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Introduction

Introduction

Disasters are crises that cause widespread damages and are beyond our ability to prevent or
control. A progressive strategy for managing disasters ensures that loss of life and property is
reduced in a disaster event: the primary goals of disaster manageare to minimize losses

from the disaster, to provide help to the victims and to facilitate a rapid recoverydiBaster
phases aim at identifying potential risks and the actions that can be taken before a disaster event
in order to reduce its impacpost-disaster phases, instead, are aimed at providing assistance to
people affected by a disaster, saving lives, protecting properties, making an affected area safe,
and subsequently to regain a proper level of functioning at meeliumg term.

The study performed in collaboration within ITHACA (Information Technology for Humanitarian
Assistance, Cooperation and Action) association, a research center that works in the field of
emergency management by providing methods, tools and services for both preoatdigpaster
phases, is inserted in the framework of the rapid mapping activities performed by the association
itself.

The aim of the study is to provide reliable information about areas affected by the disaster in a
few hours after it occurs; this inforntian, properly used by civil protection operators, can help in

better managing the firsaid in the field, enhancing the knowledge about extension of the
affected area and occurred damages, particularly in less accessible zones. Satellite remote sensing
data are a key element in rapid mapping activities (Ajmar et al. 2010b); dy@smal information

are sources for mapping the impact of disaster, and can potentially provide the earliest
information about the impact of disaster, but they can be used effeltiealy when the spatial

data on other aspects (for example administrative boundaries, infrastructure details, settlements
etc.) are integrated with the spadmased information; these data layers can be used also for
analysis and modelling along with sdifin information to prepare risk maps related to various
KFETFNRa owl @ty uwnmnod 2KSNB GKSNB Aa | 101 2
from different data source, such as archive satellite imagery: even if automatic classification
techniques (both pixel based and objextented) have been successfully tested in several case
studies, the most common approach in an operational context is still visual interpretation
(Boccardo and Giulio Tonolo 2012). Participatory mapping through rsadiaas OpenStreetMap

or Google Map Maker are very useful when data are missing on large extent: in cases such as
Haiti earthquake, the city was mapped within few days thanks to these sources (Ajmar et al.
2010a). This kind of support rarely comes, andrdifiore the digitalization operations could
0502YS OSNE KSI@&d | SNBEQa ¢oKeé (GKS ONBlLGAz2zy 27
or semiautomatic way is so important.

Between all necessary information, those related to the extent of urban aseagarticularly
NBfSOFyld F2NJ AdzLILI2NIAY3I ONRAAA YIyYylF3IASYSyd oS
population are placed in order to provide information about the extent of damaged areas and
population potentially involved during an emergenciuation: all the crisis management cyele
including damage assessment, recovery, reconstruction and planning should benefit from an
improved and globalkgonsistent description of human settlements (Pesaresi and Halkia 2012).

1



Introduction

The mapping of human settlemes has gained more and more importance due to increasing and
rapid global urbanisation and the various effects of this development (Felbier et al. 2012); as a
matter of fact in 2011 the global population passed the 7 billion mark, with more than hdiéof t
population living in urban areas. Between 2011 and 2050, the world population is expected to
increase by 2.3 billion, increasing to 9.3 billion and, at the same time, the urban population is
projected to gain 2.6 billion, passing from 3.6 billion in 2@& 6.3 billion in 2050. A study
performed by the Population Division of the Department of Economic & Social Affairs of the
United Nations (World Urbanization Prospectshe 2011 revision) in order to understand the
connection between urbanization and tuaal hazards, using a sample of 633 cities with more
than 750.000 inhabitants in 2011, demonstrated that of the more than 450 urban areas with 1
million inhabitants or more (representing 1.4 billion people), 60%, or about 890 million people,
were livingin areas of high risk of exposure to at least one natural hazard. In particular, cities in
Latin America and the Caribbean, in Northern America, and in Asia, are the more located in areas
exposed to natural hazards. Flooding is the most frequent and gsehsgezard; drought, cyclones

and earthquakes follow.

When looking for data about builip areas, mostly for what mapping at small scale is concerned,
the need is to have freely available data, complete over the globe, at proper resolution and in a
foormat 3dzA GF6fS G2 068 dzaSR Ay | DL{ Sy@ANRBYYSyilyY
information at lower resolution but available with global extent without any gaps rather than
using costly high resolution data. Different projects made available global mhapeewirban

areas were represented: until about fifteen years ago, global land cover datasets were based on
pre-existing maps and atlases compiled from ground surveys, national mapping programs, and
highly generalized biogeographic maps (Matthews 1983; dwilsl. and Hendersofbellers A.
1984). In the 1990'ssmallscale land cover maps were, for the first time, based on land surface
properties observed from remote sensing (Stone et al. 1994; Defries et al. 1995; Hansen et al.
2000; Loveland et al. 2000). Nadays, nearly all global urban maps exploit remotely sensed
imagery, either directly as input data or indirectly using remote sedAsasgd products
(Schneider et al. 2010).

Actually, best resolution to map Urban areas at global level is 300 m (Glob@aier,et al.
2009); best resolution is available when mapping is performed at continental or country level, but
this lead to gap of information: not all areas are covered in the same way and often data are
missing where more necessary, like in developmgntries.

Although high resolution (HR, < 10 meter spatial resolution) and even very high resolution (VHR, <
1 meter) imageries with an almost global coverage are available, no consistent global coverage of
settlements derived from those datasets existhisTis due to the fact that HR and VHR satellite
data are operated on a commercial basis and consequently complete global coverage is costly;
moreover, for some applications like change detection, urban sprawl characterization, urban
vegetation monitoringand (partially) disaster management, the availability of-lmvgt images as

well as expensive fine resolution data sets is equally important, and the lower cost of eoarser
resolution images makes them more appealing for these applications. In the putilic aeneed
emerges to find out possible uses of available sensors for new, interesting characterizations, and
this is the case of urban studies using Landsat multispectral data (Lisini et al. 20053 pctital

data, ranging from 20 meter to 100 metground pixel size, have proven to be very effective in

2
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Introduction

environmental analysis at local to regional scale, particularly in areas where human influence on
the natural environment is heavy, as in the case of urban aneusidn areas, due to the good
compromse between the spatial and spectral details provided (Villa 2012).

The main aim is therefore to develop algorithms for the classification of medasolution data
that can be applied at global level.



Aim of the research

Aim of the research

This research work is performed in the abewentioned framework with the aim of developing
algorithms for the extraction of urban layer by means of medium spatial resolution Landsat data
processing; decision tree is investigated as classification technique to its ability in
establishing which are the most relevant information to be used for the classification process and
its capability of extracting rules that can be later applied to any desired input.

The classifier, that is constitudeby rules tha, once applied to the image, allow to generate the
classification, is created on the basis of a sample that contains classified elements: the algorithm
evaluates which are the most significant attributes in order to separate classes, together with
threshdds that have to be used in order to create rules for the land cover extraction.

The aim of this work is to evaluate which steps to perform in order to obtain a good classification
procedure, mainly focusing on processing that can be applied to image®rarithining set
features.

Therefore, the training set is evaluated on the basis of:

1. Number of classes with wioit is created;
2. Temporal extension;
3. Input attributes;

While images are subject to:

4. Different kind or radiometric prgprocessing;
5. Different postprocessing

For what the different variables examined for the training set generation is concerned, the
following elements are considered:

1. The aim of the classification process is to generate a Urban/Non urban binary mask;
from a theoretical point of viewit could be enough to use a training set with only
Urban and Non Urban elements in order to learn the classifier, taking into account
land cover classes such as residential areas, industrial areas and streets for what
Urban is concerned, and vegetation/totated fields, bare soil and everything else for
what Non urban is concerned. Since very different classes would be joined together,
YEAYyfTe FT2N gKIFGd b2y dz2NblFy Ofl da Aa 02y OSNYyS|
problems in detecting rules. The firsst is therefore aimed at analyzing this task:
taking into consideration different land cover classes, from one side classifiers will be
learned on the basis of two macmdasses of Urban/Non urban, from the other they
will be learned on the basis of albnsidered land cover classes and than rules for the
desired land cover class extracted.

2. Since the aim is to create rules that can later be applied to scenes acquired at
different times and in different locations, it is necessary to consider what are the

4



Aim of the research

most suitable scenes for the training sets extraction. The concept of time is
considered in this second part. From one side there is the need to extract information
about the different land cover classes that is representative of more than one
acquisition,from the other side the aim is to evaluate if the change that necessarily
occours in some land cover class according to the season (e.g. vegetation) and less in
other (e.g. urban) could be a useful element to separate classes and deteetipuilt
areas. Inorder to analyze this task, information from a single image will be extracted

in one case, in the other information will be extracted as a mean over a multitemporal
set.

3. The third test concern input attributes. Spectral information constitutes the first
element to be used in order to characterize the different land cover classes. Other
elements can be considered: indexes were evaluated in this framework. They allow
enhancing some kind of behaviour and are derived from pixel spectral information.
The aim isin this case, to evaluate how to combine indexes and spectral information
Ay 2NRSNJ G2 ONBIGS GKS GNXAYyAy3d aSid 060K
spectral information, only indexes, or both) and to determine which are the most
suitable inders to better separate classes (that is indexes that are, more frequently,
chosen by the algorithm to be part of the classifier).

The second macranalysis is related to the detection of best processing for input data (satellite
images) and for the classifition process output (urban layer).

4, Images need, before being used, to be corrected from some errors that are inherent
to the acquisition process; particularly, the focus is on radiometric errors that
depends upon sensor, system geometry and atmospheffects due to sensor and
system geometry are corrected through a calibration into reflectance (thus allowing a
better comparison between different scenes) while effects due to the presence of
atmosphere have to be removed in order to better compare imageguired in
different moments. Atmospheric correction can be performed with simplified
methods or with rigorous models: the aim is here to evaluate if the application of
more complex preelaborations (thus more timdemanding) is needed in this specific
context in order to enhance classification accuracies.

5. Classification results can be further submitted to ppsicessing in order to reduce
the noise typical induced by pixbased classifiers. This happens when single pixels
are classified differently thathe surrounding area and homogenous regions cannot
be generated: posprocessing can help in reducing this effect. When applying- post
processing with a clustering effect, the Minimum Mapping Unit is increased. In this
framework different posfprocessingwere tested on small areas, then the best one
applied to all images in order to compare classification results with or without post
processing.

The work is performed on medium spatial resolution Landsat ETM+ data; -afteviioned
variables are compared drresults evaluated on the basis of reached accuracies. Data used for
the validation is derived from the Digital Regional Technical Map. The validation mask, generated
from a more refined data (one order of magnitude larger), is a very accurate datauselefor
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validation purpose: the mask itself or the procedure used to obtain it, can be used for further
applications.

Therefore, the thesis is subdivided in the following sections:

Chapter I¢ it aims at providing an overview of builp areas datasetréely and globally available

to be used for mapping purposes; the review is extended also to dataset covering only Europe, in
order to provide examples on how spatial resolution can be improved focusing on a smaller
coverage. A second part is aimed at désng the main phases of a classification process, as well
as providing a review of the available classification methods; lastly, the final part is devoted at
describing which methods were used for the production of the above mentioned datasets,
focusingon the ones derived from remotelsensed imagery.

Chapter 2 analyzes data, methods and software used in the framework of this research. The
classifier, the classification process, the algorithm used for the study together with its main
features are analyzkin the first part; data used for the study, both in input and for the validation
phase, are described later. As far as input data is concerned, the main technical features,
information about the mission, and reasons that led to the choice of this d&tamalyzed; data

used for the validation are instead examined also on the basis of elements that are part of the
dataset itself. In the end, main software used for data analysis and management are briefly
described.

Chapter 3 describes methodology used to examine the above mentioned tasks; all phases are
analyzed in the detail, and a summary of created procedures is also provided. A section is also
devoted to provide detailed information about the study area and dfieased scenes.

Chapter 4, at last, provides results of the performed analysis. They are evaluated both in
gualitative way, in order to evaluate the generated output and to obtain information about-most
common errors of the classification process, bathyuantitative way, using the Confusion Matrix
and accuracy measures derived from it. An overview about rules generated by classifiers that
provided better results is also given.



1 Literary review

1 Literary review

1.1 Introduction

Satellite imageries are considered a key elemenhe framework ® emergency mapping

services, but a great importance is also given to reference data that are essential in order to
provide a base upon which add information about damages caused by the &pdated and
reliable data inventory are desirable in this framework: freely available data, provided at global
level and in a format suitable to be used in a GIS environment is the three main requirements.

This work focuses on a particular thematignatt is builtup areasBuiltup areas can be intended

in two different ways: as a cartographic base layer, where elements are grouped in different
categories and coded, or as a thematism, where the information is linked to the concept of land
cover: elemets are not coded in this case, just build area boundaries are provided.
Cartographic base layers, that contain a huge amount of information, are usually provided with a
fAYAGSR SEGSyaAzyTdzayl NiX-SA ¢ O 20yKiSN | NBADR YowadeizAyt (6 S
extent Since our interest is to have information about the extension of urban areas, and not to
single elements that are in the urban area, and since our aim is to deal with data available at
global level, we will refer to urban with the meaningusban thematism.

The aim of this chapter te provide the state of the art afrban areaglatasetsavailable at global
level (chapter 1.2.1); a ®ction is also devoted to provide an inventory of dataset available at
European leve(chapter1.2.2), in order to point out how spatial resolutiocan be improved
focusing on smaller extenf general overview of the main phases of a classification process and
taxonomyof image classification methods and technigus instead provided in chaptér3.1and
1.3.2 a wide description of how thelescribel methods and techniquesvere used for the
production of the global and continental urban magsrovided irchapter1.3.3
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1.2 Urban areas: inventory of existing dataset

Until about fifteen years ago, global land cover datasets were basegre-existing maps and
atlases compiled from ground surveys, national mapping programs, and highly generalized
biogeographic mapéVatthews 1983; Wilson M. and Hendgen-Sellers A. 1984)n the 1990's,
smallscale land cover maps were, for the first tinbgsed on land surface properties observed
from remote sensingStone et al. 1994; Defries et al. 1995; Hansen et al. 2000; Loveland et al.
2000) Nowadays, nearly all global urban mapsploit remotely sensed imagery, either directly as
input data or indirectly using remote sensibgsed product¢Schneider et al. 2010)

Satellite remote sensing, in fact, made it possible to gather information about not accessible areas
(like mountainous area, foreign @langerous country, etc.), offers wide regional coverage and
good spectral resolution, enables continuous acquisition of data and serves as a large archive of
historical data.

Information about urban areas derived from remote sensing data can be extrattdifferent

scales and with different coverage; usually, datasets available at global level suffer from lack of
detail (ESA provides, with the Globcover dataset at 300 m resolution, the best dataset fapbuilt
areas), while dataset at higher resolutioregrovided at country level or les& wide percentage

of landscapeould not becovered with data at proper scale.

This section provides an overview about datasets of built up areas; only datasets with the
following featuresare considered:

1 freelyavailable
1 globally consistent;
9 in a format suitable to be used in a GIS environment

Why are these features so important?

The importance of having freely available data is easily explained: organizations not always have
to possibility to sustain the cosiecessary for the purchase of commercial data.

The consistency of the data is necessary to be certain not having any gaps, and having all areas
LINE GARSR Ay (GKS alyYS$S 4@ IyR ¢AGK fY2ad GKS
the one providel by OpenStreetMap: a huge amount of data is freely available, and information
such as buildings and land use are provided. This kind of information could be very useful for
emergency mapping purpose, after a preliminary quality check, but the coverage isiform:
example of diferent coverage is provided Figurel and Figure2.
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—

/
Figurel ¢ Example of reference data necessary for the hypothetic production of cartographyeadium-smallscale

(1:350.000¥or emergencymanagement built up areaboundaries and major roads are needed (on the right). Only
two major roads and no information about builtip area is provided by OpenStreetMap (on the left)

Figure2 ¢ Example of area where lot of informatigrprovided by OpenStreetMajgon the left), can be used for the
areas appear in red colour

production of artography atmedium-smallscale (1:250.000) for emergency manageméaon the right) Built-up
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For what the third requirement is concerned, the way information is provided is very important:
AGQa ySOSaal NEvedta forRa&, lorfin rasterioknatvithiuhiquéd afid coded values
that allows easily extracting the thematism. Land cover datasets are a suitable type of
information, while cartography, in a raster format, could be difficult to manage, also if
georeferenced.

The provided inventoryfocus on features such us thesed source data(name and date of the
resource) the dataset content (information that has been extracted from the satellite data), the
dataset type (raster or vectorjhe scale orspatial resolutiorof the final outputand the way to
access the resourggink ftp or download from the website)

The analysis was aimed at collecting information about dataset at global level; it order to provide
examples of how much can the spatial resolution be improfaxlising on smaller extent, a
section was devoted to analyze data available in Europe.

A first data inventory of global land cover datasets was perfortnethe authorin the framework

of a preparatory activity, promoted by the European Commissionyppart to the GMESGlobal
Monitoring for Environmentnitiative. The initiative headed by the European Commission (EC) in
partnership with the European Space Agency (ESA) and the European Environment Agency (EEA),
is an Earth observation programm&med at providing accurate, timely and easily accessible
information to improve the management of the environment, understand and mitigate the
effects of climate change and ensure civil security
(http://www .esa.int/Our_Activities/Observing_the_Earth/GMES The preparatory  activity
performed in this frameworkdlmplementation of an initial GMES service for geospatial reference
data access covering areas outside Eurgpe2 {, was &imed atealizng a geosptial reference
data access through the following phasédata gathering activities, definition of protocol for
data quality checking, transformation of data into formats suitable for storagd their
distribution. A part of the performed inventory available in the Task 10 of the project delivery
(Boccardo et al. 2012)vasextracted andextended in thighesisin order to include also dataset
specific for Urban thematism and iaclude datasetsat higher spatial resolution: Europe was
chosen as test site.

Therefore, the description of existing wotikksubdivided the following subections:

1 Global urban mapé&hapterl.2.1);
1 Datasets of urban areas availalleEuropeat continental leve(chapterl.2.2).

10



1 Literary review

1.2.1 Global Urban Maps

In this section, the inventory performed in the framework of the GMES project (paradr@ph
adapted and extended according to our needs, is provided; information about urban maps
available at global level is summarizedTiable1; Figure3 represents the correlation between
spatial resolution and reference data of global urban maps.

Datasgts of urban areas are usually provided at a global level as part of more complex databases
that include not only this feature, but, generically, all information concerning land cover; only a

few dataset are specific for the urban thematism. In land caaasets, urban can béefined

differently according to the adopted Classification System: for example, in the Land Cover
Classification Scheme (LCDBGregorio and Jansen 20Q&oposed by FAO, urban is defined as

G! NNATFAQAzZNF I 0Sa FyR | aaz2 OA kclasSIRernatindgl Gedspherd O O 2 N.
Biosphere Programme€lassification (IGBRoveland and Belward 199K)a Y Sy A2y SR | &
and BuiltdzLJE = ¢ K A f-@assAUyfivesify oBManyland classification (UMP{ansen et al.

2000, in thel0-class system used by the MODIS LAI/FPAR algoffiftymeni et al. 2002; Lotsch

et al. 2003) in the 8-Biome classification proposed BRunning et al(1995)andin the 12-Class

plant functional type classificatiodescribed by(Bonan et al. 2002)it is simplymentioned as

GQdzND | ye o

Between selected global ualm mapsone is a multthematic database that includes information

about population and buittip areas(VMap0) six are general muklilass land cover maps that

include an urban class (AVHHR Global Land Cover Classification, GLCC, GLC2000, GLCNMC
MCD12Q1 GlobCover 2009) whilevo are binary (presence/absence) maps devoted entirely to

urban land: MOD50@andthe Dynamics of Global Urban Expansion. Among these, The Dynamics

of Global UrbarExpansion containgaps only for 120 cities in the globe with more than 100.000
inhabitants

LdQa A t6Indenhdn lotked two projects devoted tehe creation of global maps of urban
settlements: the Global Human Settlement Lag@HSL), performed by the Joint Research Centre
(JRC) of the European Commission, and the Global Urban Footprint (GUF) of the German
Aerospace Center (DLR). Since they areantially complete or are only in a preliminary phase,
they have been describedibnot mentioned in the following tables.

Spatial

resolution
1km AVHHR GLCC GLC2000 GLCNMO

T

500m MCD12Q1

_

.

A

1980 1990 2010 2012

Reference date

Figure3 - Rgoresentation of existing global urban maps with reference to scale (or spatial resolution) and reference
date
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Source data Scale or
Dataset Dataset : . .
Product name Producer (name and date of spatial Access instruction
content type .
the resource) resolution
Version 5 of VMap'
is based on the
newest editions of
the 1:1,000,000
Vector Map Navigation Cnart
Level O NGA pubﬁshe d by the Urban areas vector 1:1.000.000 http://www.mapability.com/info/vmap0_index.html
(VMap0) United States
National Imagery
and Mapping
Agencyon
September 30, 200
AVHHR Globa University of AVHRR imageries 1° ftp.glcf.umiacs.umd.edu/data/landcover/data.shtm
Land Cover Maryland acquired between land cover  raster 8 km
e Department of 9 http://glcf.umiacs.umd.edu/data/landcover/data.sh
Classification 1981 and 1994 1 km
Geography (UMD mi
Global Land AVHRR imageries
Cover acquired between
Characterizatio USGS, UNL, EC . q land cover  raster 1km http://edc 2.usgs.gov/glcc/glcc.php
n database April 1992 through

(GLCC) March 1993




Source data Scale or

Product name Producer (name and date of Dataset Dataset spatial Access instruction
content type .
the resource) resolution
GLC 2000 makes
use of the VEGA
GVM Unitg JRC (ir 2000 dataset: a
collaboration with dataset of 14
Global Land over 30 research  months of pre s .
Cover 2000 DE teams around the  processed daily  land cover  raster 1km hitp://bioval .Jrc.ec.eulz(():?:.e# products/glc2000/pro
(GLC 2000) world including global data acquire: Php
FAO, UNEP/GRII by the VEGETATIC
and CIESIN) instrument on
board the SPOT 4
satellite
Global Land Japan GSI (projec
Cover by coordination);
National National Mapping
Mapping Organizations MODIS data 30 aresec ) .
A S : land cover raster (about 1 km http://www .iscgm.org/gmd/
Organizations  participating in observed in 2003 at equator)
(GLCNMO)  Global Mapping q
- part of Global  project (data
Map - production)
A full year of
: REVERB:
MODIS Land : . composness-day http://reverb.echo.nasa.gov/reverb/
Cover Type University of  MODIS observatior
land cover  raster 500 m
Product Boston (from 2001 to 2010 DATA POOL:
(MCD12Q1) one product every ’

year) https://Ipdaac.usgs.gov/get_data/data_pool




Source data Scale or
Dataset Dataset : . .
Product name Producer (name and date of spatial Access instruction
content type .
the resource) resolution
MODIS Urban U_nlvers!ty of MODIS 500 m . _ _
Land Cover  Wisconsirand . http://sage.wisc.edu/peopleldchneidefresearch/da
: .. satellite data (2001 urban areas raster 500 m
500m Boston University 2002) ta.html
(MOD500) (USNASA)
GlobCovers an
ESA initiative MERIS fine
which beganin  resolution mode
Globcover 2005 in data acquired P . o
2009 partnership with  between January land cover raster 300 m http://ionia 1.esrin.esa.int/index.asp
JRC, EEA, FAO 2009 and Decembe
UNEP, GOFGOLL 2009
and IGBP
This research wa:
Sippzoﬁlid %y the urban areas
TheDynamics Urban Landsat TM (only for 120
of Global (circa 1990) cities with http://clear.uconn.edu/projects/Urban_Growth/data
Development . raster 30m
Urban Division and b Landsat ETM+ (circ more than htm
Expansion and by 2000) 100000
the National . :
. inhabitants)
Science
Foundation

Tablel ¢ Freely available than mapsactually distributedat global level
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VMap0

TheVector Map Level WMap0) databasés an upto-date and improved version of the NIM&\
(National Imagery and Mapping Agendyigital Chart of the Worldhat provides worldwide
coverage of vectogeospatial data which can be viewed at.D00.000scale.The primary source

for the database ishe 1:1.000.000scale Operational Navigation Chart (ONC) serigsraduced

by the military mapping authorities of Australia, Canada, United Kingdom, and the United. States
The database contains data orgaed into 10 themesBoundaries, Data quality, Efation,
Hydrography, Industry, Physiography, Population, Transportation, Ultilities and Veggtation
information about urban areas is included in the class Population. VmapO is the earliest global
map that includesinurban class.

