering a given grayscale image with
attribute operators using a predicate with increasing threshold
values. Cavallaro et al. in [51] proposed the extended self-dual
attribute profiles (ESDAPs), as the application of SDAPs to
hyperspectral data. An ESDAP is obtained by concatenating
the SDAPs (i.e., based on one or more attributes) built on
several feature components extracted by a reduction technique
(i.e., KPCA) computed on the hyperspectral image.

C. Remote Sensing Data set

The experiments has been carried out on the Indian Pines
AVIRIS dataset that is shown in Fig.1, which is publicly avail-
able [52] and widely used for feature reduction and classifica-
tion of hyperspectral images. The Indian Pine airborne data set
was acquired in June 1992 over an agricultural site composed
of agricultural fields with regular geometry and with a variety
of crops. A small portion (145×145 pixels) of the original
image has been extensively used as a benchmark image for
comparing different classifiers. Here, however, we consider
a larger portion, which consists of 1417×617 pixels and 200
spectral bands (20 bands with low Signal to Noise Ratio (SNR)
were removed), with a spatial resolution of 20 m. From the 58

(a) (b)

Fig. 1: AVIRIS Indian Pines image cube representation (a) and
ground reference (b)

different land-cover classes available in the original ground-
truth, 6 classes were discarded (classes with less than 100
samples). This data set represents a very challenging land-
cover classification problem dominated by similar spectral
classes and mixed pixels. Specifically, the discrimination of the
major crops of the area (corn and soybeans) is very difficult
since they were very early in their growth cycle (with only
about 5% canopy cover), meaning that most of the scene pixels
are highly mixed.

D. Classification Design

Many different processing configurations have been studied
for remotely hyerspectral image classification including data
transformation (e.g.,, for dimensionality reduction), feature
extraction/selection, and spatial information analysis. Our sci-
entific case in this paper considers two different classification
scenarios, which are shown in Fig. 2:

1) Scenario with near real-time processing constraints. The
hyperspectral data set is not manually analyzed, and a
straightforward classification is performed.

2) Scenario without time processing constraints. A process-
ing chain spatial-spectral analysis is manually applied in
order to improve the effectiveness of a classifier.

In both scenarios we assume that data correction activities
such as sensor specification, geometric corrections, radiomet-

KPCA ESDAP NWFE Train SVM90%

GroundTruthTrain set Test set

SVM classifierModel99%

Data set

(2)

(1)

Cross validation

Fig. 2: Hyperspectral image classification processing chain.
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ric calibrations were already performed [53]. A more detailed
description for the different data analysis steps included in the
classification chain shown in Fig. 2 is as follows:

• Dimensionality reduction: the first step consists of reduc-
ing the dimensionality of the data to a subspace with the
minimum loss of the original information. For such a task,
the unsupervised Kernel Principal Component Analysis
(KPCA) [54] technique is here considered. The KPCA is
the non-linear version of PCA [5], and it is capable of
dealing with the non-linearities of the data (i.e., it shares
the same properties as the PCA but in a different space).
The advantages of using KPCA instead of PCA is that
more information is provided from the original data set
since higher-order statistics is captured (i.e., due to an
appropriate projection of the data onto another space).

• Spatial analysis: in the second step, spatial information
analysis is included in the process, since only the spectral
information may not be able to accurately model spatial
dependencies in the scene. The spatial analysis is here
performed by ESDAP built on the features extracted
by KPCA by using the area and standard deviation
attributes. The area allow the extraction of objects based
on their size, while the standard deviation can model
the homogeneity of the pixels gray levels belonging to
different regions. The thresholds are manually selected
by a visual analysis of the scenes.

• Feature extraction: in the third step, a feature extraction
method is included prior to classifier. In the literature
[55], the Nonparametric Weighted Feature Extraction
(NWFE) supervised method has been widely used to
reduce the number of morphological features extracted
by the morphological analysis (ESDAP). The NWFE
technique is an efficient algorithm for high dimensional
multi-class pattern recognition problems. Since NWFE is
based on a nonparametric extension of scatter matrices
(i.e., between-class and within-class), the algorithm is
able to extract a desired number of features (higher than
the number of classes) and can work well even for data
that are not Gaussianly distributed [56].