Urban areasre detectedas builtup areas in the Population theme.

AVHHR Global Land Cover Classification

The first global land cover map compiled from remote sensing, AVHHR Global Land Cover
Classification, was generatelaly The University of Maryland, partment of Geography, in 1998;

it made use of the best remote sensing data available at that time for global land cover
applications. It was generated at 1° spatial resoluiipeFries and Townshend 199#3tly, then

at 8 km resolutionDefries et al. 1998)and lastly at 1 km resolutiofHansen et al. 2000Data

were acquired fromthe AVHRRatellitesbetween1981 and 1994

Urban areas are detected onlytnem] ¥ @GSNBRA2Y | YR A RS ydal8sF AR I das
13).

Global Land Cov&haracteristic®ataBase (GLQ

Developed by he U.S. Geological Survey (USGS), the University of Nelhiaskin (UNL), and

the Eurgpean Commission's Joint Research Centre (JBRCOJC was developed on a continbyt
continent basisusing AVHHR NDVI composites covering 11983 (Loveland et al. 2000) All
continental databases share the same map projections (Interrupted Goode Homolosine and
Lambert Azimuthal Equal Area), have 1 km nominal spatial resolution, and are based on 1 km
AVHRR data spanning April 1992 through March 199&s released in 1997.

Thedatabase is provided with different classification leger@mbal EcosystemsGBR Biosphere
Atmosphere Transfer Scheme, Simple Biosphere Model Scheme, Simple Biosphere 2 BiG8el, U
[FYR !'aSk[lIYR [/ 2@SN) {OKSYSOT dzNBlFy FNBIF& | N
902aeaitSyas GdzLbsb Fo/DIHydRS Y. dwhof Ol uityizLIL D F Yy Ré a 0 NBIRY Y
USGS Il Use/Land Cover Scheme.
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Global Land Cover Databa?@00(GLC 2000)

Produced by the GVM (Global Vegetation Monitoring) Unit of the JRC in collaboration with over
30 research teams from around the world with the ainptovide for the year 2000 a harmonized

land cover database over the whole globe, GLCZB8@Btholomé and Belward 2008popts a so
called bottomup approach: 19 Regional Land Cover datasets have been produced by regional
experts andthen harmonizedinto a full resolution global productln order to guarantee
consistency all partners used the global Land Cover Classificgtstem (LCCS) providey FAO.
LCCS describes land cover according to a hierarchical series of classifiatgilamtgs. Coding

each class with LCCS allows the map producer to create a regional legend, composed of individual
classifiers, which hierarchically map into the more general global legend. The global scale
GLC2000 legend documents 22 land cover typesedsethe more detailed regional legends vary
between 5 and 44 classes

~ A oA X 4oA X

Urbanareasar® SG SOGSR a a! NOAFAOALIE adzNFIF OSa |yR |
a resolution of 1km. The last release of the global version is dated Ja20@4y whle regional
versions can be more updated.

Global Land Cover by National Mapping Organizations (GLENs®of Global Map

Proposed bythe Ministry of Construction of Japan in 193®ordinated byGeographical Survey
Institute of Japan (GSA)Nd produced by the National Mapping Organizations (NpEDjicipating

in the Global Mapping projecGlobal Mags a 1:1000.000 scale framework dataset of the world.

It consistsof vector and raster layers of transport, administrative boundaries, dggnelevation,
vegetation, land use and land cover data.

In Global Map, land cover layer is provided by the Global Land Cover by National Mapping
Organizations (GLCNNI@ataset a data of 1km grid with 20 land cover iterisatawere created

by ushg MODISlata observed in 2003.

The classification is based on LCCS developed by FAO. Therefore, it is possible to compare and
integrate GMLNMO and other land cover data products based on LIEG®. areas are identified
with value: 18.

MODIS Land Cover Typeduct (MCD12Q1)

With the launch, on Decembd999, of Terrasatellite that carried on the MODerate resolution
Imaging Spectroradiometer (MODIS) sens#iowas possible to have an improved basis for
monitoring and mapping global land cover. MODIS land rcpuwaducts were thereby generated
firstly at 1 km resolutionFriedl et al. 2002)and later improved; the last version (Version 5),
developed from theMODIS Land Cover group, Department of Geography and Envirorahent
Boston Universityhas an increased spatial resolution of 500 m. A lower spatialutés climate
modelinggrid (MCD12C1) is produced at 0.05° resolution for user who do not require the spatial
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1 Literary review

detail afforded by the 500m land cover product. MCD12Q1 is provided at annual time steps for
2001¢ 2007 in Version 5, and for 20Q2010 inVersion 5.1Friedl| et al. 2010)

It contains multiple classification schemes : IGRBvWeland and Belward, 1997)MD from the
University of Maryland (Hanseet al., 2000), MODIS LAI/FPAR scheme (Myneanl.etl997;
Lotsch et al, 2001)the MODISderived Net Primary Production (NPP) scleenproposed by
Running et al. (1995) and thelant Functional yipe (PFT) schemedescribed by Bonan et al.
(2002).

MODIS Urban Land Cover 50gMOD500)

The MODIS 50 global map of urban exter{Schneider et al. 2009; Schneider et al. 2048%
produced byAnnemarie Schneidext the University of WisconsiMadison, in partnership with
Mark Frigl at Boston Univeristy and tHdODIS Land Grouplhe goal of this project was
generate a current, consistent, and seamless circa ZDWR map of urban, buitp and settled

F NBFa F2N i Kfhce. grhiddbik Budlds 6nl-pgeRousintzpping efforts using Moderate
Resolution Imaging Spectroradiometer (MODIS) data-lan Ispatial resolutio(Schneider et al.
2003) which was included as part of the MODIS Collection 4 Global Land Cover Proddtet

al. 2002; FriedI et al. 2010)

RSTAYSR | OO2NRAY3 (2 (GKS LD.
MO @

¢KS Oflaas I NB
a gAd R

O02RS

7?9.)(

t a
€ A

Globcover 2009

Began in 2005 as an ESA initiativpartnership with JRC, EEA, FAO, UNEP,-GOED and IGBP

the GlobCover projecfArino et al. 2007has developed a service capable of delivering global
composites and land cover maps using as inphgervations from the 30 MERIS sensor on
boardthe ENVISAT satellite. Delivered for the first time in 2008 (Globcover 2005) as the very first
300 m global land cover map, it has been updated in 2010 with the time series of MERIS FR 2009
mosaicgArino et al. 2009)

The land covemap counts 22 land cover classes defined with the Uritatons LCCSAtrtificial
surfaces and associated areas (urban areas >&88@oded with the value: 190.

TheDynamics of Global Urban Expansion

The Dynamics of Global Urban Expansionstudy, commissioned by the World Bank, with the
aim of examining how cities expandewkloping country cities should be making realistic yet
minimal plans for urban expansion, designating adequate areas for accommodating the projected
expansion, investingvisely in basic trunk infrastructure to serve this expansion, and protecting
sensitive land from incursion by new urban development the framework of this study, an
universe of 3943 cities with population in excess of .00 was definedand stratifiedglobal
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sample of 120 cities from this univerg@dngel et al. 2005yvas drawn The 120 citiesvere

identified from remote sensing data acquired in two different periods: circa 1990 and circa 2000.

Datawere acquired from Landsat TM in the first case and Landsat ETM+ in the second case.

lfa2 AT GKAA 62N)] R2Say QiipatehPiigdqiraly mentiodedl gicd & G Sy 4 € |
it can be useful for some applications and also because it deals witfenma at higher resolution

than the previous mentioned works.

Global Human Settlement Layer (GHSL)

Performed by the Joint Research System (JRC) of the European Commissieleasetiior the

first time in November 2012, the Global Human Settlemengetds the first ever compiled

dataset of human settlement containing globatignsistent physical measurements describing

Kdzyly aSaiaftSySyida G RAFFSNByid aolfsSasz 3ISYySNI GSR
with three nominal referencecales 1:10.000 (local), 1:50.000 (regional) and 1:500.000 (global).

It makes use of muhiesolution, multiplatform and multisensor image data: 75m ENVISRFAR

data, 30m Landsat TM, 2.5 m SPOT till te@&GeoEye and Worldview data. The first version of

the public GHSL platform is only experimental and is delivering a small subset of the information

layers currently under test in the internal GHSL platform prototypee public GHSL can be

accessed usin@ web interface (http://ghslsys.jrc.ec.europa.eu/gwept.php but it can be

requested access to th&/MS serviceC dz(i dzZNE @SNERA2ya oAttt Fff26 | WLIN
interested users may process their satellite or airborne data to derive the GHSL information layers

of their data.

Global Urban FootprifiGUF)

The German Aerospace Center (DLR) is developing the Urban Footprint Processor (UFP) in order

to generate a global binary map of human settlements of the year 2011 and -26&2Global

Urban Footprint (GUF). It will exploit the TanDEMTerraSAR add-on for Digital Elevation

Measurementdé YA aaAzy GKIFG | OljdzZANBR Gg2 O2YLIX SGS O023SNY
2011 and 201ZFelbier et al. 2012)

The final prodat will be made available as a public domain product and will therefore have a

resolution of 3arc secongdwhich corresponds to a resolution of about 75 m.

1.2.2 Urban maps available at continental level : the case of Europe

The outcomes of th@erformed inventorystate that the best resolution available for dataset of
urban areascurrently completed and releasedt global levelis 300 m (GlobcoverArino et al.
2007) layers of urban areas at higher resolution are provided with smaller geographic extent.
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In this section an overview about dataset available at European iepebvided informationis
summarized iffable2. C2 Odza Ay 3 2y aYlff SN SEGSyidz AlGQa Lk
spatial resolution.

Between selected Eur@an urban mapsthree are general multclass land cover maps that
include an urlan clasgGldCorine, CLGNd UrbanAtlas), while one, the High Resolution Soil
Sealing Layer, characterize urban land as a continuariable: the fraction of impervious surface.
One of thethree multiclass land cover mapkirban Atlasprovidesinformation only oncities
with more than 100.000 inhabitants

GlobCorine

The GlobCorine project builds on the GlobCover findings and aims to make the full use of the
MERIS time series for frequent land cover monitoring at theparopean scal€lhis étasetwill

not be as precisely as th€orine Land Cover (CLC), described laterwilisignificantly shorten

the time response and expand the coverag@e main source FERIS 300m Full Resolution Full

Swath (FRS) composites as produced and deliveyatido GlobCover processing amngacquired

between Januargnd December 2009)

The legend assiated with the GlobCorine 200%entical © the GlobCorine 2005 onayas

defined to be as compatible as possible with the CLC aggregated typology and witBGi%e L
systemd@ ! NBFYy YR |3a20AFGSR I NBlFaé¢ FNBFa FNB ARS

Corine Land Covand High Resolution Soil Sealing layer

. 2NY G 9 dzNP LIS ghtheing @&fdinatingF ahdensuring the consistency of
information on the state of theenvironment and natzNJ f NB & 2 dzZNO S & (Offigial 0 KS  /
Journal L 16, 6.7.1985), the first realization of the project date back at 1990 (CLC90); it has been
FdzZNI KSNJ dzLJRF GSR AY wHnnn GKNRdAAK (KS LINEP@BSOG a
GAGKAY GKGFHAYFAGNI OPSSSHBAOS 2y [FyYR a2yAl2NR
Environment and Security (GMES) Program.

Among services that have beegalizedthrough CLC2006, there are:
- Corine land cover mapping 2006

- Corineland cover change mapping 2QD0G

- Built-up areas including degree of soil sealing, 2006

Imageriesprovided by SPGZ and IRS P6 satellites acquired in 2006 X+/ear have been
employed for the production of this dataset; they hawvespectively pixel size of 20 (muki
spectral) and 10 meterpénchromati¢ in case of SPOT and pixel size of 23 meters in case of IRS
P6 satellite. They have been resampled to 20 m and the output provided in vector format with a
nominal scale of 1:100.000. Output is@lprovided in raster format resampled to 100 m or 250

m.
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The standard CLC nomenclature includes 44 land cover cld$s=e are grouped in a thrdevel
hierarchy, with 44 classes at third level, 15 at second and 5 at first [Evelfive main (levaine)
categories are: 1) artificial surfaces, 2) agricultural areas, 3) forests anehaamal areas, 4)
wetlands, and 5) water bodies

Information about urban areass therefore available within this layer with increasing level of
detail.

In the framewok of the same program it has been commissioned the production biig
resolution soil sealing layeobtained from the samémageriesacquired for CLC2006, it provides
information about the sealing degree of builp areas (ranging from 0 to 100%).

Urban Atlas

The European Urban Atlas is part of the local component of the GMES land monitoring services
one of the serviceplannedin the framework ofGMES0 manage and protect the environment

and natural resource, and ensure civil securityprovideshigh-resolution land use maps for 305
Large Urban Zones and their surroundings (more than 100.000 inhabitants as defined by the
Urban Audit) for the reference year 20@6scale 1:10.000.

Urban is detected and subdivided in 5 levels according the denkhyitalings, other classes have
been created for certainategories such as industrial, commercial or sports and leisure facilities.
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Source data

Scale or

Product Producer (name and dateof the Dataset Dataset spatial Access instruction
name content type .
resource) resolution
MERIS 300m Full
Resolution Full Swatt
Launched by ESA in a joint (FRS) composites as
initiative with EEA and produced and
GlobCorine : . o delivered by the land cover  raster 300 m http://ionial.esrin.esa.int/globcorine/
implemented by Université .
. . GlobCover processin
Catholique de Louvain. ) )
chain (acquired
between January 200
and December 2009)
. Data are distributed from EEA at:
For the last version
o . (2006): , .
Corine Land The project is coordinated, at SPOT HRVIR at 10/2 vector 1:100K http://www.eea.europa.eu/dataand
European level, by the Europe: : (100 mor maps/data
Cover S m resolution and/or land cover or
Commission and the Europea 250 m for
(CLC) IRS P6 LISS Il at 23 raster .
rater format) in vector or raster format (at 100 m o

Environment Agency . L
resolution acquired in

2006 ++1 year

250 m resolution) in country files or a
a unique layer




Source data Scale or
Product Dataset Dataset . . .
Producer (name and dateof the spatial Access instruction
name content type .
resource) resolution
Commissioned in the framewor
of GMES Fast Track Service ¢ Raster version at 100 m resolution i
Land Monitoring Programme distributed from EEA at:
High from_EEA, realized from an SPO# HR_VIR at 10/2 http://www.eea.europa.eu/dataand
resolution International Team composed t m resolution and/or degree of maps/data
Soil Sealing Infoterra meH (C_Eermany), IRS PQ LISS III_ at 2_3 imperviousness raster 20 m-100 m _ S
Layer Planet_ek Italia, Metrla (Sweden resolution acquired in Version at 20 m resolution is visible &
Geoville (Austria), GISAT (Cze 2006 ++1 year http://www.eea.europa.eu/dataand
republic) e Tragsatec (Spain) a maps/exploreinteractive
validated from single Member maps/europearsoilsealingv2
States
Earth Observation (EC
data acquired betweet
Itis a joint initiative of the EDG  2005and2007 with
for Regional Policy and the@D 2.5 m spatial land use/ land
for Enterprise and Industry witt resolution cover
Urban Atlas the support ofESAand theEEA  multispectral or pan  (only for cities vector 1-10K http://www.eea.europa.eu/dataand

The Urban Atlas was executed sharpened
the French company Systeme (multispectral merged
RQLY T2 NXNI (A 2y with panchromatic)
Spatiale (SIRS). data. Multispectral
data includes near
infrared band.

with more than

maps/data/urbanatlas
100000
inhabitants)

Table2 ¢ Freely available tbhan mapsdistributed at European level
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1.3 Image classification methods and techniques

Basically classificationcan bedefined as the ordering of entities into groups or classes on the
basis of their similarity. This means that a set of entities is arranged into groups, so that each
group is as different as possible from all other group, but internally as homogeneoussible
(Bailey 1994)In remote sensing, the classification process brings to the creation of a thematic
map, where each pixel is associated with semantic information related to a specific theme, class
or category.

dassifying remotely sensed data into a thematiap remains a challenge becausé many
factors, such as the complexity of the landscape in a study Hreaelection of remotely sensed
dataand imageprocessilg and classification approachesay affect the success of a classification
(Lu and Weng 2007)

The major steps that may be involved in image classificaiomdescribed in sectiod.3.1, an
overview aboutmajor classification methods provided in sectiorl.3.2, while section1.3.3
describes the classification approaches used by the urban maps describedtionsl1.2.1 and
1.2.2

1.3.1 Remote sensing classification process

Remotesensing classificatioprocess starts from the analysis of the observed grounafder to
produce a thematic map. This process can be performed from the interpreter through visual
interpretation or by means of automatic classification that reduce the subjectivity of the
interpreter.

In this casethe interpretation process may occim different ways, but the major stepare the
following(Lu and Weng 2007)

Determination of asuitable classification system;

Selection of training samples;

Image preprocessing;

Feature extraction;

Slection of suiable classification approaches;

Post-classification processing

Accuracy assessment.

=4 =4 4 -4 —a A -2

A suitible classification systerand a sufficient number of training samples are prerequisites for a
successful classificatios classification system determine the system used in order to classify
things; when planning a project involving remotely sensed data,very important that sufficient

effort be given to the classification scheme to be used. In many instances, this scheme is an
existing one; in other cases, the classification scheme is dictated by the objectives of the project.
A few simple guidelire should be followed. First of all, any classification scheme should be
mutually exclusive and totally exhaustive. In other words, any area to be classified should fall into
one and only one category or class. In addition, every area should be incluthedcdlassification.
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Finally, if possible, it is very advantageous to use a classification scheme that is hierarchical in
nature. If such a scheme is used, certain categories within the classification scheme can be
collapsed to form more general categorigongalton 1991)

A sufficient number of training samples and their representativeness are critical for image
classificationgHubertMoy et al. 2001; Chen and Stow 2002; Landgrebe 2003; Mather .2004)
Training samples are usually collected from fieldwork, or from fine spegmdlution aerial
photographs and satellite images. When the landscape of a study area is complex and
heterogeneous, selecting sufficient training samples becomes difficult. This problem would be
complicated if medium or coarse spatial resolution data ased for classification, because a
large volume of mixed pixels may occur. Therefore, selection of training samples must consider
the spatial resolution of the remotsensing data being used, availability of ground reference
data, and the complexity of la@iscapes in the study area.

Image pre-processingmay include the detection and restoration of bad lines, geometric
rectification or image registration, ddometric calibration and atnmspheric correction and
topographic correction. écurate geometric rectitation or image registration of remotely sensed
data is a prerequisite for a combination of different sour@adin a classification process, while
atmospheric correction is mandatory when multitemporal or multisensor data are used.

Selecting suitable veblesis a critical step for successfully implementing an image classification.
Many potential variables may be used in image classification, including spectral signatures,
vegetation indices, transformed images, textural or contextual information, teaiforal
images, multisesor images, and ancillary data, bthe use of too many variables in a
classification procedure may decrease classification accraayhes 1968; Price et al. 200ahd

is thereforeimportant to select only the variables that are most useful for separating-taver

or vegetation classes, especially when hyperspectral or multisource datarqieyed

The classification methoghould be selected taking into account maiagtors such as spatial
resolution of the remotely sensed data, different sources of data, a classification system and
availability of classification software. Different classification results may be obtained depending
on the classifier chosen; a detail summatian of major classification methods is provided in
section1.3.2

Postclassification processirig an important step in improving the quality dassificationgHarris

& Ventura 1995; Murai & Omatu 1997; Stefanov ef801; Lu & Weng 20040sually, a majority

filter is applied to reduce the noise that come out from traditional-pék ESt Of I aaAFTASNI 6 4
LIS LILIS NE  addilansdatéace usedNd modify the classification image based on established

expert rdes (For example,data describing terrain characteristics can be used to modify

classification resultsof forest distribution, or population density daté#o correct some

classification confusions between commercial and firgbnsity residential areasn classification

of urban areas).

Evaluation of classification resulis an important process in the classification procedure.
Different approaches may be employed, ranging from a qualitative evaluation based on expert
knowledge to a quantitative accura@ssessment based on sampling strategi€sree basic
components are included in a classification accuracy assessment: sampling design, response
design and analysis procedures.
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The error matrix is one of the most widely used approach in accuracy assesssftent;
generation of an error matrix, other important accuracy assessment elements, such as overall
accuracy, omission error, commission error, and kappa coefficient, can be de#filethese
components are widelgescriptin section3.2.8

1.3.2 Image classificat ion approaches

Classification methods can be grouped differently according to the considered criteria; this
section aims at providing firstoverview ofimage classification methodsibdivided according to

the selected criteriaFor more information about each method, reference bibliography should be
consulted(Brivio et al. 2006; Gomarasca 2008% mentioned irLu & Weng 2007classifiers can

be grouped as:

supervised or unsupervised
parametric or non parametrjc
hard and soft (fuzzy)
per-pixel orsub pixel
objected-oriented orper- field;
spectral, contextual or both.

= =4 4 4 -8 -8

Supervised/Unsupervised

Classification can be supervised or unsupervised whether training samples are used or not. In a
supervised approach classes are previously defined and a certain numpielsfis selecte as
representative for each class attikn used to train the classifién orderto classify the spectral

data into a thematic mapthe classification method depend on the knowledge of the ground
truth. Maximum Likelihood, Minimum Distance, Decision Trgtansen et al. 1996; Friedl & C.
Brodley 1997; Defries et al. 1998; Friedl et al. 1999; Defries & Chan 2000; Pal & Mather 2003;
Lawrence et al. 2004re example of supervised classifiers

Unsupervised classification approach makes use of clugtbesed algorithms that are used to
partition the spectral image into a number of spectral classes based on the statistical information
inherent in the image. Spectral classes are then merged and labelled by the analyst. ISODATA and
K-means clustering algithms are unsupervised classifiers.

Parametric/Non parametric

Classifiers can be either parametric or Amarametric whether parameters (such as mean,
standard deviation, etc.) are used or not. Parametric classifiers are based on distribution model
(e.g. Gaussian) defined by geomestatistical parameters that argenerated from training
samples. Maximum Likelihood, Minimum Distance, Parallelepiped are example of parametric
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classifiers. InnothJ- N YSGOGNR O Of F 8aATFTASNI y2 FaaddzyYLliAzy
statistical parameters to calculate class seion. Artificial neural network, Decision Tree
classifier and Support Vector machine are good example.

Per pixel/Sub pixel

Classifies are divided in pepixel and sukpixel according to which kind of pixel information is
used.Traditional pepixel clasifiers typically develop a signature by combining the spectra of all
training-set pixels for a given feature. The resulting signature contains the contributions of all
materials present in the training pixels, but ignores the impact of the mixed pMelst of the
classifiers own at this category. To overcome this problaub, pixel classification approaches
have been developed to provide a more appropriate representation and accurate area estimation
of land covers than pepixel approaches, especiallyhen coarse spatial resolution data are used
(Foody & Cox 1994; Binaghi et 8899; Ricotta & Avena 1999; Woodcock & Gopal 200@
spectral value of each pixel is assumed to be a linear oflinear combination of defined pure
materials (or endmembers), providing proportional membership of each pigeleach
endmember.The fuezyset technique(Foody 1996; Maselli et al. 1996; Mannan et al. 1998; Zhang
& Kirby 1999; Shalan et al. 20G8)d spectral mixture analysis (SMA) classificagfams et al.
1995; Roberts et al. 1998; Rashet al. 2001; lLet al. 2003) are the most popular approaches
used to overcome the mixed pixel problem.

Hard/soft

Classifier can be either hard or soft (fuzzy) whether the output is a definitive decision about land
cover class or not. Hard classifier are based on the hypothesis that all pixel in the image have pure
spectralcharacteristics, that every pixel belong jttst one class, and that all land cover classes
have constant spectral signaturéBrivio et al. 2006)Soft classifiers, instead, provide for each
pixel a measure of # degree if similarity for every class. They provigere information and,
potentially, a more accurate result especially for coarse spatial resolution data. Classifiers that
provide this information are Fuzagt classifierand Spectral Mixture Analysis.

Object oriented/Pefield

Classifier can be either Objeatiented or Peiffield according to which kind of pixel information is
used. In objecbriented the classification is conducted based on object, instead of an individual
pixel, and object ar@btained from processing such as Image Segmentation. No GIS vector data
are used. In Péelield classifiers, vector or raster data are integrated in the classification; for
example, vector data can be used to subdivide an image into parcels, and clasgificftased on
parcels.
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Spectral/Contextual

Depending on whether spatial information is used or not, classifier can be defined as spectral,
contextual, or spectratontextual; in spectral classifiers pure spectral information is used, while
contextual chssification exploits spatial information among neighbouring pixels to improve
classification result@-lygare 1997; Stuckensadt 2000; HuberMoy et al. 2001; Magnussen et al.
2004) A contextual classifier may use smoothing techniques, Markov random fields, spatial
statistics, fuzzy logic, segmentation, or neural netwdBsaghi et al. 1997; Cortijo and De La
Blanca 1998; Kartikeyan et al. 1998; Keuchel et al. 2003; Magnusskr2@04) In general, pre
smoothing classifiers incorporate contextual information as additional bands, and a classification
is then conducted using normal spectral classifiers, while -posiothing classification is
conducted on classified images prawsly developed using spectiadsed classifiers. The Markov
random fieldbased contextual classifiers, such as iterated conditional modes, are the most
frequently used approaches in contextual classificati@ortijio and De La Blanca 1998;
Magnusse et al. 2004)and have proven to be effective in improving classification results

In order to improve classification accuracy, different characteristics of remote sensing data have
been taken into consideration and employed in image classificatioparticular, use of spatial
information, integration of different sensor data, use of mtétmporal data, data transformation
techniques and use of GIS have been taken into consideration and will be described.

Use of spatial information

Spatial resollt 2y RSUOSNX¥YAYySa GKS fS@St 2F aLlaAarft RS
surface.Fine spatial resolution datgreatly reduce the mixegixel problem, providing a greater
potential to extract much mi@ detailed information on lanadover structures tan medium or
coarse spatial resolution data. However, some new problems associated with fine spatial
resolution image data emergéhe high spectral variation within the same laodver classs one

of the major disadvantagedn order to make full use dhe rich spatial information inherent in

fine spatial resolution data, it is necessary to minimize the negative impact of high intraspectral
variation. Exploiting the spatial informationpformation important for the uderstanding of an
image is not repreented in single pixels but in meaningful image objects and their mutual
relations (Blaschke et al. 2000%patial information may be used in different ways, such as in
contextuatbased or objecbriented classification approaches, or classifications with textures.
Many texture feature extractiormethods exist.Tuceryan and Jai(l993 identify four major
categories of teture feature analysis methods:) Istatistical (such as those based on the
computation of the GraylLevel CeOccurrence matrix, GLCMR) geometical (including
structural), 3 modelbased, such as Markov ramah fields (MRF), and)&ignal processing (such

as Gabor filters)GLCMs one of the most popular methods fextracting textural feature from
images
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Integration of different sensalata

Images from different sensors contain distinctive features. Data fusion or integration of multi
sensor or multresolution data takes advantage of the strengths of distinct image data for
improvement of visual interpretation and quantitative anas/sbata fusion involves two major
procedures: (1) geometrical aegistration of two datasets and (2) mixture of spectral and spatial
information contents to generate a new dataset that contains the enhanced information from
both datasets. Accurate registion between the two datasets is extremely important for
precisely extracting information contents from both datasets, especially for line features, such as
roads and rivers. Radiometric and atmaospheric calibrations are also needed beforesemslibir

data are merged.

Fused images may provide increased interpretation capabilities and more reliable results since
data with dfferent characteristics are combined. The images vary in spectral, spatial and temporal
resolution and therefore give a more completew of the observed objects.

Many methods have been developed to integrate spectral and spatial informatigrevious
literature. In general, the techniques can be grouped into two classes: (1) Colour related
techniques, and (2) Statistical/numerical theds (Pohl and Van Genderen 1998)

The filst comprises the colour composition of three image channels in the RGB colour space as
well as more sophisticated colour transformations, digSand HSV

Statistical approaches are developed on the basishainnel statistics including correlaticand

filters. Techniques likBrincipal Component Analy$iBCA andRegressiolbelong to this group.

The numerical methods follow arithmetic operations such as imafferdihcing and ratios but

also adding of a chaml to other image bands. A sophisticated numerical approach uses
Waveletsmerging techniques

Use of multtemporal data

The use of different seasons of remotely sensed data has proven useful foovimg
classification accuracy; multitemporal data damuseful in classification in order to correct cloud
cover, to enhance different behaviour of objects according to the season, to assess change
detection and for monitoring issues.

Data transformation techniques

A large number of spectral bands providee potential to derive detailed information on the
nature and properties of different surface materials on the ground, but the bands also create
difficulty in image processing and high data redundancy due to high correlation in the adjacent
bands. An inease in spectral bands may improve classification accuracy, but only when those
bands are useful in discriminating the clas¢€senkabail et al. 2004%everal techniques have
been ckveloped to transform the data from highly correlated bands into a dataset. Vegetation
indices, principal component analysis, tasselled cap, and minimum noise fraction, are among the
most commonly used oneetter et al. 2000; Wu and Linders 200@Javelet transform and
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spectral mixture analysis have also been used in recent \&aiserts et al. 1998; Rashed et al.
2001; Lu and Weng 2004)

Use ofancillary data

Ancillary data, such as topography, soil, roand census data, may be combined with remotely
sensed data to improve classification performanEer exampletopographic data are valuable

for improvingland-cover classification accuracy, especially in mountainous regions (Janssen et al.
1990, Meyer etal. 1993, Franklin et al. 1994and DEMderived variables may be used in the
imagepre-processingstage for topographic correction or normalization so the impact of terrain
on landcover reflectance can be removédeillet et al. 1982; S. 1996; R. 1997; Gu and Gillespie
1998; Dymond and Shepherd 1999; Taket al. 2001)

Moreover, diata related to human systems such as population distribution and road density are
frequently incorporated in urban classificatiof\s. 1998; Epstein et al. 2002; Zhang et al. 2002)
GIS plays a criticallein handling multisource data, because it helps to mamagkisource data,

A O Q ato dorivdrt8ifferent data formats into a uniform format and evaluating the dgtaality
andit further developsuitable models for classification

1.3.3 Classification approaches used in global and continental urban maps

Maps of land cover are usually produceith one of these three methods: clustering, maximum
likelihood classification and decision tree classifiers. Maps of urban areas at higher spatial
resolution (layer of land cover at European level) still exploit, sometime in consistent way, visual
interpretation techniques (Corine Land Cover, High Resolution Soil Sealing Layer), while almost all
makes use of different methodology or ancillary data derived from other sources for the
extraction of urban areas: AVHHR and GLCC rasterized urban polygons<vénmrGRCNMO used
population data and other satellite data, MCD12Q1, GlobCover and GlobCorine used a specific
supervised approach for urban areas.

Methods used for the production of aboweentioned urban datasst were analyzed and
described below, focusingon the ones derived from remote sensjn@able 3 and Table 4
summarize collected informatiofonly for datasets currently completed)
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AVHHR Globdland Cover Classificatisras produced with different methodologies according to

the input used dataset; the version at 1° spatial resolution was produgddg maximum
likelihood classification of monthly composited AVHRR normalized difference vegeitadiex

(NDVI) datgDeFries and Townshend 1994ile the 8km spatial resolution version was made
using a decision tree class#imn technique(Defries et al. 1998)The 1 km version was obtained,

more recently, witha supervised classification strategy using decision tfdassen et al. 2000

set of 41 metricsderived from bands-b and NDVWwas created dr input into the decision tree,

and pruning based on visual interpretatiofhe urban and builtip classwag Qi > K2 6 SOSNIE
from the AVHHR imageries but developed from the populated places layer that is part of the
Digital Chart of the WorlDanko1992)

The methods used foGlobal Land Cove€haracteristicsData Base can be described as
multitemporal unsupervised classification of NDVI data with jptess$sification refinement using
multi-soure earth science datdhttp://edc2.usgs.gov/gicc/globdoc2_0.phpData are initially
processed byrecomposing the 1@ay composites into monthly data setslasksrepresenting
water bodies,snow and ice, and barren or sparsely vegetated areastlza develgped to
eliminate NDVI data from the composites for those areas where the meaning of the NDVI values is
ambiguous. An unsupervised clustering is then applied in order to segment thwith NDVI
composites into seasonal greenness claszed a preliminary labeling performed in order to
provide a general understanding of the characteristics of each cluster and to determine which
classes have two or more disparate land cover classes represented within their spatial
distribution. A postlasification stratification is used at this step in order to separate classes
containing two or more disparate land cover typa®l initialcriteria therefore refined and finally
used to permanently modify the original class.

As AVHHRGIobal Land Cover Cl#gsation, also GLCQasterized the urban polygons from the
Digital Chart of the World

As mentioned beforeGLC2000vas created with a bottom up approach, twarmonizingl19
regional land cover mapping performed by regional experts. Each partner hagktdata based

on SPO-A VEGETATION VEGA2000 dataset, with the opportunity to choose the preferred method
of mapping and the regional legendless thematically detailed global legends also created to
harmonizeregional legends into one consistent pradult derives a large amount of techniques

that are summarized in Annex I: mosif them exploit unsupervised classification technigues
(clustering) with an gposteriorilabelingusing available regional dataset as refereli€gtz et al.

2003)

In GLCNMQhe source data were processed to remove cloud contamination, reprojected into
latitude/longitude coordinate system, and mosaicked to make five continental ¢ataasia,

North America, South America, Africa, and Oceania) and two island regions in the. Ocean
Training data for supervised classification were collected using Landsat image, MODIS NDVI
seasonal change pattern, and comments from National Mapping Organizations with the reference
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of Google Earth, VirtualaBh and existing regional mapa; maximum ikelihood method was
applied.

Six land cover classes, which are Water, Urban, Tree geemanentsnow/ice, Mangrove, and
Wetland, were extracted independentlyParticularly urban areas were extracted using
population density data L@ndscan datasethttp://www.ornl.gov/sci/landscan/index.html),
MODIS/NDVdatato exclude large green area such as a park in populated area and DMSP/OLS
data (http://www.ngdc.noaa.gov/dmsp/maps.htnilto exclude villages in developing countries
with large population(Tateishi et al. 2003)

The MODIS Land Cover Type Product (MCD1&fjoduced using a supervised classification
algorithm that is estimated using a database of high quality land cover training(Biiedl et al.
2010) The training site datsase was devefmed using higlesolution imagery in conjunction with
ancillary data The base algorithm is @ecision tree (C4.5Quinlan 1993)n conjunction with a
technique for improving classification accuracies known as boosting. Boosting improves
classification accuracies hgratively estimating a decision tree while systematically varying the
training sample.

Input features used in the algorithm include spectral @edhporal information from MODIS
BRDF/albedo(Schaaf et al. 2002product (that provides surface reflectance measurements
normalized to a consistent nadview geometry based on BRDRodels of surface anisotropy,
thereby minimizing the effect of variable view geadmyein surface reflectance datdjands L7,
supplemented by the enhanced vegetation index (ENte et al. 2002and Collection 5 MODIS
Land Surface Temperature (L®Man & al. 2002) which was not used in previous Collections.
Since some classes gparticularly poblematic and difficult to mapufban land use, wetlands,
and deciduous needleleaf fore3tdhey have been classified with different methods. Urban areas,
in particular, were mapped using an ecoregitvased stratification with eighteen strata, where
training data and supervised classifications were developed and tuned to each stratum.

MOD50Q the first map developed at global level specifically for urbanasreexploit a
classification methodology based on a supervised decision tree algorithm (C4.5), in conjunction
with boosting(Schneider et al. 2009; Schneider et al. 2010)
Tofacilitate processing and classification of the MODIS datdolaal stratification of the Earth's
land surface was developed order todefine 16 quashomogeneous stratdurban ecoregions
regions were then processed on a cdsecase basis. The cl@@sation approach employs a ore
year timeseries of MODIS data to exploit spectral and tempgraperties in land cover types:
differences in temporal signatures for urban and rural ar@sit result from phenological
differences between vegetation ir# and outside the cijywere usedMODIS &lay NBAR values
for the seven bandsaggregated to 32 day averagesnd EVI index were used, together with
monthly and yearly minima, maxima and means for each baratderto increase classification
accuracy.
The classification algorithmvas runtwice: it first utilizes the full set of land cover exgfars that
includes urban siteand then excludes the urban training sites. The first classification classifies
both the urban core and mixed urban spaces correathith the caveat that some nearban
areas are erroneously labeled urban land (e.g. expanses otaahshrubland). The urban class
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probabilities arehen extracted fromthe first classificatiorand areas of confusion determinexh

the basis ofow memkership to the urban clas§hesepixels take advantage of the information in

the second classification (without urban sites) to modify the urban class probabilities using Bayes
rule. This step relieon the urban ecoregion stratificatiopreviously described. dgional post
processing includes application of the MODIS-BO®&ater mask, use of a spatial filter to remove
single, stad-alone urban pixels, and haredliting.

GlobCover 2008as been developed considering two major modules: &gvocessing module,
leading to global mosaics ofnld surface reflectance at 300 m, aactlassification module leading

to the final lard cover map at 300 m resolutiofBontemps et al. 2011)The preprocessing
includes he followingsteps geometrics correction of the input data to achieve at lehS0 m
geolocation accuracyatmospheric correctionincluding aerosol correctiorgloud sreening and
shadow detection)Jand/water reclassification and a wection of the smile effect, Platearrée
projection, Bidirectional Reflectance Distribution Function (BRDF) effect reduction and temporal
compositing. The classification module starts Witthe stratification of theworld in equal
reasoning areas, in order to reduce the land cover variability in the dataset and to improve the
discrimination efficiency of the classification algorithm.The classificationprocess runs
independently for each @ineated equateasoning areaThe spectral classification consists of a
supervised and an unsupervised classification. The supervised classification aims at identifying
land cover classes that are not well represented, i.e. urban and wetland areasixélsecassified
through this process are masked and an unsupervised classification is then applied on the
remaining pixels to create clusters of spectrally similar pix€hkisters produced by the
unsupervised classification are then temporallyaracterzed and then grouped together into a
manageable number of specttemporal classes according to their similarity in the temporal
space Thelabelingprocedure is automated and based on a global reference land cover database
which is, in the GlobCover 20@®oject, the GlobCover 2005 (V2.2) land cover nipally, gaps

due to uneven acquisitions of MERI&aare filled out using th&lobCover 2005.

In the Dynamics of Global Urban Expansiomput data (Landsat imageries) were fisstbset on

the basis of an d@dministrative district boundary map fileshe Socioeconomic Data and

P LILX AOFGA2y&a [/ SYGdSNhy o0{95! /0% LINIL 2F / 2fdzYoaAl
Science Information Network (CIEBIbhly those parts of the image that weiin the subset of
districts containing the metropolitan area were selected for classification.

An unsupervised classification approach wiasn chosen for the classificatiprthe ISODATA
clustering algorithm was used to partition the subset scenes intsf&&trally separable classes.
Each of the 50 clusters waken placed using the Landsat data themselvasd independent
reference data when availahlento one of seven prelefined cover classes: water, urban
vegetation, barren (including bare soil agdture), clouds/ shadow, snow/ice, and

G dzy R S (i S (NaaallypiseR £onfused between urban and barjefihose pixels labeled as such
were extracted and submitted to a second clustering in an attempt to maximize the separability
among those spectrallymilar classes. The clusters from this second iteration were labeled into
one of the six informational classeshe classification was further refindtirough a careful,
sectionby-section examination of the Landsat imagéingel etal. 2005)
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Global Human Settlementayer is produced by automatic image information extraction
techniques, using in input several different digital images coming from different satellite
platforms. A reference set, that includes a global mosaic of Landsat image data, the Open Street
Map (OSM) vector, the hdsacan population data, MODIS urban areas and a so called BURef data
layer containing the best estimation of presence of bufitareas at the GHSL global scale,tha

function to support the optimization of the spatial and thematic consistency dutmeg@GHSL
production. In the preprocessing, Landsat data and the O&M usedto control the spatial
consistencyof the data; in the pocessing, three main imagerived characteristics are used:
radiometric, textural and morphological/shape criteria. Th&tural features arelerivedfrom the

GLCM matrix, while the morphological information is a product of a raoitie morphological
FylFfeaira LINRG202ft NBHH:MNER. jrcie@eurdpaieu/tdciialgy.phg G 5! t
The derived features are sulipgently classified after they underwent a learning process, where 3
RAFFSNByYy(d adr3asa Oy 06S 20aSNBSR® Ly G(KS Wl R
RSOAaA2Y GKNBakK2ftRa Ay GKS AyLlzi TS+ 6HNBPAY AL
modality is used to study thieehaviorof these decision thresholds in the set of scenes processed

and to detect regularities: for example typical thresholds for a given sensor in specific regions. The
output of the metalearning is then exploited during K S WRA 202 OSNEQ Y2RIfA(e@
in order to have the chance of recovering image information lost because of errors
(incompleteness, inconsistencies) in the reference data, or different scale generalization of the
imagederived information ad in the available reference data. In practice, the adaptive learning
optimizes consistencies between the image information under processing and the reference data,
while the metalearning and discovery modes take the risk of the image information redognit

also in cases where reference data is not available with the necessary thematic, spatial precision.
Prior to the final mosaicking and output data preparation all results are validated by combining a
global reference data set with limited visual integpation (Pesaresi and Halkia 2012)

TheGlobal Urban Footprins generated by the Urban Footprint Processor. Two main processing
stages are performed: the Basic Product Generation and the Final Product Generation.

Within the Basic Product Generation, four processing steps are accomplished: An Amplitude
calculationa texture analysis to derive a Speckle Divergence image, a classification step to extract
vertical urban structures and a multilooking step to reduce the immense amount of data. The
second processing stage (Final Product Generation) is a post procaeging svhich the final
result ¢ the Global Urban Footprint (GUE)is generated. This processing stage consists of four
processing steps agaia:generalizationis performed, which takes all image components of the
first stage into account, to delineatet@nary map of human settlements. Additionally, the Final
Product Generation includes the geocoding of tpeneralizedbinary map and applies a slope
correction based on a global DEM to eliminate false classifications in the map induced by highly
textured mountainous regions. A mosaicking step merges various GUF maps of predefined spatial
extent together(Felbier et al. 2012)
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The methodology used for the creation &lobCorie 2009is based, as the one usedr
GlobCorine2005, on both supervised and unsupervised techniqudse preprocessed daily
images are composited into MERIS FRS seasonal syntheses, through advhgasitthg (MC)
algorithm and thermerged to produce MERIFRS seasonal mosaidse parEuropean continent

is then stratified in 5 equateasoning areas from an ecological amdemote sensing point of
view: ech delineated equalkasoning area is then classified independently.
Asupervised classificatids peformed on theland cover classes that are not well represented in
the strata (urban areas and wetlands). An unsupervised spectral classificatimmigerformed

on the pixels that were not classifiéwl the firststep. The labeling procedure is automateFixels
classified as crop omosaic classes after the step 2 are then further processed with an
unsupervised classification on MERISd2§ NDVI mfiles created in order to havelusters of
pixels similar in the temporal spaceew smaller and more homegeous spectraemporal
classe are created and a second lding procedure performed. An external dataset, the SRTM
Water Body dataset (SWBD), was finally uge® A YLINB @S (GKS aoél GSNI 602RAS&EE
GlobCover classifition (Defourny et al. 2010)

A Corine Land @&vermap for the year 2006QLC2006hasbeen produced by integrating the data
of land cover changes 2062006 with the land cover map from the year@D(CLC2000). The
map of changes in land cover between the years 2000 and B@6been based on visual image
comparisonin a dualwindow environment.The CLC2006 database has tlean generated in a,
mostly, automatic way with some human interaction bynbining CLC2000 and eh
photointerpreted CL&hanges. Only land cover changes #rat larger than 5 handwider than
100 mare mappedEEA 2007)

Multi-sensor and biemporal, orthorectified satellite imagery (IMAGE2006) was used to derive
the first soil sealing databaserfBurope produced as part of the GMES Fast Track Service on Land
Monitoring (Land FTS LM) in 26R808: theHigh Resolution Soil Sealing Layéredatabase was
implemented in threephases: Supervsed classification of buillp areas followed byvisual
improvementof classification resulperformed by Member Stateand then derivation of degree

of soil sealingn the basis ofalibrated NDVMaucha et al. 2010)

Urban Atlasmakes use oEarth Observation dat(SPOTALOSQUICK BIRRAPIDEYEvith 2.5

m spatial resolution, topographic aps ata scale of 1: 50.000 or larger a@®@TScommercial off

the shel) navigation datafor the road network as input data; pfgrocessing on data mainly
concern the geometry: all dataset should be congruent with the EO data.