E. Experimental Setup and Results

The serial experiments were implemented in MATLAB on
a computer having Intel(R) Core (TM) i7-4710HQ CPU 2.50
GHz and 16 GB of memory. The CPU processing time re-
ported in Table VI are related to data analysis and classification
(training and testing) steps using this experimental setup. In
the data analysis side of the processing chain, the ESDAP
is the step which requires most of the time. The ESDAP are
computed by using C++ Milena library [57] and an adaptation
of the code for the Inclusion tree provided in the MegaWave2
toolbox [58] (more about the algorithm and the processing
information can be found in [59]).

When comparing the two phase feature extractions, the first
step (KPCA) requires more time than the second step (NWFE)
since the former has to deal with the dimension and the com-
plexity of the hyperspectral data set. For the KPCA method,
the kernel function adopted is Gaussian kernel and the param-
eter is estimated as the mean value of the distance between

TABLE IV: Serial case for scenario 1: 10-fold grid search
cross-validation. The accuracies and the computation times (in
brackets) are reported for each combination of the regulariza-
tion and kernel parameters. The best accuracy is marked in
bold and indicates the optimal C and kernel γ used in the
training phase. The overall time is 4.47× 103min (3 days).

γ / C 1 10 100 1000 10000

2 27.30 (109.78) 34.59 (124.46) 39.05 (107.85) 37.38 (116.29) 37.20 (121.51)
4 29.24 (98.18) 37.75 (85.31) 38.91 (113.87) 38.36 (119.12) 38.36 (118.98)
8 31.31 (109.95) 39.68 (118.28) 39.06 (112.99) 39.06 (190.72) 39.06 (872.27)

16 33.37 (126.14) 39.46 (171.11) 39.19 (206.66) 39.19 (181.82) 39.19 (146.98)
32 34.61 (179.04) 38.37 (202.30) 38.37 (231.10) 38.37 (240.36) 38.37 (278.02)

TABLE V: Serial case for scenario 2: 10-fold grid search
cross-validation. The accuracies and the computation times (in
brackets) are reported for each combination of the regulariza-
tion and kernel parameters. The best accuracy is marked in
bold and indicates the optimal C and kernel γ used in the
training phase. The overall time is 529.55min.

γ / C 1 10 100 1000 10000

2 48.90 (18.81) 65.01 (19.57) 73.21 (20.11) 75.55 (22.53) 74.42 (21.21)
4 57.53 (16.82) 70.74 (13.94) 75.94 (13.53) 76.04 (14.04) 74.06 (15.55)
8 64.18 (18.30) 74.45 (15.04) 77.00 (14.41) 75.78 (14.65) 74.58 (14.92)

16 68.37 (23.21) 76.20 (21.88) 76.51 (20.69) 75.32 (19.60) 74.72 (19.66)
32 70.17 (34.45) 75.48 (34.76) 74.88 (34.05) 74.08 (34.03) 73.84 (38.78)

each samples. The Kernel Matrix is computed by randomly
selecting 500 samples from the total number of pixels present
in the image (i.e., in order to perform the transformation in
an acceptable processing time). The hyperspectral data set is
reduced into a subspace of feature components, where the
first features with cumulative variance of more than 90% are
kept. For the NWFE approach, the Leave-One-Out Covariance
(LOOC) estimator is applied to regularize the within-class
scatter matrix and the mixing parameter β [60] is fixed at
0.5. The resulting first features with cumulative variance of
more than 99% are kept for the subsequent classification step.

For the classification, the number of training and test
samples are reported in Table X, where the training set was
randomly selected by using 10% of the labeled samples from
each class. For the classifier, the Gaussian radial basis function
(RBF) kernel is adopted. The values of C and γ, regularization
parameter and width of the RBF, respectively, are optimized
using a 10-fold cross-validation procedure. The grid search

TABLE VI: Serial case CPU processing time (in minutes).

kpca esdap nwfe 10x CSV Training Test Total

(1) Scenario 0 0 0 4.47 × 103 10,45 71,08 4.55 × 103

(2) Scenario 5 15.38 1 529.55 1.37 23.25 575.55

TABLE VII: Classification accuracies for the raw spectral
data and for the data analyzed with the proposed scheme in
percentage.