Automatic classificatiomoutines, such as segmentation and clusteriage applied whenever
appropriateto achieve a initial differentiation between basic land cover classes (urban vs. forest
vs. water vs. other land covethen COTS navigaticare used to generate the street and railroad
network of the mapping product and finally objects are interpretedsing the EOdata,
topographic maps COTS navigation data andxaiary information including local expertise
(Pesaresi and Halkia 2012)
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2 Data, methods and software

2.1 Methods

2.1.1 Urban classification using decision tree technology

The main aim thabf this work is the automation of procedurdsr features extraction. The
approachthat waschosen to deal withs related tothe extraction of rules thaallow identifying

the desired land cover type. Rules are based on the definitidgheohttributes to nclude inside

together with the choice oflecision thresholds; if, on one side, thresholds could be obtained
dzaAy3 GKS (y2éftSRIAS LINRPOPARSR o6& SELISNIas yS¢
approaches fothe identification of suitable bands farlassification as well as determining the
decision thresholds. In fact, experts may disagree on the decision boundaries, while with the use

of data mining techniquesreliable, transferable and reproducible decision threshotds be
obtained(Otukei and Blaschke 2010)

Decision Tree have been widely used for remote sensing application, particularly for land cover
mapping from coarseesolution data(Hansen et al., 2000-riedl et al, 2002) Between global

urban maps previously described, AVHHR, MCD12Q1 and MOD500 makes use of Decision Tree
technology Table3). Decision threshid are also used in GHSL.

This classification method is able to handle large,-parametric datasets with noisy or missing

data, complex, no#linear relationships between features and classes, and problems that require

a manyto-one mapping approactiayyad and Irani 1992; Friedl and Brodley 1997b)

This classifiewaschosen for this study fothe following reasons: fir&t A 1 Q& |6t S G2 S
an automaticway, that can be later applied to different images; second, the model byithe

algorithm is easily interpreted, and can therefore been modified according to the user need; third,

the choice of which attributemclude in the classifier is performed by the algorithm, on the basis

of the criteria used by each on€C Ayl f f 8> RSOA&AA2Yy (GNBS [ 3I2NR
information besides that already contained in the training data (e.g. domain knowledge or prior
knowledge of distributions on the data or classes) and generally display good classification
accurag compared to other techniques.

The classifier, thelassification processhe algorithm used for this study together with his main
features,the parameters that can be set by the user according to his needs, the way used by the
algorithm to perform aifst accuracy assessment, are described in the following section.

2.1.2 Decision Tree classifier: algorithm description

Decision Tree is a tree structure, which is composed of a root node and a series of internal nodes
and leaf nodes, each node with only ofa¢her node and two or more subodes. Each leaf node

in Decision Tree corresponds to one category attribute value, different leaf node being able to
correspond to the same category attribute val(fegure4). Decision Tree can be expressed as a
group of rules with FTHEN form in addition to the tree for(®hen et al. 201).
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/ root
Split \
Classl
leaf Class2 Classl

N

Figure4 ¢ Representation of a Decision Tree classifier

In classificationa set of example records given called the training data set, with each record
consisting of several attributes. One of the categorical attributes, called the class label, indicates
the class to which each record belongs. The objective of classification is to use the training data
set to built a model of the class label such that it can be used to classify new data whose class
labels are unknownHigure 9.

D Attr Attr Attr Attr Attr Attr Class Learnin g

1 ]012 | 025 | 032 | 044 | 0.76 | 0.02 | Urban algorithm

2 0.25 | 0.34 | 0.2 0.54 | 0.12 | 0.07 | Sall ~

3 | 034 |015 [ 032 | 065 | 081 | 0.4 | water \
Learn

X | X X X X X X X

model
TRAINING SET
D | AT [ At [Atr | At | Atr | Atr | o MODEL
1 2 3 4 5 6
25 | 044 | 002|012 | 025 | 012 | 044 | 2 Apply

model
26 | 054 | 0.07 | 025 | 0.34 | 0.25 | 054 | 2

27 0.65 | 0.4 0.34 | 0.15 | 0.34 | 0.65 | ?

X X X X X X X X

TEST SET

Figure5 ¢ Creation of a model for classification

The tree classifier used to perform the analysis is J48pean sourcelavamplementationof C4.5
data mining algorithm developed by @ian (1993), one of the mostopular decision tree
algorithms.Also used in the MODIS Land Cover prodGchneider et al. 2009)i Q Aexténgion
2F vdAyfl yQa SthaN$ahlsStdd L50 | f 32NAGKY
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1 Convert decision tree to equivalent production rules;
1 Handling both continuous and discrete attributes;

1 Handling training data with missing attribute values;
1 Pruning trees after creation;

C4.5 performs classification in two phas@&see Buildingand Tree Pruninglin tree building, the
decision tree model is built by recursively splitting the training data set based on a locally optimal
criterion until all or most of the records belonging @ach of the partitions bear the same class
label.

The building phase constructs a perfect tree that accurately classifies every record from the
training set. However, one often achieves greater accuracy in the classification of new objects by
using an irperfect, smaller decision tree rather than one which perfectly classifies all known
records (Quinlan and Rivest 1989The reason is that a decision tree which is perfect for the
known records may be overly sensitive to statistical irregularities and idiosyncrasies of the training
set. Thus, most algorithms perform a pruning phase aftertigding phase in which nodes are
AGSNI GAQGSE & LINHzySR (2 LINBOSYy(d a2 @S NRastigiang 3¢ |
Shim 2000)

There are two main operations during tree builditige first is related to theevaluation of splits
for each attribute and selection of the best splithile the second concern thereation of
partitions using the best split.he determination of the best split for each attribute is performed
through the application of the splitting criterion to the data. 8eal splitting schemebkave been
proposed in the pastRastogi and Shim 20Q@he one used by C4.5 is namé&ain RATIQKohavi
and Quinlan 1999)

It starts from the measures of thEntropyat each nodehat is the measure of homogeneity of a
node. The Entropy, calculated as:

@,

Entropy (t) = B;1 igIT T T [2.1]

Wherep(j|t) , thatis the relative frequency of class j at node t, is minimum (0) when all records
belong to one class, whilenisaximum {ends to 1) when records are equallisttibuted.

Based on lie entropy, thelnformation Gain that measures reduction in entropy achieved
because of the splitis computed.The measure of Entropy at each node is connected to
determination of the best split in this way:

¢ AEE AT 1o Bl 'T—”AT 11016 [2.2]

Wherep is the parent node,irs the number of records in partition, k is the number of partition of
the parent node.

The disadvantage, that that it prefer splis that results in large number of partition (each being
small but pure)is overtaken with the use of the following index:

'AET2|4?—/T [2.3]
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Thatpenalizes the use of a large number of small partitions.

In order to perform a first evaluation about the error rate of the learning technique, the so called
G10-fold crossvalidatiore I LILdd®ble adispted

The dhta is divided randomly into 10 parts in which the class is representegjpmoximately the

same proportions as in the full dataset. Each part is held out in turn and the learning scheme
trained on the remaining ninkenths; then its error rate is caltated on the holdout set. Thubke
learning procedure is exeted a total of 10 times on different training sets (each of which have a
lot in common). Finally, the 10 error estimates are averaged to yield an overall error estimate
(Witten and Frank 2005With G KA & Y S floksiblR to have first information about the
LISNF2NXYIyOS 2F GKS OfFraaATASNE Ffaz2z AT AGQa
assessment.

In order to obtain the final classifier, different parameters can be set by the user accordiig to
needs. Particularly, the user can decide to useRagluce Error Pruninigchnique instead of the
one used by the C4.5 algorithm for pruning, to consider or notStibtree raising operatiomhen
pruning, and, finally, the Minimum Number of instanclattare demanded in each leaf. This last
parameter allowsperforminga pruning acting on values that depend on the size of the initial
training set.

2.2 Data used for the analysis

The aim of this work is the automation of procedures for urban land cover extraatigpite this

work just provides a first assessment about features to be considered for the classifier learning,
the main projet is conceived to be effective at a glotbebel. Therefore, dta to be used in the
analysis shoultde provided with a global coverage.

The use of medium resolution multispectral data for urban characterization has not been largely
considered. It is customary to think that higand very high spatl resoldion sensors have
bypassed this kind of data, providing to the final users more accurate dataAd#tsughthe
availability in time of images from psdtely owned HR and VHR sensisralmost the same as for
publicly owred medium resolution sathtes, costs are differentand for some applications, like
change detection, urba sprawl characteration, urban vegetation monitoring and (partially)
disaster management, the availability of lamest images as well asxpensive fine resolution
datasetsis equally important, and the lower cost of coarsesolution images makes them more
appealing for these applications. Moreover, in the public sector a need emerges to find out
possible uses of available sensors for new, interesting characterizatiothighi@nis the case for
urban  studies  using Landsat  multispectral  data(Lisini et al 2005)
Multi-spectral data, ranging from 20 meter to 100 meter ground pixel size, have proven to be very
effective in environmental analysis at a lotalregional scale. This is particularly true in areas
where human influence on the natural environment is heavy, as in the case of urban and sub
urban areas, due to the good compromise between the spatial and spectral details pr¢Vvidad
2012)
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ThereforeLandsat datdnave been chosen as input datzoth Landsat 5 and Landsat 7 satellite are
stillin orbittoday, but the following restrictions need to be considered:

1 The maximum spatiaesolution of Landsat 5 data is limited to 30 meters;

1 Landsat 7, whose spatial resolution can be improupdto 15 meters resolution, had a
failure in the Scan Line Corrector (SLC) in 2003 (as descriBe2l irf); therefore most
update images need a gditling processing to remove black lines beforeithese.

Landsat 7 data, however, were included in a collection, GLS2005, created in ordewite pao
global dataset with Landsat sensor in use at that tf2@05) to be included in this collection,
data were preprocessed in order to remove black line (as described.2?): dataavailable in
GLS200%re therefore very suitable for this study andese used for the classification process,
while Landsat 7 data in modality Sa& (prior to 2003) were used for the training set on
multitemporal data.

The analysis was conducted on Piedmont region, thanks to the availability of an open source
Regional Cartograph{CTRN, sectio2.2.3 in vector formatfor validation purpose, with an
update compatible with data to be used in the classification phase.

Data used for the analysis are debed below.

2.2.1 Landsat Archive Collection

2.2.1.1 Landsat Mission

Landsat represents the world's longest continuously acquicedlection of spacévased
moderateresolution land remote sensing data. Nearly four decades of imagery provides a unique
resource for those who work in agriculture, geology, forestry, regional planning, education,
mapping, and global change research. lsatdmages are also invaluable for emergency response
and disaster relief.

The U.S. entered into a partnership with NASA in the early 1970's to assume responsibility for the
archive management and distribution of Landsat data products.

In July 1972, NASAunched the first in a series of satellites designed to provide repetitive global
observations of the Earth's land masses. Part of NASA's Earth Resources Survey Program, the
Earth Resources Technology Satellite (ERTS) Program was later renamed Larlzstrto
representthe emphasis of the prime civil satellite programrm@mote sensing of land resources.

Landsat satellites can be subdivided into 2 groups:

9 First generation satellite (Landsat 1, 2, 3), launched at an altitude of about 920 km, with
an abit period of 103 minutes and avisit time of 18 days; Landsaf 2, and 3 carried
the Multispectral Scanner (MSS) sensor and also included the experimental Return Beam
Vidicon (RBV) cameras.
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1 Second generation satellite (Landsat 4,5,7), launched attande of about 705 km, with
an orbit period of 98.9 minutes and a revisit time of 16 days; the Lantisaitellite
carried the MSS and Thematic Mapper (TM) sensors, as does the still currently orbiting
Landsats satellite. Landsat 6 failed at launam 1993, but his twin, Landsat Was
successfully launcheoh 15April 1999 carrying choard the Enhanced Thematic Mapper
Plus sensor (ETM+).

Table5 provides a summary of Landsat satellites series.

Satellite Launched Decommissioned Sensors
Landsat 1 1972 1978 MSS/RBV
Landsat 2 1975 1982 MSS/RBV
Landsat 3 1978 1983 MSS/RBV
Landsat 4 1982 2001 MSS/TM
Landsat 5 1984 - MSS/TM
Landsat 6 1983 Didnot achieve orbit ETM
Landsat 7 1999 - ETM+

Table5 ¢ Mission dates and sensors achieved by Landsat satellites series (soitge/landsat.usgs.goy)

The Landsat Data Continuity Mission (LDCM) is the-gexx¢rationof Landsat satellite and is
scheduled no earlier than February 11, 20TBis mission will ensure the continued acquisition
and availability of Landsdike data well beyond the duration dffie current Landsat 5 and Landsat
7 missions.

2.2.1.2 Landsat?7

After the failure in the launch of Landsat 6 on 5 October 1993, Landg&igtre 6) was
successfully laumed on 15 April 1999, positioned onrapetitive, circular, sursynchronous,
nearpolar orbit at 705 km altitude. This generation of Landsat improved technical devices
maintaining the same base characteristics (swath width of 185 km and 16 day temporal
resolution), which ensure the continuity of Landsat missions since 1982. Configuration of Landsat
7 and Landsat 5 orbits allows acquisition of an image on a certain area every 8 days, thus doubling
the acquisition possibility.
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Figure6 ¢ Landsat 7 satellite (credits: NASA)

Landsat 7 is equipped by 1 panchromatic (Pan), 6 multispectral (MS) reflective bands and 2
thermal infrared (TIR) bands. Compared to his precursor Landsat 4 and 5, Landsat 7 makes use of
an updated version of th&M, the Enhanced ThematMapper Plus (ETM+)a single nadir
pointing instruments.

The ensoris6 dzA £ G Ay | & g KA & {FiguweM)RIR2u¥es rot@xidg/rdirfor3 taNda A 2 y
from side to side perpendicular to the direction of the sensor platform. The rotating mirrors
redirect the reflected light to a single or a few detect@g@omarasca 2009Data are collected

one pixel at a time.

Linear Array “Whiskbroom™

NIR

Red

Green

Blue

n bands

Figure7 ¢ Whiskbroom scanner (used by Landsat satellites)
ETM+ sensqgprovides:

1 A panchromatic band a5 meters geometric resolution with spectral resolution ranging
from visible to near infrared, acquired simultaneously with the other 7 bands and thus
being perfectly ceegistered with them
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1 Athermal band at 60 meters resolution, available in high amdristitution versions; this
band is resampled at 30 meters resolution in imageries acquired after February 2010, in
order toalign the thermal band with the multispectral bands.

The introduction of the panchromatic band is the most important innovatemvering the visible
range (0.5¢ 0.7 pum) as well as part of the near infrared (VIR:@07/9 um), a better signéb-

noise ratio is obtained, improving the image readability. Data fusion techniques such as pan
sharpening make possible the integration rmfiltispectral bands with the panchromatic one in
order to create a single &eters resolution image. The simultaneous acquisition of
panchromatic and multispectral images with homogeneous characteristics from the same satellite
platform allows ceregistraion, time saving and processing cost reducti@he introduction of a
thermal band with improved characteristics, both geometric and radiometric, allows enlarging the
potential applications, such as pollution, thermal emissions, volcanic phenomena,Tteic.
improved geometric resolution and the confirmed temporal acquisition can give contribution to
global change assessment, both providing elements for verifying land cover changes and defining
local process that can induce these modificatid@marasca 200Bandwidth specifications
related to Landsat 7 are providedTiable6.

Enhanced Thematic Mapper Plus (ETM+)

Wavelength Resolution Comparison with
Landsat 7
[um] [m] Landsat 5
Band 1 (VIS) 0.450.52 30
Band 2 (VIS) 0.52-0.60 30
Band 3 (VIS) 0.63-0.69 30
Band 4 (VNIR) 0.77-0.90 30
Band 5 (SWIR) 1.551.75 30
Band 6(TIR) 10.4012.50 60 120meters
Band 7 (SWIR) 2.092.35 30
Band 8 (PAN) 0.520.90 15 Not available

Table6 ¢ Landsat 7 ETM+ band designation (and comparison with the ones provided by Landsat 5).

On 31/05/2003, the Scan Lineorrector (SLC), which compensates for the forward motion of
Landsat 7, failed. Subsequent efforts to recover the SLC were not successful, and the failure
appeaed to be permanent. Without an operating SLC, the Enhanced Thematic Mapper Plus
(ETM+) line ogight now traces a zgag pattern along the satellite ground traffkigure8) with
resulting data gaps that form alternating wedges that increase in width from the center of the
image to the edge;raestimated 2%o0f any given scene is lost because of the SLC failure

With SLC Without SLC

Figure8 ¢ SLC failure occurred on Ldsat ETM+ on 31/05/2003
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However, Landsat 7 is still capable of acquiring useful imagery worldwide with the SLC turned off
(SLff mode), particularly within the central part of any given scene, and tldega are of the
same high radiometric and geometraality as data collected prior to the SLC failure.

The USGS has provided the user community with methods to fill gaps, both for visualization or for
scientific analysis; they makes use of other Landsat scenes acquired on the same site shortly
before orafter the gapBandspecific gap mask files are included with evehyoff standard data
product. These ancillary data allow users identify the location of all pixels affected by the original
data gaps in the primary Sloff scene. Please refer to
http://landsat.usgs.gov/using_Landsat 7 data.phjor further information about available
methods.

A summary of Landsat 7 collection main features represented in Table 7.
Landsat scenes held in the USGS archive are available for download using USGS Global
Visualization ViewelGloVig or EarthExplorer

Landsat Archlve Data availability Spatl_al Access instruction
Collection resolution
Landsat 7 ETM+ Sloff 2003- present Until 15 m ) .
1999- Ma http://glovis.usgs.gov/
Landsat7 ETM+ SL-Gn 2003 y Until 15 m http://earthexplorer.usgs.gov/

Table7 ¢ Main features of Landsat 7 collections

2.2.2 Global Land Survey (GLS)

The USGS and the NA&#Naborated on the creation gflobal land datasets using Landsat data
from 1972 through 2008the dataset is named Global Land Survey, and each collection that
constitute iswas created from the primary Landsat sensor in use at the f{ivable 8): the
Multispectral Scanner (MSS) in the 1970s, the Thematic Mapper (TM) in 1990, the Enhanced
Thematic Mapper Plus (ETM+) in 2000, and a combination of TM and ETM+, as well A& IEO
data, in 2005.

Recently, NASA and the USGS have again partnered to develop the Global Land Survey 2010
(GLS2010), a new global land data set with core acquisition dates 0f2PQa8 This dataset
consists of both Landsat TM and ETM+ images that meet qualitlycloud cover standards
established by the earlier GLS collections. Data acquired in&@lsed to fill areas of low image
guality or excessive cloud cover

47


http://landsat.usgs.gov/using_Landsat_7_data.php
http://glovis.usgs.gov/
http://earthexplorer.usgs.gov/

2 Data, methods and software

GLCollectiors Images acquisition date Satellite/ Sensor
Landsat 13 MSS
GLS 1975 1972¢ 1983 Landsat 4 MSS (to fill gaps in Landsat 3
1982- 1987 data)
GLS 1990 1987- 1997 Landsat 4,5 TM
GLS 2000 1999- 2003 Lansdat 7 ETM+
GLS 2005 2003- 2008 Landsat 5 TM;andsat 7 ETMEG1 ALI
GLS 2010 2008- 2011 Landsat 5Landsat 7 ETM+

Table8 ¢ Global Land Survey collections (source:
http://eros.usgs.gov/#/Find_Data/Products_and_Data_Available/GLS

GLS200%vas used in this thés: the goal ofthis collection is to provide one clear image during

leaf-on conditions for every location of the globe between 2004 and 2007, with priority on 2005.

In this casefl KS OK2AO0S 2F AGLINAYINEBE¢ aSyazN) gfthe Y20 20 DA
scanline corrector mechanim aboard Landsat, ETM+ imagebave been afflicted with cross

track, wedge shaped gaps that eliminate 24% of the image area. Although USGS EROS has

AYLX SYSYGSR GSOKyAljdzSa G2 YSNHS o0a3l L) FAf{teéo aSg@S
was not clearif these products would be suitde for rigorous land cover change analyses.

Conversely, although LandsaiTM is still in servicghe radiometric and geometric properties of

Landsatt TM image are worse than Landsat ETM+ (Masek 20058)

Thus, the priority assigned to the choice of the reference scene was the following:

I One Landsat 5 iage OR one gafilled Landsat 7 pair;
Where Landsab wasnot available/suitable and no cloud free L7 paasavailable:
1 Two landsat7 SL&ff images, without gap filling
For humid tropics where no cloud free L7 paasavailable:
9 Three landsat7 SL&ff images, without gap filling
Where no Landsat dataere available:
1 EO1 ALl or ASTER image

Images were gafilled through an algorithm, created by EROS, whisdd one SL®ff image @ a

Gol asSe¢ AYlFASI2 WS R2RSHANIK | Xi BIRT Sally bhsad and MlAntages A Y IS & «
should have been acquired within-2L orbital cycles, or at least within the same season. In

addition, since the position of the gaps varies randomly between images, merging any two images

may not completely fill the missing arezf the base image. Since the radiometrhhanged

between the base and fill image (due to atmospheric effects, BRDF changes, phenology, etc) the

fill imageswere radiometrically adjusted to match the base image before compositing. A small

moving window (711 pixels)wasapplied to apair of base and fill imageand a petband linear
regressiorapplied.The regressiomwasused to calculate a gain andaki which wee then applied

to the fill image to radiometric match it to the base image. After radiometdjtigtment, pixels
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from the fill imagewere substituted forthem a 8 Ay 3 a3l LJdaé¢ Ay (GKS ol as
gapfilled image]: & 3| Lwavalsa dreéated, in order to allow users to determine which pixels
in the final scene were derived from ¥eh input sceneRigure9).

In GLS2005 a large majority of the scenes have less than 5% residual gap area after filling.

——

Figure9 ¢ a) Subset of gafilled product (GLS 2010) acquired at Path/Row 195/29. Base image: 5/08/2009; Fill image:
6/09/2009. Gap fill percent: 98.8%; b) Subset of the Base image as acquired by Landsat 7 ETM+ on 05/08/2009
without gapHilling; c) Subset of gap mask
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2.2.3 Digital Regional Technical Map (CTRN)

The Digital Regional Technical MapSafta Tecnica Regionale Numeric€ TR\ of Piedmont
Regionis composed, approximately, 890 sections at scale 1:10.000.