(1) Scenario (2) Scenario

Number of features 200 30

Overall Accuracy (%) 40,68 77,96
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consists of a discrete set of 5 values for both parameters,
i.e., C=[1,10,100,1000,10000] and γ=[2,4,8,16,32]. Looking
at the CPU processing times for the cross-validation, training
and test, it can be noticed that in the second scenario the
times are drastically reduced. This is due to the application of
data analysis pre-processing, which reduces the complexity
(dimension and noise) of the “big data” and enhances its
spectral and spatial information by producing a “smart data”,
which is more simple to be processed by the classifier. This
is confirmed by the classification results shown in Table VII
which shown an improvement of more than 37% in terms of
overall accuracy experimented in the second scenario. In the
literature [61] and [62], classification results for the same data
set can be found. Although the data analysis is an important
but also critical step in the process of converting the “big
data” into user-required products we refer to as “smart data”,
the process is not straightforward and it requires time (manual
work) and enough expert knowledge.

The next step in our evaluation consists of analyzing the
same dataset with parallelization techniques in order to find out
whether we are able to achieve a speed-up of cross-validation,
training and test periods by keeping the respective accuracies
shown in Table VII. The parallel experiments have been
implemented using our optimized piSVM tool on the JUDGE
supercomputer at the Juelich Supercomputing Centre with a
number of 206 compute nodes IBM System x iDataPlex dx360
M3. Each compute node has 2 Intel Xeon X5650 (Westmere)
6-core processors with 2.66 GHz. The main memory is 96 GB
and the fast interconnect is an Infiniband system that is used
with the Partec MPI implementation in our case study. Used
data sets, job scripts, data models, and results are available at
[63], [64], [65], [66] and [67] in order to support reproducible
open science.

We firstly discuss the speed-up achieved in the scenario (1)
of satisfying a near real-time processing constraints meaning
that the data is in its raw form. As can be seen in Table IV, the
cross-validation in the serial case is very computationally in-
tensive. The reason is that the training-validation is performed
10 times for each of the 25 combinations of the C and γ
parameters. The total processing time is 4.47×103min, which
is more than 3 days. Because each partition set is indepen-
dent, the cross-validation performed in parallel can achieve a
significant speed up, by reducing the overall processing time
to 138.72 min using 80 cores as reported in Table VIII. As
shown in Fig. 3(a), the training time in this scenario can
be also reduced with the minimal training time of 0.55 min
using 80 cores. When comparing this result with the serial
training time listed in Table VI, we observe that we can thus
significantly reduce the computing time from 10.45 min to
0.55 min. Finally, by using parallelization techniques, we have
been able to also reduce the test time in this scenario to a
minimal test time of 4.09 min using 80 cores as shown in
Fig. 3 (b). The serial test time obtained by using Matlab is
71.08 min that in turn indicated a major speed-up when using
parallelization techniques, in particular because the test set is
also much larger than the training set. The impact of using
parallelization techniques for large quantities of samples (aka
“big data”) is thus much higher than in those with less training

samples.
The question remains that time gains in the manual process

of scenario (2) using feature extraction methods, thus lowering
the demand for CPU processing, will outperform the speed-up
gained by parallelization techniques. We study this particular
question while discussing the speed-up results of the scenario
(2) that do not raise any real-time requirements. As in the
previous scenario, the most notable speed up is achieved in
the cross-validation step. Its overall processing time is reduced
to 35.54 min (see Table IX) using 80 cores, from the 529.55
min of the serial case (see Table V). As shown in Fig. 4 (a),
the training time in scenario (2) can be also reduced to a
minimal training time of 0.32 min using only 32 cores (i.e.,
no improvements are observed when increasing the number
of cores). When comparing this result with the serial training
time of scenario (2) listed in Table VI, we observe that we can
just slightly reduce the 1.37 min to 0.32 min. As it was already
the case with scenario (1), by using parallelization techniques,
we have been able to also reduce the test time in this scenario
to a minimal test time of 1.05 min using 80 cores as shown
in Fig. 4 (b). The serial test time by using Matlab is 23.25
min and as it was already the case for the scenario (1), we
also observe for scenario (2) a major speed-up when using
parallelization techniques.