CTRN wasnitially derived from aerial images acquired in 1991 for all the regiaegfor the

Susa valley whose images where acquired in 1995; later updates were derived from further
acquisitions carried out between 1999 and 2005. Different places refer, therefo different
acquisition datesfFigurel0provides a summary of the actual frame.
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& BEDBE provincia di Asti

ST IEBBSI area metropolitana (fogli 155-156)

Figure10¢ Update of CTRN in Piedmt

Dataset is provided in a vector format and organized into a hierarchic way; the first level is
composed by 11 groups:

1) Streets and Railways;

2) Buildingsand street forniture;

3) Waterand handiworks related to water;

4) Lines and pipes for energy, liquid aradl snaterial, people transpoiiines;
5) Ground divisions
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6) Ground elements

7) Vegetation

8) Altimetry (ines, point3;

9) Point of interest

10) Administrative boundariedifies);
11) Positioning networkgoints).

The elements that constitute these groups can be punctual, linear or areal; since the cartography
was converted into raster format for validation purposes, only areal elements have been taken
into consideration. Groups 4, 8, 10, 11 are the only one nebttain any areal element.

Data are georeferenced into WGS84/ UTM 32 Nord Reference system and accessible at:
http://www.regione.piemonte.it/repcarj/welcome.do?ric=3&ric=3

A detailed description oflements available irach group iprovided in AnneX.

2.3 Software

A description of the software used for the study is provided below:

f  ENVi (ENvironment for Visualizing Imagds}, a commerciasoftware for processing and
analyzing geospatialmagery, commonly used for remote sensing application; it has been
used for the pre and post processing, classification and validation phase. Procedures have
also been implemented in IDL (Interactive Data Language), ENVI scientific proggamm
languagein order to automatize the different steps of the workflow.

T Weka (Waikato Environment for Knowledge Analysis) 3.6, a free data mining software
available under the GNU General Public License, developed atinikiersity of
Waikatg New Zealandby the Machine Learning Groyplall et al. 2009)it provides a
collection of machine learninggdrithms for data mining tasks amontains tools for data
pre-processilg, classification, regression, clustering, association rules, and visualization.
has been used for the learning process: algorgiprovided by the software have been
used to learn the classifier, later applied to images through ENVI software.

f ArcGis 0.07, a commercial software property of Environmental Systems Research
Institute, Inc. (Esri)for working with maps and geographic information, usable for
creating and using maps, compiling geographic data, analyzing mapped information, using
maps and gegraphic information in a range of applications and managing geographic
information in a database. It has been used for the creation of the validation mask.

' © 2012 Exelis Visual Information Solutions
2© 19952012 Esti.
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3 Methodology

3.1 Introduction

This research worlwasdeveloped with the aim of supporting the production of cartography for
emergency response, thus constituting a first step towards the definition of a methodology for
automatic urban extraction. The step thatas investigated through this work is related to the
definition of a procedure for the classification of urban areas, that is the set of step to follow in
order to obtain a good classification procedure. As previously mentionesgtion 1.3.1, the
classification methodselection together with the choice of variables and attributes to use as
input to the classifierare considered key elemesin the classification process.
Thechosenclassificatbn method Classification Tree, is based on the extraction of rules that allow
identifying the desired land cover type; rules are, in turn, based on the definition of the attributes
to include inside togethewith the choice of decision thresholds.

This work examingthe potentiality ofdifferent variablesfor the classification process: features
for the learning process, as well as the use of different pre and-prastessing. Considered
features are: attrilntesin input to theclassifieruse of multitemporal data and the selection of 2
or more classes to train the classifi&rsummary of the considered variables is provideHigure
11

. ™
Attributes
(indexes and spectral
information)

/‘

. =, e =

Features Classes

Variables

-~ ™~ -~ =,

Pre and post
processing

Multitemporal stack

Figurell ¢ Summary of analyzed variables

The first section of this chapter describes the methodology used in this work, while the second
part describes how this methodologyasapplied to different case studies.
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3.2 Applied methodology

The process of image classification may include, as previously describedtion1.3.1, seven
main steps:determinationof a suitable classification system, selection of training samples, image
pre-processing, feature extraction, selection of suitable classification approaches; post
classification processing and accuracy assessment;

Takirg into account the above mentioned steps, and adapting it to our needswitirkflow can

be subdivided in eighdteps, as reported ifigurel2; it starts from the definition othe classes to

be mapped together with some information about the possible output of the procedure, than
goes on with theselection of sample areas, that serve to learn the classifiaalyzes pre
processing to apply to imageséfeaturesto be used in the training setand arrivesto the
creation of different training sets and corresponding models (classifiers) that are than applied to
different images in order to provide thematic maps; finally, different kind of post proceasing
evaluated

In this work some of tesestepsare consideredvariables; which prgrocessing allowsbtaining
higher accuracy? Which features can | use in my classification? How can | improve my results with
postclassification? All these variables are described in the following sections.

More specificall, the procedure applied in this work is the following: first, sample areas, to be
used to learn the classifier, are detected on satellite images with the help of higher resolution
images. Training sets for the detected sample areas are then built takimgecount different
variables: the radiometric prprocessing applied to images, the attributes used as input, the
number of classes use to learn the classifier and, finally, the temporal extension of the dataset.
The combination of all these variablesilto the creation of 36 different training set; in this work
0§KS GSNXY a &lusédidtifslicate N ebgraphic location of elements trae in the

GNF AYyAy3 aSaiz ¢ KA fsS8sedbhdicatd Be\gpe af infdtinakion Asgagiatdl S G ¢
each pixel detected in the sample area. For example, if 3 different kind of radiometric correction
are performed on the same image, three different training sets result: the radiometric
information associated to the same pixel in different images isjeed, different.

Each training set is then used as input to the classifier; the application of the same algorithm to
different training set led to the definition of different classifiers, each with given attributes and
decision thresholds. Each classifisrthen applied to one common image; it derives as many
classifications as classifsare.

Finally, different kinds of post processing are applied, thus resulting in a further increase of
thematic map produced. At the end, each thematic map is evaluatedgh the accuracy
assessment described gection3.2.8 a schema of the above mentioned procedure is provided in
Figurel3. The numeric label associated to the narrow serves as link between the main outputs of
the process, as described kiigurel3, and the different steps of the workflow, as represented in
Figurel2.

53



3 Methodology

1. Determination of the classification syster
and associated information

~

[ 2. Selection of the sample areas

[ 3. Image preprocessing

[ 4. Feature extraction

[ 5. Training set generation

[ 6. Classification

[ 7. Image posprocessing

[ 8. Validation

Figure12 ¢ Workflow of the applied methodology (processing)
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SATELLITE IMAGES
2.
SAMPLE AREAS
Radiometric pre
3. processing
Attributes
Classes
4,
Temporal
extension of the
training set
©00000000000000000000000000000
Training set X X Training set
1 36
6. Classifier 1 X X Classifier 36
Thematic map 1 X X Thematic map 36
Thematic map 1aThematic map 1} 7. X X Thematic map 3% Thematic map 3¢
Thematic map 1b Thematic map 36b

Figure13 ¢ Output achieved at each step of the applied methodology (in black). Numbers refer to processing shown
in Figurel2. In blu: intermediate steps.

3.2.1 Preliminary observation

<

LiQa OSNE AYLRNIIY(dZ 6KSYy LXLFYyYyAy3a I LINR2SOI0
isgiven to the classification scheme to be used.

In this case, the aim is to distinguish between urban and non urban surfaces defingion of
GdzNDFyé YR ay2y dzNBFyé¢ Ydzad 6S IAGSyd

2 A0KAY GKS O2yUGSEG 2F G(KAA& émadefeaturésii® can@MNig & dzN
linked to the definition of surface materials and properties, rather than to the actual land use. All
impervious surfaces (residential buildings, industrial buildings, streets, pavement, etc.) are
O2yaARSNBR adzNbly FNBFagod

Sorre consideration should be performed also on the sclgable for the output which is the
ideal scale, or the accettabtange of map scales, in funcion of the resolution of the input data?

'y AYIF3SQa 3IS2YSGNRO NBaz2ftdziAzy fAYAG A& 3TIAL
pixels/mm generate the perception of a single cell as a disce&nent(Gomarasca 2009}-or
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same applications where the spectral information is more important, it is possible to extend this
resolution producing ouof-focus, pixelated images. A relationship between the masgdently

used satellite imagery, their applications and the most appropriate scales of cartographic
restitution is provided imable9.

Scale

Satellite/sensor S° 1mil 500k 250k 100k 50k 25k 10k 5k

GC
LC
G

AVHHR SPOT
veg

GC
Resursg; 01 LC

GC
Landsat MSS LC

Landsat TM GC LC

Landsat ETM+ ce -

SPOT XS, XI/IR GC LC
LISS E G

SPOT Pan LC

IRS Pan LC

Ikonos, T
Quickbird, LC
Orbview, DK 12 G

GC: General cartography LC: Landaver G: Geological cartograph
E: Environmental thematic cartography T: Topographic cartography

Table9 ¢ Relationship between the most frequently used satedliimageries their applicdions and the most
appropriate scales of cartographic restitutiofGomarasca 2009)

It gather that Landsat ETM+ imageries could be used to produce land cover maps at scales ranging
from 1:25.000 to 1100.000.

Taking into consideration the guideline of the American Society for Photogrammetry and Remote
SensingASPRS Specification Standards Commift880)based on the cartographic convention

to fix the minimum readable tickness for graphic elengedta map to 0.2 0.3 mm, the ideal
scale could be set to 1:120.00987 and, consideringhe maximum accettable scale
corresponding to the dimension of 0.5 mm for each information pixel, the maximum scale could
be set to 1:60.000
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Finally alsoCLC2006&lataset, developed fronsPO# HRVIR at 10/20 m resolution and/or IRS P6
LISS Ill at 23 m resolution and his predecessor, CLC2000, developed from Landsat 7 ETM+ data at
30 m resolution, are provided for maps at scale 1:100.000.

It standsto reasonto fix the output scale of the urban maps at 1:100.000.

3.2.2 Selection of the sample areas

Sample areas are detected on the reference image in order to belong to these classes:

Urban (residential buildings)
Industrial areas (industrial buildings)
Vegetation

Water

Bare soil

arwnNPE

In order to correctly identify sample areas, higher resolution maps (Google Earth) and the CTRN
are used to perform a quality check on identified areas.

3.2.3 Radiometric pre processing

The data collected by sensors on board different platforms, before being used for the
interpretation, need to be processed to correct errors due to the noise and distortions generated
during acquisition and transmission. In this study, the attention wasnimnafocused on
radiometric preprocessing: the aim is to obtain comparable units in order to analyze and
measure the earth surface and its changes over the tRasliometric errors depenan:

1 the sensor
1 the system geometry
1 the atmosphere

Effects due tothe sensor acquisition can be removed through a radiometric calibratitm

radiance; this process transforms the image Digital Number (DN) into radiance (L) value measured
08 (KS 2LIAOFET aedadsSyaQ RSS Giemeficealitraion anto (i NIy
radiance(Figurel4), is generally expressed by parametric linear functions related to calibration
coefficients specific to each sensor and functional to the wavelength or the spectral band.

Radiance (L) can lmbtained as:

< $.<7CAEl | EEOAO -

Where:

[6<0Y aLBOGNI{ NI RAIYOS
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DNE): Digital Number derived from the input spectral radiance
gainkd Y 31 Ay O2STFAOASY&—2NFaeatsSyQa | YLXATAONIGAZY
offset(<): movement coefficient———

<Y 61 @8t S8Sy3IiK 2N 4LISOGNIE NIy3IS OxYS6

Obtained radiance values are still affected by other factor, such as terrain characteristics,
illumination and observation conditions, and the presence of atmosphere.

A first reduction of the variability among the scenes can be obtained through the normalization
with respect to the incident radiation, going from the spectral radiance (L) to the apparent
reF £ S O 4,y vitis thedpiocess callechdiometric calibratiorinto reflectance(Figure14). This
correction is based on a flat surface patter.

The relationship is the following:

p d2L(/)
Faosll )= = °2
Ey(/)cosy,

Where:

"app0 <appérent reflectance (as perceived by the sensor)
[ 6<0Y & LIS néaburetl by il sehsbr@idove the atmosphere——
d:Eartha dzy RAAGF YOS RdzZNAYy3 (GKS a0SySaQ IOljdZhaAdGAaAzy

E: solar irradiance above the atmosphere incident on a surface pelipelar to the radiation

z

¢, incident angle of the solar flux directed towards the Earth Surface, defined as Sun zenith angle.

This is just a first step in order to compare satellite data acquired at different tinmeg:spheric
corrections areneeded(Figurel4) in order to depurate the signal from the atmospheric effects
and to obtain thealbedothat is the ground reflectance ,). This carection, besides clearing the
signal from atmospheric absorption and scattering effects, also includes the radiometric
calibration and the normalization of the effects due to the system geometry. In practice, through
the atmospheric correction, the mainadiometric effects in remotely sensed images are
normalized. There is no uniqgue method for the atmospheric effect correction that is simple,
accurate, and widely use@omarasca 2009Asa consequence, humerous methods have been

developed, for specific kinds of problems and different levels of accuracy. Based on the quantity
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and on the accuracy of atmospheric parameters needed to apply them, the methods for studying
atmospheric effects cabe distinguished into two groups:

1 Models based on the physics of the radiative transfer;
1 Methods based on the images (simplified methods).

The first category includes the models solving the equation of electromagnetic energy radiative
transfer through theatmosphere (Radiative Transfer Code). To accurately describe the radiation
propagation, these models need in situ collection measures of the optical properties of the
atmosphere acquired at the same time as the scene acquisition. In general radiatigéetran
codes combined with in situ atmospheric measures produce the most accurate assessment.
Nevertheless, all these procedures are often too expensive and complicated to be commonly
applied. The biggest disadvantage of this kind of correction is thatqgiimes measures of
atmospheric parameters simultaneously with each passing of the sensor. This is often impossible
in monitoring programmes, or when historical series have to be analfGedarasca 2009)In

order to overcome this inconvenience, other correction methods have been proposed, where the
information about the atmospheric properties can be retrieved from the image. Despite these
methods produce less accurate results comparedadiative transfer models, however they are
widely used and are a good alternative when the atmospheric properties during the image
acquisition are not known.

Among the most known image based methods, the Dark Subtraction method is based on the
hypothesisK i Ay GKS a0S8SyS a4 tSFrad 2yS LAESE KI a
contribution hence depends only on the atmospheric component which is subtracted from all the
AYIF 38048 LIAEStfad ¢KS 2LISNI GA2Yy AthatbetteirdpitStRe 6 Y R
dark pixel hypothesis, there are deep and oligotrophic water bodies or sharp shadowed areas.

eectance
aarent

Calibration to
reflectance

Atmospheric
correction

») i Calibration to radiance
radiance ~

eecance

(ground)

Atmospheric
correction

Figurel4 ¢ Radiometric preprocessing needed to obtain comparable measures

In this case study classification obtainedth different level of radiometric prrocessing
(calibrationinto reflectance atmospheric correctiomvith a simplified method Dark Subtraction
andcorrection with a rigorous methodFLAASHYyere compared(Figurels).
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Dark
Subtraction

Calibration 4 FLAASH

/' Radiometric
pre-
processing

Figurel5 ¢ Radiometric preprocessing compared ithe study

Calibration is performed with the Landsat Calibration tool provided by ENVI© that automatically
reads calibration parameters from thmetadata associated to the image (Data acquisition, sun
elevation, satellite sensor) and performs the me@cessing.

Dark subtraction is performed with the Dark Subtraction tool provided by ENVIO that applies
scattering correction to image data by subttiag the band minimum DN to every pixel in the
selected band (alternatively, other values can be subtracted, depending on the user needs).

Atmospheric correction using model based on the physics of the radiative transfer code is

performed using FLAAS#first-principles atmospheric correction tool that corrects wavelengths

in the visible throughneak Y ¥ NI NER | yYR aK2NI gl @S AYyFNI NBR NBIAZ2Y
Unlike many other atmospheric correction programs that interpolate radiation transfer properties

from a precalculated database of modeling results, FLAASH (Fasbft8ight Atmospheric

Analysis of Spectral Hypercubes) incorporates the MODTRANA4 radiation transfer code.

It starts from a standard equation for spectral radiance at a sensor pixel, L, wiptibsato the

solar wavelength range and flat, Lambertian materials or their equivalents. The equation is as

follows:

J =z ZI " ZZ._

d (3.3)
Zm’ ] R

where:

" 4is the pixel surface reflectance

" e Is an average surface reflectance for the pixel and a surrounding region
S is the spherical albedo of the atmosphere

Ly is the radiance back scattered by the atmosphere

A and B are coefficients that depend on atmospbernd geometric conditions but not on the
surface.

All these variables dependn the spectral channel; the first term in Equati(@3 corresponds to
radiance that is reflected from the surface and travels directly into the sensor, while the second
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term corresponds to radiance from the surface that is scattered by the atmosphere into the
aSyaz2zN» ¢KS RA A&l A yaOddunifyr the &dincekc gffect (spatigl Riixirig of
radiance among nearby pixels) caused by atmospheric scattering. The values of A, B, &and L
determined from MODTRAN4 calculations that use the viewing and solar angles and the mean
surface elevation of the pasurement, and they assume a certain model atmosphere, aerosol
type, and visible range. The values of A, B, S aagelLstrongly dependent on the water vapor

column amount, which is generally not well known and may vary across the scene. If no water
infoNYF GA2y Aa +F@OFAfTlIofST AGQa LlaaArofsS (G2 &St ¢
GKAOK (SyRa G2 O2NNB{IGS 6AGK 61 GSNI @I LI2 dzNX®» L
a Model Atmosphere based on Latitudinal/seasonal depecdeof suface temperature. Thiss

the schema adopted to select the column water vapour amount. It starts from the detection of

the latitude scene in order to select the correct Model Atmosphdragb{ell), and then connect

the estimated water amountT{ablel10).

Since input images were acquired at about Bitude and in the period Jundovember, SAS and

MLS models have to be used.

Model Atmosphere Water vapour Surface air temperature

[g/cm?] [°C]
Subartic winter (SAW) 0.42 -16
Mid-Latitude Winter (MLW) 0.85 -1
US Standard (US) 1.42 15
Subartic summer (SAS) 2.08 14

LAid—Iatitude Summer (MLS) 72,92 21 ]
Tropical (T) N 411 27

Table10¢ Column water vapour amQunts and surface temperatures for the MODTRAN Model Atmospheres

Latitude [°N] Jan Maych May July Sept Nov

80 SAW SA SAW MLW MLW SAW
70 SAW SAW MLW MLW MLW SAW
60 MLW MLW MLW SAS SAS MLW
50 MLW MLW SAS SAS SAS SAS]
40 SAS SAS SAS MLS MLS SAS
30 MLS MLS MLS T T MLS
20 T T T T T T

10 T T T T T T

Tablel1¢ Selection of MODTRAN Modatmosphere Based on Latitudinal/Seasonal Dependence of Surface
Temperature

FLAASH includes a method fetrieving the aerosol amount and estimating a scene average
visibility using a dark pixel reflectance ratio method based on work by Kaufman et@).(IT@e
darkland pixelretrieval method requires the presence of sensor channels around 660 nm and
2100 nm. A darkand pixel is defined to be one with a 2100 nm reflectance of 0.1 or less and a
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660:2100reflectance ratio of approximately 0.45. If thepit image contains bands near 800 nm
and 420 nm, an additional check is performed, requiring the 800:420 radiance ratio to be 1 or
less, which eliminates pixels likely to be shadows and water bodies.
In Landsat images, band 3 and band 7 corresponds teleagth of 660 nm and 2100 nm. If no
dark pixels are found, then an Initial Visibility (estimate of the scene visibility in km) is used.

Finally, an aerosol model should be chosen; the choice of the model is not critical if the visibility is
high. The modechoices are the following:

1 Rural Represents aerosols in areas not strongly affected by urban or industrial sources.
The particle sizes are a blend of two distitibns, one large and one small;

1 Urban A mixture of 80% rural aerosol with 20% sbiké agosols, appropriate for high
density urban/industrial areas;

1 Maritime: Represents the boundary layer over oceans, or continents under a prevailing
wind from the ocean. It is composed of two components, one from sea spray and another
from rural continentaberosol (tlat omits the largest particles);

9 Tropospheric Applies to calm, clear (visibility greater than 40 km) conditions over land
and consists of the smatlarticle component of the rural model. For more details on
MODTRAN aerosol models, see Abreu Anderson (1996).

To sum upthe following parametersvere set to correct images from atmospheric effects using
FLAASH:

. Acquisition Model Aerosol  Ground Scene center
Subset Input image . . .
time Atmosphere  model elevation location
30/11/1999  10:10:04 SAS
28/09/2002  09:58:52 SAS
06/10/1999  10:04:09 SAS TR SED
Torino  24/08/2001 09:59:54 MLS rural 0.4 7038'4.04" E
05/03/2000  10:09:54 SAS
30/07/2001  10:06:28 MLS
02/07/2005  10:00:00 MLS
01/05/2000  10:03:24 SAS
06/10/1999  10:04:09 SAS
21/06/2001  10:00:35 SAS 45°49'40 57" N
Asti 23/11/1999  10:03:53 SAS rural 0.27 8°12'13..47" E
24/08/2001  09:59:54 MLS
28/09/2002  09:58:52 SAS
02/07/2005  10:00:00 MLS

Tablel2 ¢ Set parameters fothe atmospheric correction with FLAASH
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3.2.4 Feature extraction

3.2.4.1 Attributes: indexes and spectral information

Spectral indexes are often used in remote sensing applications in order to predict, model or infer
surface process. They can be used to assess in the monitoring of several different land change
processes, such as vegetation health and status, burned éireaseverity, or to help in the
identification of a certain thematism.

An optimal spectral index is very sensitive to the desired information (e.g., the amount of
vegetation), and as inselisie as possible to perturbinfactors (such as soil color charsger
atmospheric effects). Since both the desired signal and the perturbing factors vary spectrally, and
since the instruments themselvemly provide data for particular spectral bands, optimal indexes
should be designed for specific applications and ipatar instruments(Verstraete and Pinty
1996).

A spectral index should:

1 Maximize the sensitivity of certain surface properties. Ideally, such responses should
change linearly to allow both ease of scaling and use overde wange of surface
conditions;

1 Normalize or reduce effects due to sun angle, viewing angle, the atmosphere,
topography, instrument noise, etc, to allow consistent spatial and temporal comparisons

1 Be linked to specific and measurable surface processes (e.g. biophysical parameter such
asLAl, biomass, APAR, etd)e. be related to a measurable parameter or process

In this study classifications obtained with different kind of information (only spectral information,
only indexes, spectral information and indexegre compared Figurel6).