Our evaluation can be summarized with respect to speed-
up of the training and testing process by not loosing sight the
important measure of accuracies. For both scenario (1) and
(2), using parallelization techniques, a speed-up is achieved
by maintaining accuracy when using only a moderate number
of cores (i.e., compared to those number of cores that are
used in the simulation sciences). The majority of the results
are also remarkable in the sense that we observe that we can
just slightly reduce the 1.37 min to 0.32 min. Nevertheless,
the majority of the results are also remarkable in the sense
that CPU times below 1.00 min can be still considered as an
“interactive experience”. This means it is possible to wait for
the results when using parallel techniques while in the serial
case a remote sensing scientists are rather tempted to perform
other work thus interrupting the ordinary work session and
thus reducing the productivity of the scientist.

We further evaluate the whole process chain of scenario
(1) and (2) that we denote in Table VI as “Total” time.
This time includes the time spent applying different feature
extraction and selection techniques, but also the time for
cross-validation, training and testing, respectively. In scenario
(1), the serial approach in Matlab leads to a Total time of
4.55 × 103 min (3 days) for the raw dataset not using any
feature extraction technique and by using parallelization this
can be reduced to a Total time of only 143.36 min. In scenario
(2), the serial approach requires a Total time of 575.55 min
for the processed dataset taking already advantage of feature
extraction techniques including also dimensionality reduction
techniques (i.e., after applying KPCA for example). In the
context of scenario (2), the parallelization techniques achieve
a remarkable reduction leading to a Total time of 58.28 min.
The parallelization benefit is mostly shown when performing
model selection with n-fold cross validation compared to
serial programs like Matlab. The added value for remote
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sensing scientists is thus that they can more easier and faster
experiment with different feature extraction techniques and
processing chains (cf. Fig. 2) that often bear the potential to
increase the accuracy of the classifier.

VI. CONCLUSION

One of the reasons of this study was to understand whether
parallelization techniques can overcome limitations observed
in serial tools when working with emerging concrete examples
of “big data”. This is particular interesting as traditionally
serial tools could still work with datasets by applying feature
extraction or selection techniques as well as subsequent dimen-
sionality reductions or smart resampling (i.e., lower volumes
of data). When working with larger quantities of data we have
evaluated parallelization techniques in order to offer selected
findings in the context of one specific challenging scientific
case study dataset (i.e., concrete “big data”).

One conclusion from the technology reviews is that despite
the availability of many parallelization techniques, just a very
limited set of suitable parallel tools exist in the open source
domain for our concrete problem space of using parallel
SVMs. Even those we identified as being suitable and being
open source, still required tuning (i.e., piSVM) or are not
straightforward yet to use with common parallel hardware (i.e.,
GPU LibSVM for CUDA/Nvidia cards only). But we also
observe a momentum in the parallelization community around
GPUs that is affecting also other fields (e.g., machine learning,
bioinformatics, deep learning, etc.) and therefore we consider
the work on GPUs as a major element in directions of future
work.

We conclude that, by using our tuned version of the piSVM
implementation, in both scenarios (1) and (2), applying our
parallelization techniques lead to significant speed-ups for the
cross-validation and for each training and testing process.
More notably, this is achieved by maintaining the same ac-
curacy as achieved when performing the processes with serial
tools. In the majority of cases, the minimal training and testing
time was around one minute that still can be considered as an
“interactive experience” thus enabling remote sensing scien-
tists to easier and faster experiment with different techniques
(e.g., applying quick parameter variations of feature extraction
techniques).

We thus conclude that the Total time of the whole process
can be significantly reduced by using parallelization methods
making it still feasible to use even when feature extraction and
selection techniques and spatial analysis methods are applied.
We also conclude that the added value of using parallelization
techniques for large quantities of samples and multiple cross-
validation runs. (aka “big data”) is higher than in those
with less training samples. It is still feasible to apply feature
extraction techniques not only to increase the accuracy of a
classifier and lower thus the data volume, but also to reduce the
number of computing cycles needed since in many cases HPC
processing time is costly. However, the inclusion of the spatial
information analysis is essential for a proper exploitation of
all the available informative components. ESDAP have proven
to be an effective tool for the modeling of the different

spatial characteristics and for providing additional informative
features. With the achieved speed-ups it thus become feasible
to approach other “big data” challenges in the remote sensing
community, such as change over a city over decades that we
currently outline as future work.