The aim is dual: on one side, the purpose is to evaluate if indaxesselected as suitable
variables from the algorithmon the otherA G Q & edito/kindsvyivRich indexes more easily allow
to separate classes
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Indexes
Spectral inﬁ)er?\itriaoln
information | / and indexes
I"‘.‘ /’ -
7,
 Attributes

Figurel6 ¢ Set of attributescompared in thestudy

After a literary review, and accordirig our needs, indexes that were taken into account in the
study arethe following:

1 Normalized Difference Builtp Index(NDBI)

Proposed by Zha et al. in order to automate the process of mappingupiitreas it takes
advantage of the unigue spectral response of buitareas and other land cove(Zhaet al.
2003)

A-vd-

- (349
4o 4- 1

. $"

Used inconjunction with a traditional Normalized Difference Vegetation Index (NDVI), the NDBI

was reported to be an effective technique to map urban butareas with the total accuracy

92% inthe city of Nanjing, eastern Chintn this area, a binary image waseated with the

hypothesis that the positive value of NDBI should be fuglareas and the positive value of NDVI

should be vegetation. Such recoding process made the approach unable to separate urban areas

from barren and bare land and suggested thé. g2 | OKQa dzy A @GSNEIf Ad& ySSR (2
3S23ANI LIKAO FNBF&a RdzS (2 (GKS O02YLX A (He(a®IKie & LISOG NI €
2007)

1 NormalizedDifferenceBlue BandBuilt-up index(NDBBBI)

Suitable for detecting buitip areas, a normalized differenégdex accounting for the bluband
component in buikup areas and barren land (NDBBR#sdefinedby Baraldi et al irR006as:

Cg oy 4 -p4d4-v

(3.5)
4-p4-vmBimp
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1 NormalizedDifference Vegetation Index (NDVI)

One of the most frequently used vegetation inddXDVI relates the spectral absorption of
chlorophyll in the red with a reflection phenomenon in the near infrared, influenced by the leaf
structure type. It is defined as:

4-14-0
(3.6)
'$6)4—r4—0

Negative values correspds to water, positive valuesear to zero corresponds to soighile
higher values, between 0.2 and 0.6, are related to the presence of vegetation, till to 0.8 for very
dense vegetatioiiBrivio et al. 2006)

1 Built-up index (BUI)
Used inLee et aland defined as:

“5).%$"). $6) an

BUI takes the form of high values in théan areas and low values in the rorban areas

1 Test index

IN
A

(3.9)

O
T
@)
O
N
C
.|
>

The proposed index takes into account that in urban areas (such as in bare soil), reflectance in
band 4 is similar to reflectance in band 7 but urban areas have lower values than bare soil in band
5.
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Employed attributes Attributes Spectral range/formula
Band 1 0.45¢ 0.52 pm
Band 2 0.52¢ 0.60 pm
) ) Band 3 0.63¢ 0.69 um
Spectral information
Band 4 0.76¢ 0.90pm
Band 5 1.55¢ 1.75um
Band 7 2.08¢ 2.35pm
NDBI ML Lt
Yo “Yur
NDBBBI 4-p4-v
4-p4d4-vm@rnp
Indexes e
NDVI u
Yut “Yuo
BUI NDBI NDVI
Test_index 4 -0 4—T
4 -x

Table13 ¢ Attributes used for the classification process

A summary of tested attributes is providedTablel3. Spatial information and indexes ere used

both individually, both together.

3.2.4.2 Training of the classifier on multiple land cover

types

Sample areawere detected on the reference image in andto belong to these classes:

Urban (residential buildings)
Industrial areas (industrial buildings)
Vegetation

Water

Bare soll

=A =4 =4 4 =4

Two options were tested during the creation of the training set: in one case input related to
residential and industriab dzA f RAy3a ¢SNB YSNHSR (G23SGKSNJ Ay
Ofaaz IyR Fftf GKS 20KSNJ YSNESR (23SGKSNJ Ay
second case all classes were considered separately. We refer-ttaas2classifier or to ad@ass
classifier Figurel?), thus resulting in classifiers with two or five leaf nodes.
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2 classes 5 classes

/

Classes

Figurel7 ¢ Number of classessed to learn the classifier

This step allowsassessingwhether the use of a higher number of classes improves the
classification accuracy compared to the use of two larger classes.

3.2.4.3 Training o f the classifier on multi -temporal data

Sample areas detectedn the reference image led to the creation of two training set:
information were derived from a single scerig on one caseonthe other information related to
every single pixelkere obtained as a mean over the chosen multitemporal st&ég(rel8).

The multitemporal stack is a set of images acquired on the same area in different periods of the
year: a spectral signature obtained as a&an over the chosen multitemporal stack is more
representative of possible modifications as the season changes, but can also create confusion in
the learning phase: the aimvasto evaluate if the use of a multitemporal staakudd be a pro or a

con for theclassification process.

The conceptiorwasthat certain kinds of land cover change more according to the season (e.qg.
vegetation, crops, etc), while other are more stable (e.g. urban, bare $w@lemployment of a
multitemporal stack could be able to @t this property.

Cloud presence or possibkariations of land cover in the multitemporal set werealuated case
by case.
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Multitemporal

Single image stack

/

| Temporal
extension

Figure18 ¢ Temporal extension of the training set

3.2.5 Training set generation

Sample areas detected dhe reference image have to be intended ageographic locatiorof
pixels where information (spectral or not) are extracte@dprder to obtain training sets built with
RAFTFSNByY 1AYR 2 T Tmiling (i deNBganeraticii W& pedoinfed)
Obtainedtraining setswere laterused as input to train the classifier. Since the software used to
process the images (ENd/Isection2.3) is differentfrom the one used for the learning process
(Weka,section2.3), the procedure also talsanto consideration the conversion in a format and
structure usable in the following steps.

Figure21 shows procedures used to obtain the desired training sets; every image X is first
pre-processedni order to obtain a calibrated image, an atmospherically corrected with Dark
Subtraction image and an atmospherically corrected with FLAASH image; then, indexes are
computed from every image with the procedure Compute_index.pro the procedures,
Single_imag_stat.proand Multitemp_image_stat.provere then used in order to obtain the 36
training sets as represented iRigure 13. These procedures combinenage preprocessing
(Section3.2.3 with the different chosen variables, that is the use of different attributes (Section
3.2.4.7), the training of the classifier on two or more land cover types (Se&i@®.2 and the

use of different temporal extension of the training set (SecB8a4.3.

Indexescomputation

Indexes (NDBI, NDVI, NDBBBI, BUI, test_index, s&c#iah]) were computed from each pre
processed image with the procedut@ompute_index.prdFigure 21). The procedure gives in
output an image with 5 bands, one for each index. In case of atmospherically corrected with
FLAASH images, the input is first converted in a radiance value ranging from O to 1 (FLAASH
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automatically scale the output with adtor 10000), then a check is performed on DN valoes
order to set value out of the range (0;1) equal to ntBQ). Infact, if very low radiance values are
present in the image, theRLAASH may not be able to model the reflectance accurately and some
negative reflectance valuesan be found on the image; the same thing can also happen to very
high radiance value that are converted in values greater than 1.

Statistics computation

In this step, spectral information and indexes valae extractedfrom the regions of interest,
the sample areadnformation must be provided in a format compatible with Weka, whose native
format is an ARFF (Attributeelation file format) fileThe bulk of an ARFF file consists of a list of
independent, unorderedinstances (no relationship among instances is involvednd the
attribute values for each instanceseparated by commasThe header of thdile (example in
Figurel9c)is composed by the name of the rétan (TO_2005_spectral DS _5clpandby a block
defining the attributesB1, B2, B3, B4, B5, B7, targétdminal attributes are followed by the set
of values they can take on, enclosed in curly brafes example, in target attribute: {'urban
"'industrial ','water ','vegetation ','bare soil .})Numeric values are followed by the keyword
numeric.

After the attribute definitions there is an @data lineathsignals the start of the instances in the
dataset. Instances are written one per line, with values for each attribute in turn, separated by
commas.

Nevertheless, CSV (comsaparated value) format is also accepted from Weka, thanks to the file
format converters available in the software. The appropriate converter is used based on the
extension and the .csv file is automatically converted in ARFF format.

Figurel9 provides an example of the export of a spreadsheet (a) in CSV format (b); it consists in a
list of records with commas between items. This file, readable from Weka, can be used as it is and
eventually also exported in ARFF format (c).

Sinde_image_stat.proand Multitemp_image_stat.proaim at creating the CSV files containing
atldradadoa 2F GKS Al YLX FigureRSFigdraR3, Rigyire2d) Kstatisticst A y 3
areYSNBfe& (KS @IftdzSa 2F G(KS 5baz Figkees Hgurk2p (KS
Figure27, Figure28, Figure29, Figure30), DNs of the whole stack are considered and, for each
5bs | Y8ty 050688y (KS OFtdSa 2F GKFHG 5b Ay |
performed as an intermediate step.
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0.152720
0.188979
0.131728

target
urban
urban
urban
urban
urban
urban

(@)

B1, B2, B3, B4, B5, B7, target

0.0791598,
0.0805990,
0.0877954,
0.0791598,
0.0834776,
0.0748420,

0.118760,
0.108997,
0.115506,
0.112251,
0.120387,
0.105743,

0.124161,
0.110691,
0.122665,
0.127155,
0.140625,
0.122665,

0.157488,
0.136829,
0.133385,
0.143715,
0.167818,
0.150601,

0.183836,
0.141449,
0.157596,
0.173744, 0.152720,urban
0.214113, 0.188979,urban
0.1575R631728,urban

0.154629,urban
0.118370,urban
0,aA4#v0

(b)

@relation TO_2005_spectral_DS_5class

@attribute B1 numeric

@attribute ' B2' numeric

@attribute ' B3' numeric

@attribute ' B4' numeric

@attribute ' B5' numeric

@attribute ' B7' numac

@attribute 'target' {'urban ','industrial ','water ','vegetation ','bare soil '}

@data

0.07916,0.11876,0.124161,0.157488,0.183836,0.154629,'urban '
0.080599,0.108997,0.110691,0.136829,0.141449,0.11837,'urban '
0.087795,0.115506,0.122665,0.133385,0894,0.14127,'urban '
0.07916,0.112251,0.127155,0.143715,0.173744,0.15272,'urban '
0.083478,0.120387,0.140625,0.167818,0.214113,0.188979,'urban '
0.074842,0.105743,0.122665,0.150601,0.157596,0.131728,'urban '

©)
Figurel9¢ Input data in spreadsheet format (a), CSV format (b), ARFF format (c)
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3 Methodology

Land cover classes are automatically convertedUiban (urban and industrial) antllon Urban
(water, vegetation, bare soil) classes in thel@ss version, or left as they are in thecl&ss
version.Detailed explanatiomf the different afforded cases is providedkigure22 to Figure30;
Table 14 provides a summary of the procedure used according to the case, Wijlae 20
provides thedegend used in the above mentioned procedures.

Temporal extension of

Procedure the training set Attributes Pre-processing

Figure22a Calib, DS
_ Only spectral

Figure22b FLAASH

Figure23a ] ) ] Calib, DS
_ Single image Only indexes

Figure23b FLAASH

Figure24a i Calib, DS
i Spectral and indexes

Figure24b FLAASH
Figure25 Calib, DS
, Only spectral

Figure26 FLAASH
Figure27 ) ) Calib, DS
, Multitemporal stack Only indexes

Figure28 FLAASH
Figure29 , Calib, DS
i Spectral and indexes

Figure30 FLAASH

Table14 ¢ Overview of the different applied processing

In general, workflows take into account that:

1.

If information is extracted from imagg®oth spectral or indexgalibrated or corrected

with Dark Subtraction, nd Y 4§ SNY SRA I (S ¢sHodld hie éifhryiesbeford INR O S :
extracting the CSV fil@=igure22a, Figure23a, Figure25, Figure27). This is verified also

when information is extracted from both spectral and indexes imagegsther (Figure

24a, Figure29);

If information is extracted from spectral images corrected with FLAARIre22b), DN

values must be scaled of a factor 10000 and a preliminary check performeth® DN

value: ifit is not appropriate (out of the range [0;1]), it must be removed from the output;

If information is extracted from the index imageorrected with FLAASIHigure23b), not
appropriate values are already set as ntI99y A 1 Q& Sy 2dza3K (2 NBY2 @S
output;

If information is extracted from both spectral images and index images corrected with
FLAASKFigure24b), step 1 and 2 are performed

LT AYTF2NNIFGAZ2Y A& SEGNI OGSR FNRY | Ydz GAd
intermediate output Figure25to Figure30); i KS OSf f  Aryagelisks&t nub-Y' S | vy £
999) if almost one of the DN in the mulémporal stack is not appropriate (out of the
range(0:1)for spectral informatiorwith FLAASKFigure26), null for indexesvith FLAASH
(Figure28), otherwise the mean is computed. When spectral information and indexes are

used together, the above mentioned processing bogh performed Eigure24b, Figure

30).
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3 Methodology

TEXTUAL LEGEND

X1...Xq: input images

S: images containing Spectral Information

I: images containing Indexes

a: calibrated images

b: atmospherically corrected with Darsk Subtraction images
c: atmospherically corrected with FLAASH images

GRAPHIC LEGEND

Image with spectral information calibrated or corrected with Dark subtraction

Image with spectral information corrected with FLAASH

UL

Image with indexes calibrated or corrected with Dark subtraction

Image with indexes corrected with FLAASH

/I Output in CSV format (training sets)

Implemented procedures

Figure20 ¢ Textual and graphic legend used igure21to Figure29
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/ Image_X; ;‘ + Compute_index.pro |

XS XbS ¢ XicS
Outline values
Image_X;_calib / Image_X,_DS / Image_X; FLAASH / FLAASH
_________________________________________________________________ ORI e R R R
Xal Xbl v Scaled to 10000
Index_image_X,_calib / Index_image_X,_DS / l

Cell value in [0;1]
in bands of interest

Cell set to null
(-999)

Xicl
Index_Image_X;_FLAASH

Training sets /

Figure21 ¢ Overview of the proceduresised in order to create training sets to learn the classifier with detail on thethodology used for image prprocessing and indexes computation
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X.as / E

____________________ -

! Usable for
Sample Creation of calibrated (a)
areas textual file > and corrected
with Dark
/\ Subtraction (b)
images
1aS_2cl.csv / 1aS_5cl.csv / ( ! X,cS ’

Training sets

Only spectral info

Scaled to 10000

Cell value Cell removed from
Usable for )
corrected with in [0;1] output
FLAASH (c)
images

Sample Creation of
areas textual file

1cS_2cl.csv / 1cS_5cl.csv /

Training sets

SINGLE IMAGE

Figure22 ¢ Methodology used from the procedureSingle image_stat.proin order to create training sets with spectral information as attributes; ddtan stepsusedfor calibrated or
atmospherically corrected with Dark Subtraction images (figure higher left) and for atmospherically corrected with FLAA§Eki(figure lower right)is provided



E \ ' Single_image_stat.pro '
£ Xqal . (or
—
5 |
Usable for
Sample Creation of calibrated (a)
areas textual file and corrected
> with Dark
Subtraction (b)
images
1al_2cl.csv lal_5clesv  /
Training sets
Cell value Cell removed from
Usable for NE -999 output
corrected with
FLAASH (c)
images
Sample Creation of
areas textual file
w
(0]
< }
2 lcl_2clesv [/ 1lcl Sclesv [
= \ Training sets
vl

Figure23 - Methodology used from the procedureSingle_image_stat.pran order to create training sets witlindexes as attributes; detail osteps usedor calibratedor atmospherically
corrected with Dark Subtraction images (figure higher left) and for atmospherically corrected with FLAASH images (figure lowgisrigrotvided



/ / i
X,as f X.al | 3 ;

Usable for

‘Creation of“ calibrated (a)
areas textual file and corrected
> with Dark
/\ Subtraction (b)
images
1asl_2cl.csv / 1aSI_5cl.csv / ’ X,cS ;

Spectral info + index |

Training sets ) ‘
Scaled to 10000

I L Cell value

NE -999

v
Usable for Cell value Cell removed from yes
corrected with in [0;1] output
FLAASH (c) <
images

Sample Creation of
areas textual file
1cS_2cl.csv / 1cS_5cl.csv /

\ Training sets

| SINGLE IMAGE

Figure24 - Methodologies used from the procedur8ingle_image_stat.pran order to creae training sets with spectral information and indexes as attributes; detail 8imgle Image
procedure for calibratedbr atmospherically corrected with Dark Subtraction images (figure higher left) and for atmospherically corrected with FLiA®SES (figurdower right) is
provided.



Multitemp_image_stat.pro

X,as | X,as |

l

Creation of a
“mean” image Usable for
calibrated (a)
and corrected
> with Dark

Creation of a Subtraction (b)
Sample .
multitemporal images
areas .
textual file
naS_2cl.csv / naS_5cl.csv /

Training sets

Only spectral info

Y

MULTITEMPORAL STACK

Figure25 - Methodology used from the proceduréMultitemp_image_stat.proin order to create training sets with spectral information as attributes; ddtan steps used for calibratedr
atmosphericallycorrected with Dark Subtraction images provided



K] i Multitemp_image_stat.pro
= | I
= : ________________________ ez=="
=
(=1
@
o
wvy
>
=
@] /
Sample
Scaled to 10000 Scaled to 10000
f areas ;
T Y
Creation of a Cell value yes Creation of a
“mean” image NE -999 —»  multitemporal
Cell value in [0;1] 42 4 textual file
in all the n-images
F
no
Cell EQ “mean” in
) ncS_2cl.csv ncS_Scl.csv
the mean image

S
< Cell removed from
» CellEQ-999 in output
b the mean image
@]
o
=
= S~ I
= __-"“‘-vf"-___
=1
g Usable for corrected with FLAASH (c) images

Figure26 - Methodology used from the proceduréMultitemp_image_stat.proin order to create training sets with spectral information as attributes; ddtan steps usedfor
atmospherically corrected with FLAASH imagesprovided
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Figure27 - Methodology used from the proceduréMultitemp_image_stat.proin order to create training sets with indexes as attributes; détan steps usedfor calibrated or
atmospherically corrected with Dark Subtraction imagissprovided



Only index

Sample
! Xicl ; \\ Xncl areas

Creation of a
yes )
—> multitemporal
textual file

Creation of a
“mean”image

Cell value
NE -999

F 9

Cell value NE -999
in all the n-images

no

ncl_2cl.csv / ncl_5cl.csv ;’(

/ /

Cell EQ “mean” in
the mean image

Cell removed from

CellEQ-999 in output
the mean image

———

Usable for corrected with FLAASH (c) images

MULTITEMPORAL STACK

Figure28 - Methodology used from the proceduréMultitemp_image_stat.proin order to create training sets with indexes as attributes; ddtan methodologies usedor atmospherically
corrected with FLAASH imagesprovided



_________________________

Spectral info + index

Sample
areas
A

XiaS XnaS
l I
v Creation of a
Creation of a “mean” image > multitemporal
T T textual file
I I
Xscl Xqcl
ncS_2cl.csv ncS_5cl.csv
S~ I
—

Usable for calibrated (a) and corrected with Dark
Subtraction (b) images

MULTITEMPORAL STACK

Figure29 - Methodology used from the proceduréMultitemp_image_stat.proin order to create training sets with spectral information and indexes as attributes; dieda steps used for
calibrated or atmospherically corrected with Dark Subtraction imagegrovided
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Usable for corrected with FLAASH (c) images

Figure30 - Methodology used from the proceduréMultitemp_image_stat.proin order to create trainhg sets with spectral information and indexes as attributes; di¢tan steps used for
atmospherically corrected with FLAASH imagdegrovided



3 Methodology

3.2.6 Classification

The classification process invodvine following steps:

1) Each training set previously creategsused as input to train the classifier;

2) For each training set a modehscreated using the J48 algorithm;

3) The generated modelasconverted in a procedure that associatde rules to the input
image and that can be launched by ENVI software;

4) Proceduresverelaunched and thematic maps created.

Since the first and the second stepad to beperformed in the Weka environment, while the
fourth had to beperformed in ENVI environment, the third ste@snecessary in order to move
from one environmat to the other.

Figure31 shows the methodology and the procedures used for the classification pracaisséng
sets (CSV filesyenerated in the previous steps veewused asnput filesfor the classification;
Of FaaATASR AYI3ASa gSNB GKS AYF3ISa O2yaArARSNEBR
OADPSd GKS &lYS AYIF3IS 2F GKS qaAiay3datsS Ayl 3as¢eg Of
Procedures computed to automate thstep are the following:

1 Tree extraction from output weka.pro

1 IDL codes generation.pro

Tree extraction from output weka
The output generatedby j48 algorithm(examplein Annexlll) is a textuafile composed by:

1 Run Informationa list of informationgiving the learning scheme tvpns, relation name,
instances, attribbtes and test mode that were wolved in the process

1 Classifier model; a textual representation of the classification model that was produced
on the full training data.

1 Summary; a list oftatistics summarizing how accurately the classifier was able to predict
the true class of the instances under the chosen test mode.

f Detailed Accuracy By Class more detailed petOf  a& oNBIF{ R2g¢y 27
prediction accuracy.

1 Confusion MatrixShows how many instances have been assigned to each class. Elements
show the number of test examples whose actual class is the row and whose predicted
class is the column.

This procedure ained at extracting only information about the model, that is rules and decision
thresholds (i.e. the tree) detected by the algorithm, to be used in the following step.

IDL_codes_generation
The tree extracted from the Weka outputvas then converted in a IDL pomdure.

It allowedapplyingthe detected rules to the input image in order to obtain a thematic map
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Training set
(CSV)

Y

Classifier
learning (148)

S

Classification —7/ Thematic /
map

Figure31 ¢ Methodology and procedures used for the classification process
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3.2.7 Post-processing

Postclassification processing an important step in improving the quality of classifications (Harris

and Ventura 1995, Murai and Omatu 199#%f&novet al. 2001, Lu and Weng 2004); filters can be
applied to reduce the noise that come out from traditional A ESt Of | 8aAFASNI 064
effect).

Essentially, two filter havereretested in this work:

1 Sieve
1 Majority analysis

Sieve

Sieve classes helps in solving the problem of isolated pixels occurring in classification images. It
removes isolated classified pixels using blob grouping. The sieve classes method looks at the
neighbouring 4 ol pixels todetermine if a pixel is groupedith pixels of the same clas$he
four-neighbor region around a pixel consists of the two adjacent horizontal amdadjacent
vertical neighbours, whilehe eightneighbor region consists of all the immediately adjacent
pixels. If the number of pixel#n a class that is grouped is less than the value entered, those pixels
are removed from the class.

Tests were performed with a group threshold of 4 pixels and 4 oy & A 3 K pifetzNTh
LINEOSaaAy3d LISNF2NN¥SR 6AGK n ySAIKo2dzNJ LIAEST &
Pixels removed from the clasgere set to null; a procedurvasapplied in order taassigrthe null

@ t dzNan uib@t o0t | 34 @

Majority analysis

Majority analysichanges spurious pixels within a large class to that class. A kernel size is used in
order to replace the center pixel in the kernel with the class value that the majority of the pixels in
the kernel has.