TABLE VIII: Parallel case (80 cores) for scenario 1: ten-fold
grid search cross-validation. The accuracies and the computa-
tion times (in brackets) are reported for each combination of
the regularization and kernel parameters. The best accuracy is
marked in bold and indicates the optimal C and kernel γ used
in the training phase. The overall time is 138.72min.

γ / C 1 10 100 1000 10000

2 27.26 (3.38) 34.49 (3.35) 39.16 (5.35) 37.56 (11.46) 37.57 (13.02)
4 29.12 (3.34) 37.58 (3.38) 38.91 (6.02) 38.43 (7.47) 38.43 (7.47)
8 31.24 (3.38) 39.77 (4.09) 39.14 (5.45) 39.14 (5.42) 39.14 (5.43)

16 33.36 (4.09) 39.61 (4.56) 39.25 (5.06) 39.25 (5.27) 39.25 (5.10)
32 34.61 (5.13) 38.37 (5.30) 38.36 (5.43) 38.36 (5.49) 38.36 (5.28)

TABLE IX: Parallel case (80 cores) for scenario 2: ten-fold
grid search cross-validation. The accuracies and the computa-
tion times (in brackets) are reported for each combination of
the regularization and kernel parameters. The best accuracy is
marked in bold and indicates the optimal C and kernel γ used
in the training phase. The overall time is 35.54min.

γ / C 1 10 100 1000 10000

2 75.26 (1.02) 65.12 (1.03) 73.18 (1.33) 75.76 (2.35) 74.53 (4.40)
4 57.60 (1.03) 70.88 (1.02) 75.87 (1.03) 76.01 (1.33) 74.06 (2.35)
8 64.17 (1.02) 74.52 (1.03 ) 77.02 (1.02) 75.79 (1.04) 74.42 (1.34)

16 68.57 (1.33) 76.07 (1.33) 76.40 (1.34) 75.26 (1.05) 74.53 (1.34)
32 70.21 (1.33) 75.38 (1.34) 74.69 (1.34) 73.91 (1.47) 73.73 (1.33)
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TABLE X: Indian Pines: number of training and test samples

Class Number of samples Class Number of samples

number name training test number name training test

1 Buildings 1720 15475 27 Pasture 1039 9347
2 Corn 1778 16005 28 pond 10 92
3 Corn? 16 142 29 Soybeans 939 8452
4 Corn-EW 51 463 30 Soybeans? 89 805
5 Corn-NS 236 2120 31 Soybeans-NS 111 999
6 Corn-CleanTill 1240 11164 32 Soybeans-CleanTill 507 4567
7 Corn-CleanTill-EW 2649 23837 33 Soybeans-CleanTill? 273 2453
8 Corn-CleanTill-NS 3968 35710 34 Soybeans-CleanTill-EW 1180 10622
9 Corn-CleanTill-NS-Irrigated 80 720 35 Soybeans-CleanTill-NS 1039 9348

10 Corn-CleanTilled-NS? 173 1555 36 Soybeans-CleanTill-Drilled 224 2018
11 Corn-MinTill 105 944 37 Soybeans-CleanTill-Weedy 54 489
12 Corn-MinTill-EW 563 5066 38 Soybeans-Drilled 1512 13606
13 Corn-MinTill-NS 886 7976 39 Soybeans-MinTill 267 2400
14 Corn-NoTill 438 3943 40 Soybeans-MinTill-EW 183 1649
15 Corn-NoTill-EW 121 1085 41 Soybeans-MinTill-Drilled 810 7288
16 Corn-NoTill-NS 569 5116 42 Soybeans-MinTill-NS 495 4458
17 Fescue 11 103 43 Soybeans-NoTill 216 1941
18 Grass 115 1032 44 Soybeans-NoTill-EW 253 2280
19 Grass/Trees 233 2098 45 Soybeans-NoTill-NS 93 836
20 Hay 113 1015 46 Soybeans-NoTill-Drilled 873 7858
21 Hay? 219 1966 47 Swampy Area 58 525
22 Hay-Alfalfa 226 2032 48 River 311 2799
23 Lake 22 202 49 Trees? 58 522
24 NotCropped 194 1746 50 Wheat 498 4481
25 Oats 174 1568 51 Woods 6356 57206
26 Oats? 34 301 52 Woods? 14 130
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6.1 Conclusions and Main Contributions