The analysis can be applied only to certain claiste cell value can be changed only if it owns to
one of theselected classes, not otherwise. Nevertheless, if the unselected class risajhaty

class in the kernel, center pixels of selected classes can be changed into an unselected class.
Sincethe aim wasto eliminate areasat low urbandensitythat are difficult to be detected, the
classUrbanwas selected; a majority filter with a kernel size 8x&applied.

Postclassification processisgvere applied on both classified images and validatiorskyasince
performedtest cases demonstratea best efficiency of the majority analysespecton the sieve,

a procedure was created in order to pgmbcess all thematic maps with the majority filtering
(Figure32).
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o

thematic map Post-classification.pr

A 4

Post-processing
(majority filtering)

l

/ Filtered /

thematic map

Figure32 ¢ Post classificatiorfmajority filtering) procedure applied

3.2.8 Accuracy assessment

The main objective of accuracy assessment is to derive a quantitative description of the accuracy

of the map. This is a nontrivial task, andstNE 02 3y AT SR (KIF i GKSNB Aa y?2
method of accuracy assessment, but rather a suite of mettuiddsarying value and applicability

for any given map and purpog&trahler et al. 2006)An overall measure of map accuracy (a

single statement to provide an index of the general quality of the thematic map) and measures of
accuracy on a pexlass basis are desired.

The three basic components of an accuracy assessment are:
1) ThesamplingDesignused to select the reference sample;

2) TheResponseDesignused to obtain the reference lartbver classification for each sampling
unit;

3) TheEstimation andAnalysisProcedures

The Sampling Designis the protocol for selecting the locations at which the reference data are
obtained. Implementing a prohbility sampling design cornilbutes to a scientifically densible
accuracy assessment

The defiition of probability sampling focuses on inclusion probabilities, where an inclusion
probability is defined as the probability that a particular pixel will be chosen for the sample.
Probability sampling requires these inclusion probabilities to be knowralfgpixels selected in

the sample, and nonzero for all pixels in the population (the entire region mapped). Many
probability sampling designs have been develgmthple random, stratified random cluster and
systematic sampling are all probability samglidesign where inclusion probabilities do not have
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3 Methodology

to be computed explicitly because they are already taken into account in the standard estimation
formulas.

¢KS NEFTSNBEYyOS 2N alGNHzS¢ OflFaaAFAOFIGAR2Y Ydzad o
resolution data, using ground visits or other available ancildaya. The method used to
determine this reference classification is calleBesponse DesigrResponse design can be
subdivided into two components: thEvaluation Protocolwhich consists of procedures used to
collect information contributing to the reference classification determination, andLtakelling
Protoco) which assigns a land coveassification to the sampling unit based on the information
obtained from the evaluation protocol.

The land cover classifications from the map are compéoetie reference classifications, and the
extent to which these two classifications agree is defirex map accuracyStehman and
Czaplewski 1998)

The Analysis and Estimation Protocapplied to the reérence sample dataonstitutesthe third

main component of an accuracy assessmefmn error matrix dectively summarizes the key
information obtained fromthe sampling and response designs providaggreat vealth of
information on a classification. It may beed to provide overall and petass summary metrics of
land cover classification accuraeyoreover itis relatively easy to interpret and is familiar to both
the map user and producer communities.

In this research work, n@amplingDesign was performed due to the availability of ancillary data
on the whole area of interest.

Concerning Response Design, since information to determine the reference classification were
already available, no Evaluation Ryobl was needed; conversely, the Labelling protocol was
ONBIFGSR Ay 2NRSNJI (2 O2y@SNI / ¢wb Ay | NBTFTSNE
paragraph3.2.8.1

The confusion matrix and the derived measures of accuracy, thus resulting in the Analysis and
Estimation Protocol, are instead depicted in paragrapgh8.2

3.2.8.1 Creation of the validation mask (Response Design)

TheperformedResponse Design mainly foedn the definition ofthe Labelling Protocol, that is
necessary in order tdetermine rules for assigning one or maeference classifications to each
sampling unit Reference data used for validatisras Piedmont Region base cartography at scale
1:10.000 in vector format, described gection2.2.3

Some processing were needed in order to convert the cartography, in vector format and
subdivided in a huge amount of different categories, into a raster with only elements of
Urban/Non Urban. The following steps wermnesidered:
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1) Labelling protocol: attribution of CTRN categories to the correct class (Urban/Non
Urban). This steprasperformed automatically, when possible, and manually, when it was
not possible to attribute the whole category to a final class;

2) Conversia into raster format and resampling(Rasterization and resampling)

Labelling protocol

All areal featuresn group 1lwere assigned to Urban class, apart from some exceptions (Codes:
2.01.25, 2.01.32, 2.01.35) where some processing where needed in tramrrectly allocate
features in the right class.

In particular(Tablel5):

9 Areas related to railways (code: 2.01.2%amples irFigure33): features included in this
subgroup were, in general, areas under the jurisdiction of railways authority
(infrastructures, railways, storagegienerally theywere paved areas, but theyoald also
be completely vegetated areas. Since only few featwvese coded in this group, they
were manually checked and assigned to the right class. Only the feature represented in
Figure33awasassigned to Non Urban class since it represdatvegetated area

9 Sports facilities (code: 2.01.35eatures included in this suroups ould be soccer
fields,tennis courts, stadium or indoor sports arenas; all featwese manually checked
and assigned to Non Urban class apart from indoor sports areas or stadium cqverage

1 Not paved areas (code: 2.01,3xamplein Figure34): they representd one of theclass
with higher number of featuresall areas not officially attributed to paved areas became
part of this class. Thegould be both internal courtyardshoth areas near to houses or
vegetated areasHigure34). In order to correctly assign these features, a buffer of 10
meterswasapplied to buildingghouses, industries, churches, castles, etc); all not paved
areas that fall in this buffevere considered as Urbamxample inFigure35).

GROUPL: Streets and railways

Assignment Name Code (2.01....)

e eeciongy 01,02,08.04, 041,05
Elements assigned tg . ’ ’ 06, 07,08, 42, 33
‘ traffic islands, manoeuvre areas
Urban class without .

anv modification Squares and parking 30
y Gas stations 41
Paved areas 31
Elements assigned tg Areas related to railways* 25
Urban class after som Not paved areas** 32
processing Sport facilities* 35

Tablel5 ¢ Assignment of CTRN group 1 features to Urban and Non urban class

* Manually assigned at Urban or Not Urban class through visual interpretation
** Assigned to Urban class within a buffer of 10 meters from buildings
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Figure33¢9 EIl YLX S 2F TSI (idzNBa O2RSR HOPamMPHp o NBI &
another (B) it contains buildings, railways, paved and unpaved areas.
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Figure34 ¢ Examples of a not paved areas (code: 2.01.32), eygmn the image at the top (A) the feature is a
O2dzNIie NRZ FyR AGQa y2G @S3SGFrGSRT Ay GKS f 2gcfddtedayS 6.0 2yS
area in front of buildings.

Figure35 ¢ Example of the buffer applied to buildings in order to assign Not Paved areas to urban class eltwzto
buildings
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Areal featurein group 2were assigned to Urban class, apart from one exceptions: flights (codes:
2.0222). Theyouldeither be paved or vegetated fights so thesere manually checked in order
to assign each feature to the right class.

GROUP 2: Buildings

Assignment

Name Code (2.02....)

Elements assigned tg
Urban class without

Housesjndustries, railway
stations, religious buildings,
historic buildings
Distribution substation,

01, 011, 012, 013, 014

any modification transformer room, silos and tank: fs, 2, 0y
Sheds, greenhouses 07, 071
Other 04, 06, 09
Elements assigned tg
Urban class aftesome Flights* 21

processing

Tablel6- Assignment of CTRN group 2 features to Urban and Non urban class

* Manually assigned at Urban or Not Urban class through visual interpretation

The sole areal elements in GroupTablel?) were cemeteries; theyvere assigned to Urban class
apat from some more vegetated onéSassi, Monumentale, Parco, all in Turin)

GROUP S5round Elements

Assignment Name Code (2.05....)
Elements assigned to Urp Cemetery* 06
class after some processin

Tablel7 - Assignment of CTRN group 5 features to Urban and Non urban class

* Manually assigned at Urban or Ndtban class through visual interpretation

All not mentioned aboveCTRN featurewere included in Non Urban class; in general, Non Urban
areaswere:

All features in group 3/Nater and handiworks related to water

All features in group 6 (Ground Elements)

All features in group 7 (Vegetatign)

The sole areal feature in group 9 (not defined areas, code: 2.09.80)
1 All features manually checked (as mentioned abpve)

= =4 —a A

A complete list of entities making part of RN, together with their codegan be consultedn
Annex I(CTRN Piemonte codes list).
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Rasterization and resampling

The conversion of the new vector dataset into raster format and-saduent resamplingwas
performed in one step, using the Conversion tool provided by Afc®ie conversiorwasbased
on the following parameters:

9 The field used in order to assign values to the output raster; in this casjpghereated
Urban or Non Urbaralue;

1 The method to determine how thealuehas to be assigned toaell when more than one
features falls within a cell; a maximum combined area was chosen, in order to combine
features that falls in a cell and to assign a value to the cell considering the combined
feature with the largest area

1 The alignment of the resulting raster; in order to perfgailign resulting classification and
validation mask, a snapas performed between the two datasets during the execution

91 Cell size of raster dataset; a 30 m spatial resolution was considered.

3.2.8.2 Measures of accuracy (Analysis and Estimation procedures)

Atraditional procedure of verification of the classification accuracy is obtained from the confusion
matrix analysis. The confusion matrix (or error matrix) represents a contingency table in which the
diagonal entries represent correct classifications, greement between the map and reference
data, and the ofidiagonal entries represent misclassifications, or lack of agreement between the
map and reference data. One benefit of a confusion matrix is that it is easy to see if the system is
confusing two clases, i.e. commonly mislabelling one as another.

The use of the confusion matrix in accuracy assessment applications is based on a number of
important assumptions. In particular, it is assumed that each pixel can be allocated to a single
class in both thground truth and the thematiecnapand that these two data sets have the same
spatial resolution and are perfectly registered.

An example of confusion matrix for a tvetass classifier is provided kigure23; it reports on the
lines classes of the produced thematic mapnd on the columns the ground truth classes.
The diagonal elements in this matrix indicate numbers of sample for which thsifidason
results agree with the reference dat@ff diagonal elements in each row present the numbers of
sample thatwere misclassified by the classifiethile the offdiagonal elements in each column
are those samples being omitted by the classifier.

Ground truth
Class {Urbano) Class ZNon urbano)

Classification Class {Urbano) an ar
results

Class ZNon urbano) a1 a

Table18 ¢ Example of confusion matrix to assess the classification accuracy
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Various summaryneasures can be derived from the error matrix to describe accuracy; population
parameters which represent wedlefined probabilities of either correct classificatioor various
misclassifications are here described.

1 Overall accuracfOA) it is theoverall proportion of correctly classifiddNB I | YR A Q3
by the sum of elements in the diagonal divided by the sum of all the elements. It
represents the probability that a randomly selected point is classified correctly on the
map. In a tweclass d@ssification, it can be expressed as:

OA: a11+a22
Q,ta,+aTa,,

Overall Accuracy

Measures can also be derived for each class:

 'aSNRa I OOdzNJi s defintd by theFratidNbet@den @ixal cootly classified
as i and the total number of pixels that have been assigned to that class by the
classification. It represents the probability that a randomly selected point classified as
categoryi by the map, belongs to class i in the reference datah\Wéference toTablel8,
it can be expressed as:

_ 9y
UA(clasg) =——
a;ta,
ASND&a ! OO0dzNT Oe
— Sy
UA(class) = —==—
Ayt 8y

T t NPRdzOSNDR& ! OOdzNI O& ot! 0 F2NJ OfFaa AY A
classified as i and the total number of pixels that belongs to class i in the reference. It
represents the probability that a randomly selected point classified ssgoay i by the
reference data is classified as category i by the map. With referenteli@18, it can be
expressed as:

PA(cIasg)L
1 1

t NE RdZOSNRa ! O00dzNJ O
PA(cIaS§)i
2 2

f Commission Error (GE F2NJ Of a4 AY AGQa RSTFAYSR o0& (F
wrongly classified as i by the classifier and the total number of pixels that have been
assigned to that class
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It represents the probabilityltat a randomly selected pixel classified as i, belongs to another
class in the ground trutiWVith reference toTablel8, it can be expressed as:

- —_ G
CE(classg) =1- UA= —*=—
a,ta,

Commission Error

— —_ 9y
CE(class) =1- UA= —=—
Ay, t 3y,

f Omission Error OB)2 NJ Of 44 AX AGQa RSTFAySHdbngs® GKS NI G
class i in the reference but have been wrongly classified in the map.
It represents the probability that a randomly seledtpixelin clasd in the reference, has
been assigned to another class in the majith reference toTable 18, it can be
expressed as:

— - 9
OE(clasg) =1- PA=—=—
a;tay,

OmissiorError

— —_ S
CE(class) =1- PA=——
ata,

Often used in the field of Information Retrieval and Machine Learning, rarely in Remote Sensing,

is thef-measure defined as a harmonic mean of Precision and Recall; Precision (P) and Recall (or

True Positive Rate, TP YSI adzNBa | NB 2yfe& NBfFTGSR G2 (GKS O2yaj
YSI adz2NBa | NB NBf | ( Sfatse foRitiveirtd trué ye§afive igtfaldsSnegatdd | 3 a 0

rate). Since wavere interested in classifying one specific land type (urbt®,urban classvas

consideredi K S & LJ2 & Jaidxh@® Soacepbdf-ingasu® washus adaped to our analysis in

this way:

2% P*TP _ 2* PA(cl,)* UA(Cl,)

. =
measure P+TP PA(C|1)+UA(CI1)

CtKAda LINPZARSaA || O2YOAYSR YSIFadzaNBE 2F t NERdzZOSNRa |y

The procedureonfusion_matrix.prgFigure36) was created in order to carry out all the steps of
the Accuracy Assessment; the procedure combine classes if the impu$-class classification
(class are assigned to Urban or Non Urblass) and extrastmeasuresf accuracy comparing the
classification and the validation mask. The procedure was applied to botkppmstssed and not
post-processed images: in the case where posicessed images where used, also the validation
mask was pst-processed in the same walyigure37).
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3 Methodology

3.3 Data collection and analysis

3.3.1 Study area

The Piedmont region, located in the nowtvest part of Italy, was chosen as study area.

The proposed methodology, described in sectih@, was applied to two different geographic
areas, one including Torino administrative center, the other including Asti, one of the Region
district. We thus refer to:

1 Torino case study
T Asti casestudy

Data used for the training phase are all part of Landsat ETMeffstmllection, described in
section2.2.1.2 data used for the classifitan process are instead part of GLS 2005 collection,
described in sectiorR.2.2 data for validation is the CTRN, described in secBicdh3 with
different update according to the analyzed area.

All data used in the case study are showiidtlel9.

Data for training set

Case study (date and mth/row) Reference data Data for validation

06.10.1999 (194/29)
24.08.2001 (194/29)
28.09.2002 (194/29) GLS 2005

Torino 30.11.1999 (195/29) date: 02.07.2005 CTRN 2005
05.06.2000 (195/29)  Path/row: 194/29
30.07.2001 (195/29)
02.07.2005 (194/29)
06.10.1999 (194/29)
24.08.2001 (194/29)
28.09.2002 (194/29) GLS 2005 CTRN 2004

Asti 23.11.1999 (194/29) date: 02.07.2005

01.05.2000 (194/29) ~Path/row: 194/29

21.06.2001 (194/29)
02.07.2005 (194/29)

Table19 ¢ Data used for the analysis

The dimension of the investigated areas influenced byhe availability of the CTRN; 5 section of
the CTRN were investigated in Torino case study, 61 in Asti case study, for a total o2 &bout
km?in Torino case study and 2.250 kim Asti case study.

A representation of the investigated axés provided irFigure38.
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4 Results

4.1 Introduction

Results are expressed in terms of accuracies reachable by each classifier; accuracies, obtained by
comparing theresulting classificaticswith the validation maskare expressed in terms of Overall

I OO0dzNI O& o6h! 00X t NEPRaz(Pd NMEIEUA) aydRfeasud &éfdeiice to Ghd dz
Accuracy Assessment described in secBch§.

In this chapter,a general overview about classifsigperformances isnitially provided (section
4.2); asummary of best classifiers and rulaat constitute themis hereinincluded Aqualitative
analysis is then given in order to evaluate the spatial distribution of ersmstibn4.3). The
different testes variables are then evaluatesk¢tion4.4): pre and post processing applied to
images, as well other features, thate attributes, training of the classifier on multiple land cover
types, use of a multitemporal stack.

4.2 General overview

The methodology was tested on twdffgrent cases, as describedsaction3.3.1

1 Torino case study;
9 Asti case study.

The validation perfamed on Torino case study made use of 5 CTRN sections, and was centered on
the area of Torino city and suburbs. The choice of the #&weaalidate was uniquely due to the
update of CTRN: these 5 sections were the omgswith an update suitable for our aims. Since

Asti region was entirely update in 2004, all available CTRN sections were used (61); it resulted a
validated area with a ndium large urban area (Asti town, about ten times smaller than Torino in
terms of inhabitants)many small towns, and endless sparse houses. Since in this case the urban
density is very different from the other case, another subset was considered foatltaton, in

order to recreate a context more similar to the previous one; although the validation on the
subset made use of 4 CTRN sections, that was more or less the same used for Torino, it must be
taken into consideration that, again, the situationvisry different: in the first case the analysis

was centered in the metropolitan area of Torino and near surrounding, in the second case the
analysis was centered on the town, the surrounding and, again, a huge part of countryside, with a
different level d urban density.

Results Table20) show that best classifiers in Torino alloweghchingOverall Accuracy round
81%, while in Asti case study Overaituracy round 96%07% were reaod.

Overall Accuracy provides information about the whole classification, and it is representative of

how all classes were classified; nevertheless, it happens that, if ai<lzesdly classified but just

fewelements gy (2 (KIFG Oflaax (GKAa R2SayQid adalyR 2

YSSRSR>Y AG Ydzad NBTFSN G2 Oftlaa | OOdzNy O& YSI ac
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4 Reslts

these two measures can have different trenfimeasureis a good way in orddp have univocal
information about reached accuracies. Tlorino case study-rheasure of 77%vere reached,
against just 48%n Asti case studyith the decreasing of the dimension of the validation subset,
f-measure increased till to 66%; this is repnestive of the problem in detecting sparse urban.
Results shown iTable20 are related to posprocessed classifications and are representative of
bed reached accuracies.

TORINO ASTI ASTI subset
N° validated pixel 300.000 2.500.000 200.000
(km?) (270 knd) (2.250 k) (180 knd)
N°used CTRN sections 5 61 4
BestOA 81% 97% 96%
Bestf-measure 77 % 48% 66%

Table20 ¢ Results: general overview

Table from 23 to 28 shows results obtained from each classifier, for dfmsgion with and
without post processingTable23 and Table24 are related to Torino case study, whil@able25,
Table26,

Table27 and Table28 are related to Asti case study, with or without pgsbcessing, with the
validation performed on the whole area or only on a subsethe tableggrey cells represerthe
three bestf-measuresand the three best OAhe green guare underlines the bestlassifiers that
are the ones that provided both better-heasure and OA. &Rults in bold types are instead
related to procedure described in sectigh3, the orange squares underlines classifiers that
provided good results as described in secdoB

A summary of bst classifiers, subdivided according to the case study, is provideahbie21 (pp
stands for posprocessed classifications)

Casestudy TO TO¢pp AT AT-pp AT AT subset
Classifier subset pp
1_index_DS_2cl X
1_index_DS_5cl X X
1_spectral_index_FLAASH_5 X X
1_index_FLAASH_2cl X
1_spectral_index_FLAASH_2 X
1_spectral_index_DS_2cl X X

Table21 ¢ Summary of best classifiey shared according to the case study
These are classifietlat provided, at the same timdaoth best fmeasure and OAs.

LGQ y2GA0SIo6tS K2g +ff o0Sad OfaaAFTASNER YIF1S dzas
information; moreover, all considered classifiers exploit information from just one imagarand
obtained from an atmospherically corrected image.
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The whole trees are shown Figure39to Figured4; rules for the detection of bultip areas
extracted from the following trees are reported Trable22.

NDBI

<=-0244853

/

non urban (616.0)

<=.0465424

/

non urban (41.0/7 0} urban (405.0/1.0)

Figure39¢/ f  aaAFASNI am AYRSE 5{ HnOfl &

NDEEBI

<= 0008572

= 0.006572

water (501.0/1.0)

= 0458584

vegetation (117.0)

=0072057

dustrial (175.0/14.0)

NDBBBI

<=-0465424 =-0465424

bare soil (41.0/7.0) urban (228 0/14.0)

Figure40¢/ t  aaAFTASNI am AYRSE 5{ pOfl aas
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<= 164633 = 1.64683

<=0.035247 = 0035247

== 0194841

<=-0.234464

Figuredlc/ £  8aAFTASNI am AYRSE FflakK nOfl aa¢
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<= (0.1581
«=01327 = 01327
<= 138704 = 138704

. -

= 01561

<= (02668

<= 127099 = 127089

==0098912 > 0098912 ==-0608126> -0.608126 ==0.312

o a0 I—I—/ k E\—

«=0.26845 = 02645

*

—

<= 0183967 > 0183967

/

Figured2¢/ f F aAAFASNI am &LISOG NI €
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= 12621 =1.26211

=0.035247

= 164737
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<=-0176313

=-0.099105

= 134558
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Classifier Rules for the extraction of urban thematism

1 index DS 2class NDBIx-0.244853 andNDBBBF-0.465424

-n®dnc pNDBEBMK N ®nncpTH IINDRX 7

1 index DS 5class .
0.458584 oNDBBBMX, n ®n n c NDVBK ny®R1 T H

Test_indeXXX M ®HC HMM T2dtldndedy avHbne nn C.