The inclusion of automatic, scalable, and parallel processing methods within a RS
classi�cation scheme is essential for analyzing optical data with increased volume and
variety. In this thesis two main objectives were addressed: develop an automatic model
of the spatial information and provide a scalable and parallel classi�cation algorithm.
As the main concluding remarks, the following points can be mentioned:

• In chapter 2 ESDAPs were presented as the extended concept of SDAPs for the
classi�cation of hyperspectral images. The feature extraction NWFE method was
adopted in a two-step fashion: i) for reducing the number of features contained
in the original data; and ii) for extracting a �xed number of features (i.e., 10)
after applying ESDAP. It was proved that in a hyperspectral domain, ESDAPs
were a more e�cient tool for the analysis of the spatial information than EAPs.

• In chapter 3 a novel methodology for the selection of thresholds based on the
new concept of GCFs was presented. These functions were derived from the
threshold decompositions of the image, and computed considering the interest
measure. By exploiting the tree representations (i.e., component trees and ToS),
�ltering steps prior to the selection of the threshold set became unnecessary,
making the approach computationally e�cient. Three GCFs were de�ned based
on di�erent measures, such as the sum of the gray-level values (based on the
conventional granulometry), the number of pixels and the number of regions
a�ected by the �ltering. In addition to the standard granulometry, which is
related to the volume (sum of the gray values) variation, GCF derived from the
other measures showed the e�ects of the decomposition in terms of spatial extent
(i.e., how large the changed areas are). The selection of meaningful thresholds was
performed by an automatic procedure that identi�es the best subset of thresholds
able to approximate a given GCF. The GCFs have been proven useful also for
suggesting the number of thresholds to select. The e�ectiveness of the proposed
approach was assessed by comparing the classi�cation accuracies obtained by
pro�les generated in employing the GCF method against methods available in
the literature. In particular, the proposed approach was able to achieve high
classi�cation results, while providing pro�les characterized by a low dimensional
space.

• In chapter 4 mathematical morphology has been exploited for designing new
operators able to �lter tree representations of VHR optical data. The de�ni-
tions of the direct, max, min, and subtractive �lter rules were considered for
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the computation of AFs over the ToS representation. The methodology included
the generation of the tree, the �ltering step and the �nal �ltered image recon-
struction. The chapter studied the performance of the di�erent rules in terms
of classi�cation accuracy in the context of APs and SDAPs, by considering the
nonincreasing attributes standard deviation and moment of inertia. It was shown
that when the criterion presented a strong nonincreasing behavior (moment of
inertia), each �lter strategy provided a di�erent pro�le. According to the clas-
si�cation accuracies it was possible to conclude that subtractive was the most
e�ective �lter rule in the experiments although it introduced new gray levels in
the �ltered images. Furthermore, it was proven that the rule preserved the con-
trast gray value between regions that were not �ltered. Contrary to that, it was
shown that, if the criterion is more similar to an increasing behavior (standard
deviation), the di�erent �lter rules provided similar pro�les. Finally, due to the
properties of the ToS, it was shown that SDAPs outperform APs in terms of
classi�cation accuracies.

• Chapter 5 studied whether parallelization techniques could overcome limitations
observed in serial tools when working with large volume of RS optical data.
In particular, a survey of existing parallel implementations of SVM algorithms
was conducted. It was shown that despite the availability of many algorithms,
just a very limited set existed in the open source domain. Even those that were
identi�ed as being suitable and being open source required tuning (i.e., piSVM)
or were not straightforward enough to use with common parallel hardware (i.e.,
GPGPU LibSVM for CUDA/Nvidia cards only). A tuned version of the piSVM
implementation was proposed. This implementation led to signi�cant speed-ups
for the cross validation, training and testing step, especially in the case of a large
number of samples and features. The speed-up was obtained by maintaining the
same accuracy as achieved when performing serial algorithms. In most of the
cases the minimal training and testing time was around 1 minute. A �nal con-
clusion was that the use of feature reduction and spatial enhancement methods
remained essential in order to exploit the spectral and spatial information and
achieve better classi�cation results. However, when these methods were com-
bined with parallel classi�cation methods, the total processing time could be
signi�cantly reduced.

As a whole this thesis contributes to the e�ective extraction of information and knowl-
edge from RS optical data. The proposed solutions are organized within a processing
pipeline which re�ects the whole RS data life cycle, ranging from data acquisition
to data exploration. The �rst three contributions are located in the processing stage
(see Fig. 1.2). The approaches strengthen the integration of the spatial information
analysis within a spectral-spatial classi�cation framework. The proposed innovative
implementation of the representation method (ToS) enhanced the spatial information
included in the hyperspectral images by decreasing the number of features (ESDAP)
while maintaining the accuracy, in e�ect making the information abstraction stage eas-
ier to operate. In order to obtain the best results in creating the ESDAP, the attribute
values need to be selected. The thesis introduces a new automatic method of thresh-
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old selection, which signi�cantly reduces the time previously needed to be invested by
the researcher with comparable results in terms of accuracy. In order to �nalize the
�ltering, the best �lter rule needs to be selected. The thesis provided a study of �lter
rules performances on the classi�cation background and found the optimal rule (sub-
tractive). The last contribution concerns the information abstraction stage, namely
classi�cation. The thesis surveys parallel SVM algorithms for classi�cation currently
available in the open source domain. To receive the best results, an algorithm was
improved to make it scalable, hence increasing the speed up considerably. The inher-
ent value of these contributions is their potential in being implemented into the ever
increasing number of RS big data sets. In order words, the thesis provides general
methods that can extend their use in a variety of ways, ranging from classi�cation to
multitemporal analysis. This is possible due to the scalability of the solutions onto the
realm of parallel programming and powerful underlying computing systems.

6.2 Perspectives

Inasmuch as the most promising strategy for the analysis and the interpretation of
the spatial information of RS optical data relies on MM tree representations, there
are some interesting research directions for future developments. In this thesis the
ToS was mainly used to implement AFs and to produce feature images for land cover
classi�cation problems (e.g., SDAPs, ESDAPs). The advantages of using the ToS are
that it encodes the inclusion of connected components and it allows the simultaneous
processing of bright and dark regions. If, on the one hand, the AF analyzes the spatial
information at region level, on the other, the SDAP computes for each pixel a vector of
attributes providing a local multiscale representation of the information. Consequently,
in the proposed spectral-spatial classi�cation frameworks the SDAPs have been only
used for pixel-wise classi�cation. An interesting research direction would be to replace
the pro�le pixel-wise approach with a region classi�cation based on the nodes of the
ToS. Preliminary results (see Fig. 6.1) were presented in [166], and the main �ndings
were as follows:

• The basic idea is that �ltered images which compose an SDAP are computed
by pruning the ToS. Thus, performing a tree node classi�cation should provide
comparable results as the SDAPs since they carry information which is included
in the ToS.

• The proposed approach does not involve any statistical learning methods and it
only includes two main steps: the computation of the ToS and the classi�cation of
the nodes. The ToS can be computed with the parallel algorithm proposed in [77],
which is a scalable solution that can handle large volume of RS optical data. The
classi�cation scheme is the interactive segmentation algorithm proposed in [167],
which is is extended to a multi-class classi�cation problem. The approach is
based on Nearest Neighbor classi�cation of nodes, in which neighboring nodes
are de�ned according to the tree topology.
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• This is a very simple and time e�cient region-based classi�er that can be used
for real time applications. The preliminary results showed that despite the sim-
plicity of the ToS structure, its versatility and potential allowed for comparable
performances as the currently used sophisticated classi�cation algorithms. Fur-
thermore, the set of labeled pixels can be enriched when the nodes are marked
according to the input training data. For instance, each pixel within a single
node is set to the label assigned to the node.

• However, additional experiments are needed to establish the performances of this
approach. Statistical learning strategies may be integrated within the algorithm
in order to improve the robustness of the classi�er and solve the problem of
labeling nodes that include pixels of di�erent classes.

Further development perspectives need to take into account that the new generation
of RS platforms will be equipped with the processing and storage capability to serve
advanced applications. The upcoming next generation of NVIDIA Pascal GPU ar-
chitecture constitute an interesting technology for future research in RS applications
for on-board processing. The plan is to design a high performance parallel processing
scheme that includes classi�cation algorithms (e.g. SVM, RF, etc.), and also to incor-
porate additional feature extraction techniques (e.g., SDAPs). Furthermore, after a
detailed study of the above proposed region classi�er based on the ToS, a major e�ort
will be focused on its eventual scalable implementation.
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