NDBDK 51 ®n o pNDWDK h ¢ iR o nNDBBBI-I V' F

ndHonncn ZIdkl imddoKc m b n MBOK |
0.035247 andNDVI> 0.194841

1 indexFLAASHclass

B2>0.1561 andB1> 0.2668 0B2> 0.1561 andB1>X 1 ®H
andtest-index>X M ®H 1BA>0dA562 MHBI1XX 1 PH C ¢
test-index> 1.27099 an®5>X n ® BK /2NN pBSm
0.1327 andest-index>X ™ ® o0 yB2X nn EMNgBSMm |
0.1327 andest-index>1.38704 andNDBBB}-0.608126 and
B4XX n ®H cNDWI> 0.1¢3R67

1 spectral inde¥LAASH class

Test_indeXXX ™M ®H cTeswimdex@ N26211 andNDBDK
0.035247 andest_indexXX ™ ®c n BWX¥0.17638H or
Test_index> 1.26211 andNDBDK 1 @ n o ptestnimdexPKy
1 spectral index FLAASH 2 cle 1.64737 andBUI>-0.176313 andNDBBBF-0.099105 or
Test_index> 1.26211 antNDBDK 11 @ 1 o ptesmimdexPKy
1.64737 andBUI>-0.176313 andNDBBBM¢0.099105 and
test index>XXK mPdonppy

Test_indexXXX ™ @ o yTest idgdex® N38269 and1>
0.070524 andN\DBDK 1 @ n o siTiesh indedy R ®dy T
B5)XX N1 ®H H Fest\index2188269 an@1> 0.070524 and
1 spectral index DS 2 class NDBDK 1 ®n o /iTesy indedky B ®y ¢ B5c 9.22R 18 F
andNDBBBP-0.270233 oiTest_index> 1.38269 an®1>
0.070524 andN\DBDK 1 @ n o niTesh indedy R ®dy T
B5>0.222187 an8iDBBBMK-0.270233 and NDVI > 0.14660

Table22 ¢ Rules for the extraction of urban thematism in the best classifiers
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URBAN NON URBAN

OA PA UA f-measure PA UA
index_calib 69.85% 91.35% 59.03% 71.71% 54.40% 89.73%
o [ index_DS 79.86% 86.90% 71.26% 78.30% 74.79% 88.8104
2 index_flaash 72.72% 91.54% 61.73% 73.73% 59.18% 90.68%
-% spectral_calib 59.58% 97.30% 50.88% 66.82% 32.45% 94.36%
z_cm spectral_DS 59.58% 97.30% 50.88% 66.82% 32.45% 94.36%
8 spectral_flaash 59.46% 97.34% 50.80% 66.76% 32.21% 94.40%
= spectral_index calib  59.58% 97.30% 50.88% 66.82% 32.45% 94.36%
% spectral_index_DS 58.28% 97.63% 50.07% 66.19% 29.98% 94.61%
5 spectral_index_flaash 59.46% 97.34% 50.80% 66.76% 32.21% 94.40%
2 index_calib 77.02% 87.37% 67.38% 76.08% 69.58% 8845%
_ index_DS 78.55% 72.09% 75.52% 73.77% 83.20% 80.56%
g index_flaash 77.37% 69.94% 74.42% 72.11% 82.71% 79.28%
% spectral_calib 75.54% 68.69% 71.67% 70.15% 80.47% 78.14%
é) spectral_DS 63.79% 98.00% 53.68% 69.37% 39.19% 96.46%
E’ spectral_flaash 77.45% 81.33% 69.77% 75.11% 74.65% 84.76%
|C_) spectral_index_calib  79.20% 65.30% 81.29% 72.43% 89.19% 78.14%
spectral_index_DS  78.55% 72.09% 75.52% 73.77% 83.20% 80.56%
spectral_index_flaash 77.37% 69.94% 74.42% 72.11% 82.71% 79.28%
index_calib 71.14% 85.93% 61.01% 71.36% 60.51% 85.67%
o [ index_DS 80.49% 85.62% 72.64% 78.60% 76.81% 88.1304
2 index_flaash 72.61% 90.11% 61.85% 73.35% 60.03% 89.41%
-qg) spectral_calib 67.41% 96.62% 56.46% 71.27% 46.41% 95.02%
En spectral_DS 67.41% 96.62% 56.46% 71.27% 46.41% 95.02%
@ spectral_flaash 58.74% 97.55% 50.36% 66.42% 30.84% 94.60%
I9 spectral_index_calib  68.23% 90.50% 57.66% 70.44% 52.21% 88.43%
% spectral_index_DS 67.93% 89.21% 57.52% 69.95% 52.63% 87.15%
g spectral_index_flaash 59.28% 90.49% 50.75% 65.03% 36.84% 84.34%
8 index_calib 77.72% 66.78% 76.91% 71.49% 85.58% 78.18%
_ index_DS 78.36% 74.98% 73.74% 74.36% 80.79% 81.79%
g index_flaash 79.76% 70.95% 78.59% 74.58% 86.10% 80.47%
% spectral_calib 78.59% 69.12% 77.29% 72.98% 85.39% 79.36%
é spectral_DS 72.63% 92.61% 61.48% 73.90% 58.27% 91.64%
é’ spectral_flaash 77.50% 79.73% 70.41% 74.78% 75.90% 83.89%
E spectral_index_calib  78.59% 69.12% 77.29% 72.98% 85.39% 79.36%
spectral_index_ DS 73.21% 92.48% 62.56% 74.64% 58.88% 91.33%
spectral_index_flaash 77.32% 79.79% 70.12% 74.64% 75.55% 83.87%

Case study: Torino

Postprocessing: NO

[ Best classifiers]

Table23 ¢Qassification without postprocessingor Torinocase studyvalidation results
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URBAN NON URBAN

OA PA UA f-measure PA UA
index_calib 70.10% 92.54% 56.71% 70.32% 56.18% 92.39%
o *index_DS 80.42% 87.42% 69.38% 77.36% 76.07% 90.70%
2 index_flaash 74.03% 92.72% 6049% 73.21% 62.43% 93.25%
-% spectral_calib 57.90% 97.64% 47.57% 63.97% 33.25% 95.78%
é) spectral_DS 57.90% 97.64% 47.57% 63.97% 33.25% 95.78%
n spectral_flaash 57.73% 97.67% 47.47% 63.89% 32.96% 95.80%
I(2 spectral_index_calib  57.90% 97.64% 47.57% 63.97% 33.25% 95.78%
g)) spectral_index_ DS 56.33% 97.93% 46.65% 63.20% 30.53% 95.97%
i spectral_index_flaash 57.73% 97.67% 47.47% 63.89% 32.96% 95.80%
cL\|) index_calib 78.20% 88.79% 66.00% 75.72% 71.63% 91.15%
_ *index_D$ 80.15% 72520 74.85% 73.66% 84.88% 83.28%
g index_flaash 78.91% 69.88% 73.67% 71.73% 84.51% 81.89%
% spectral_calib 76.33% 66.69% 70.05% 68.33% 82.31% 79.94%
% spectral_DS 62.42% 98.58% 50.47% 66.76% 39.99% 97.84%
E spectral_flaash 78.91% 81.55% 69.00% 74.75% 77.28% 87.10%
|C_> spectral_index_calib  80.94% 65.23% 81.28% 72.38% 90.68% 80.79%
*spectral_index_DS | 80.15% 72.52% 74.85% 73.66% 84.88% 83.28%
spectral_index_flaash 78.91% 69.88% 73.67% 71.73% 84.51% 81.89%
index_calb 71.98% 86.68% 59.15% 70.32% 62.86% 88.39%
o [ *index_DS 80.67% 86.78% 69.95% 77.46% 76.87% 90.3604
2 index_flaash 73.23% 91.60% 59.83% 72.38% 61.84% 92.23%
-% spectral_calib 66.60% 97.26% 53.51% 69.04% 47.59% 96.55%
? spectral_DS 66.60% 97.26% 5351% 69.04% 47.59% 96.55%
8 spectral_flaash 56.76% 97.86% 46.90% 63.41% 31.27% 95.93%
F | spectral_index_calib 68.26% 91.17% 55.17% 68.74% 54.05% 90.80%
* spectral_index_DS 68.03% 89.78% 55.06% 68.26% 54.55% 89.58%
5 spectral_index_flaash 58.15% 90.75% 47.56% 62.41% 37.92% 86.86%
8 index_calib 79.14% 68.81% 74.70% 71.63% 85.54% 81.55%
_ *index_DS 79.58% 76.31% 72.01% 74.10% 81.60% 84.74%
g *index_flaash 81.51% 71.61% 78.25% 74.78% 87.65% 83.27%
g' spectral_calib 79.62% 70.73% 74.69% 72.66% 85.14% 82.42%
% spectral_DS 71.00% 94.22% 57.39% 71.33% 56.60% 94.05%
E spectral_flaash 77.51% 81.81% 66.86% 73.59% 74.85% 86.90%
|C_> spectral_index_calib  79.62% 70.73% 74.69% 72.66% 85.14% 82.42%
spectral_index_ DS  71.00% 94.2% 57.39% 71.33% 56.60% 94.05%
spectral_index_flaash 77.34% 81.87% 66.60% 73.45% 74.53% 86.89%

Case study: Torino

Postprocessing: YES

[ Best classifiers] Good classifiers

Table24 - Classification with posprocessing for Torino case study: validation results
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URBAN NON URBAN
OA PA UA f-measure PA UA
index_calib 94.18% 41.41% 38.86% 40.10% 96.78% 97.10%
index_DS 95.70% 27.46% 59.19% 37.52% 99.06% 96.51%
% index_flaash 95.01% 38.01% 46.39% 41.78% 97.83% 96.97%
E spectral_calib 95.14% 26.97% 47.16% 34.32% 98.51% 96.47%
tic; spectral_DS 95.14% 26.94% 47.15% 34.29% 98.51% 96.47%
E spectral_flaash 95.26% 26.19% 49.26% 34.20% 98.67% 96.44%
< spectral_index_calib  93.93% 43.00% 37.40% 40.01% 96.45% 97.16%
8 spectral_index_DS  95.29% 30.24% 49.96% 37.68% 98.50% 96.62%
< spectral_index_flaash 95.01% 38.95% 46.46% 42.38% 97.78% 97.01%
-
2 index_calib 90.56% 52.42% 25.51% 34.32% 92.44% 97.52%
index_DS 80.65% 68.85% 15.34% 25.09% 81.23% 98.14%
o index_flaash 72.72% 69.60% 11.25% 19.36% 72.87% 97.98%
o)
= spectral_calib 95.39% 6.99% 58.34% 12.48% 99.75% 95.60%
(S
% spectral_DS 95.39% 8.78% 56.56% 15.20% 99.67% 95.68%
g spectral_flaash 94.80% 16.65% 38.09% 23.17% 98.66% 95.9%
E spectral_index_calib ~ 95.66% 16.38% 65.86% 26.23% 99.58% 96.02%
< p
spectral_index_DS  95.31% 11.13% 50.82% 18.26% 99.47% 95.77%
spectral_index_flaash 95.20% 13.19% 46.61% 20.56% 99.25% 95.86%
index_calib 95.40% 31.19% 51.87% 38.95% 98.57% 96.67%
index_DS 92.69% 43.42% 30.55% 35.87% 95.13% 97.15%
S index_flaash 91.86% 49.96% 28.90% 36.62% 93.93% 97.44%
@
£ spectral_calib 94.74% 29.37% 41.62% 34.44% 97.97% 96.56%
ié-, spectral_DS 94.74% 29.37% 41.62% 3444% 97.97% 96.56%
't|_7) spectral_flaash 94.68% 30.15% 41.08% 34.78% 97.86% 96.60%
< spectral_index_calib  94.14% 33.12% 36.51% 34.73% 97.15% 96.71%
% spectral_index_DS  88.48% 49.02% 20.18% 28.59% 90.42% 97.29%
< spectral_index_flaash  95.40% 34.19% 51.74% 41.17% 98.43% 96.809
-
3 index_calib 83.89% 54.41% 15.49% 24.12% 85.35% 97.43%
index_DS 92.59% 40.64% 29.29% 34.04% 95.15% 97.01%
g index_flaash 90.88% 36.26% 21.82% 27.24% 93.58% 96.75%
g' spectral_calib 74.78% 2627% 5.38%  8.93% 77.17% 95.49%
é spectral_DS 94.77% 12.85% 34.86% 18.78% 98.81% 95.83%
2 spectral_flaash 94.35% 16.85% 31.28% 21.90% 98.17% 95.98%
(S p _
';: spectral_index_calib  95.30% 5.84% 50.99% 10.48% 99.72% 95.54%
spectral_index_DS  92.05% 1945% 18.05% 18.72% 95.64% 96.01%
spectral_index_flaash 91.52% 21.14% 17.27% 19.01% 95.00% 96.06%

Case study: Asti

Postprocessing: NO

[ Best classifiers]

Table25 - Classification without posjprocessing for Asti case study: validation results
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URBAN NON URBAN

OA PA UA f-measure PA UA
*index_calil 97.42% 38.60% 56.49% 45.87% 99.13% 98.23%
index_DS 97.71% 23.83% 83.09% 37.03% 99.86% 97.83%
% [ *index_flaashH 97.71% 35.18% 68.39% 46.46% 99.53% 98.140/}]
1= *spectral_caliby 97.52% 31.64% 62.23% 41.95% 99.44% 98.04%
% *spectral DS 97.52% 31.60% 62.23% 41.91% 99.44% 98.04%
lC_O *spectral flaash 97.55% 30.38% 64.11% 41.22% 99.50% 98.00%
<C | *spectral_index_caliy | 97.30% 42.28% 52.75% 46.94% 98.90% 98.33%
) *spectral index DS 97.59% 35.31% 63.25% 45.32% 99.40% 98.14%
%’ [spectral_index_flaash 97.73%  37.14% 68.24% 48.10%  99.50% 98.19%
CN) index_calib 95.89% 50.62% 34.57% 41.09% 97.21% 98.54%
_ index_DS 85.07% 74.39% 12.91% 22.00% 85.38% 99.13%
g index_flaash 76.51% 73.35% 8.37% 15.02% 76.61% 99.00%
g' spectral_calib 97.27% 6.85% 68.21% 12.44% 99.91% 97.36%
g spectral_DS 97.31% 8.94% 69.13% 15.83% 99.88% 97.41%
g spectral_flaash 97.06% 18.97% 45.18% 26.72% 99.33% 97.68%
':: spectral index_calib  97.51% 16.40% 78.30% 27.11% 99.87% 97.62%
spectral_index_DS  97.30% 12.46% 61.16% 20.70% 99.77% 97.51%
spectral_index_flaash  97.25% 14.94% 55.29% 23.53% 99.65% 97.57%
*index_calily 97.41% 35.44% 56.92% 43.6%% 99.22% 98.14%
index_DS 96.49% 47.24% 39.85% 43.23% 97.92% 98.46%
%’ index flaash 95.25% 53.59% 30.64% 38.99% 96.47% 98.62%
£ *spectral_caliby 97.16% 35.56% 49.85% 41.51% 98.96% 98.14%
cic; *spectral_DS 97.16% 35.56% 49.85% 41.51% 98.96% 98.14%
ﬁ *spectral_flaash 97.05% 36.34% 47.28% 41.10% 98.82% 98.16%
< spectral_index_calib  96.93% 39.04% 45.05% 41.83% 98.61% 98.23%
%) spectral_index DS 91.59% 58.50% 18.62% 28.25% 92.55% 98.71%
%) *spectral_index_flaash | 97.34% 40.55% 53.93% 46.29% 98.99% 98.28%
3 index_calib 87.26% 58.00% 12.44% 20.49% 88.11% 98.63%
index_DS 95.19% 48.55% 29.08% 36.37% 96.55% 98.47%
Tg index_flaash 93.81% 40.63% 20.32% 27.09% 95.36% 98.22%
g' spectral_calib 75.79% 27.82% 3.43% 6.11% 77.18% 97.3%%
é spectral_DS 96.76% 16.96% 35.11% 22.87% 99.09% 97.62%
g spectral_flaash 96.32% 21.99% 29.76% 25.30% 98.49% 97.75%
':: spectral_index_calib  97.18% 7.70% 51.71% 13.40% 99.79% 97.38%
spectral_index_ DS 95.07% 21.46% 18.33% 19.77% 97.22% 97.70%
spectral_index_flaash  94.70% 22.45% 17.00% 19.35% 96.81% 97.72%

Case study: Asti

Postprocessing: YES

[ Best classifiers] Good classifiers

Table26 - Classification with posprocessing for Asti case study: validation results
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URBAN NON URBAN

OA PA UA f-measure PA UA
index_calib 91.77% 48.69% 58.99% 53.34% 96.38% 94.61%
index_DS 92.89% 39.49% 75.20% 51.79% 98.61% 93.84%
%’ index_flaash 92.36% 45.03% 65.16% 53.25% 97.42% 94.31%
£ spectral_calib 92.82% 43.65% 70.84% 54.02% 98.08% 94.21%
% spectral_DS 92.81% 43.62% 70.84% 54.00% 98.08% 94.20%
E spectral_flaash 93.15% 42.62% 76.01% 54.61% 98.56% 94.13%
<C | spectral_index_calib 91.57% 50.24% 57.32% 53.55% 96.00% 94.74%
% [spectral_index_DS 93.18% 48.59% 71.73% 57.94% 97.95% 94.68%]
j spectral_index_flaash 92.50% 47.28% 65.54% 54.93% 97.34% 94.52%
2 index_calib 89.26% 59.91% 45.76% 51.89% 92.40% 95.56%
index_DS 80.72% 70.84% 29.38% 41.54% 81.78% 96.32%
‘_g index_flaash 74.38% 67.79% 22.%5% 33.85% 75.09% 95.61%
CE)' spectral_calib 91.46% 17.25% 75.57% 28.09% 99.40% 91.82%
é spectral_DS 91.82% 21.56% 77.78% 33.76% 99.34% 92.21%
E spectral_flaash 92.12% 34.27% 68.53% 45.70% 98.32% 93.32%
';: spectral_index_calib 92.73% 31.43% 82.56% 45.53% 99.29% 93.12%
spectral_index_ DS 92.27% 26.24% 80.79% 39.61% 99.33% 92.64%
spectral_index_flaash 92.28% 28.17% 77.83% 41.36% 99.14% 92.80%
index_calib 92.84% 45.12% 70.20% 54.93% 97.95% 94.34%
index_DS 89.49% 53.86% 46.25% 49.77% 93.30% 94.97%
% index_flaash 90.80% 61.72% 52.02% 56.46% 93.91% 95.82%
£ spectral_calib 93.08% 48.44% 70.72% 57.50% 97.85% 94.66%
% spectral_DS 93.08% 48.44% 70.72% 57.50% 97.85% 94.66%
x spectral_flaash 92.99% 48.42% 69.8%6 57.19% 97.76% 94.66%
< spectral_index_calib 92.65% 50.78% 65.43% 57.18% 97.13% 94.86%
% spectral_index_DS  88.50% 63.53% 43.51% 51.65% 91.17% 95.90%
i [spectral_index_ﬂaash 93.39% 50.13% 73.04% 59.45% 98.02% 94.84%]
g index_calib 85.27% 50.94% 33.03% 40.07% 88.95% 94.43%
index_DS 90.11% 47.86% 48.82% 48.34% 94.63% 94.43%
‘_g index_flaash 88.79% 45.12% 42.51% 43.77% 93.47% 94.09%
g' spectral_calib 72.31% 4417% 16.07% 23.57% 75.32% 92.65%
% spectral_DS 91.84% 29.83% 67.72% 41.41% 98.48% 92.91%
g spectral_flaash 91.78% 34.82% 63.64% 45.01% 97.87% 93.35%
':: spectral_index_calib 91.17% 14.13% 72.10% 23.63% 99.41% 91.54%
spectral_index_DS 89.77% 34.01% 46.08% 39.14% 95.74% 93.13%
spectral_index_flaash 89.35% 34.98% 43.64% 38.83% 95.16% 93.19%

Case study: Asti subset Postprocessing: NO

[ Best classifiers]

Table27 - Classification without pos{processing for Asti case studyalidation results performed on the subset

111



4 Reslts

URBAN NON URBAN

OA PA UA f-measure PA UA
index_calib 95.64% 51.83% 75.62% 61.50% 98.80% 96.61%
index_DS 95.66% 40.85% 88.16% 55.83% 99.60% 95.90%
% index_flaash 95.74% 47.13% 81.71% 59.78% 99.24% 96.30%
1= *spectral_cality 95.97% 52.56% 80.8% 63.66% 99.09% 96.67%
%C)» *spectral_DS 95.96% 52.52% 80.67% 63.62% 99.09% 96.66%
'z *spectral_flaash 96.11% 50.96% 85.24% 63.79% 99.36% 96.57%
< spectral_index_calib  95.57% 54.68% 72.58% 62.37% 98.51% 96.79%
% [ *spectral_index_DS  96.12% 57.62% 78.900 66.60% 98.89% 97.010/}
5 *spectral_index_flaash 95.95% 51.47% 81.51% 63.09% 99.16% 96.59%
g index_calib 94.92% 63.78% 61.84% 62.79% 97.16% 97.39%
index_DS 85.20% 76.50% 28.00% 40.99% 85.83% 98.07%
c_g index_flaash 78.45% 70.62% 19.51% 30.57% 79.01% 97.39%
g' spectral_calib 94.29% 17.88% 86.20% 29.61% 99.79% 94.40%
é spectral_DS 94.67% 23.67% 88.91% 37.39% 99.79% 94.78%
E spectral_flaash 95.24% 40.27% 78.29% 53.19% 99.20% 95.84%
':: spectral_index_calib  95.35% 34.71% 89.926 50.09% 99.72% 95.50%
spectral_index_DS  95.09% 30.87% 88.74% 45.80% 99.72% 95.24%
spectral_index_flaash 95.13% 33.05% 85.58% 47.69% 99.60% 95.38%
index_calib 95.60% 53.54% 73.84% 62.08% 98.63% 96.72%
index_DS 94.56% 60.19% 59.35% 59.77% 97.03% 97.13%
% index_flaash 94.20% 68.80% 55.52% 61.45% 96.03% 97.71%
£ *spectral_cality 96.01% 58.26% 76.73% 66.23% 98.73% 97.05%
% *spectral_DS 96.01% 58.26% 76.73% 66.23% 98.73% 97.05%
E *spectral_flaasl 95.89% 58.12% 75.11% 65.53% 98.61% 97.03%
<C | *spectral_index_calib | 95.86% 60.65% 73.19% 66.33% 98.40% 97.20%
% spectral index DS 91.98% 74.94% 44.30% 55.68% 93.21% 98.10%
i *spectral_index_flaash 96.01% 59.96% 75.57% 66.86% 98.60% 97.16%
8 index_cdib 89.01% 52.71% 31.20% 39.20% 91.63% 96.42%
index_DS 93.54% 57.17% 51.77% 54.33% 96.16% 96.89%
‘_g index_flaash 92.12% 50.88% 42.76% 46.47% 95.09% 96.41%
g' spectral_calib 73.37% 48.97% 12.42% 19.81% 75.12% 95.34%
% spectral_DS 94.66% 37.28% 69.00% 48.41% 98.79% 95.63%
g spectral_flaash 94.53% 43.51% 63.55% 51.66% 98.20% 96.02%
';: spectral_index_calib  94.01% 16.45% 74.82% 26.97% 99.60% 94.30%
spectral_index_DS  93.51% 41.12% 52.15% 45.98% 97.28% 95.82%
spectral_index_flaash 93.17% 41.39% 49.05% 44.90% 96.90% 95.83%

Case study: Asti subset Postprocessing: YES

[ Best classifiers] Good classifiers

Table28 - Classification with posprocessing for Asti case study: v@dition results performed on the subset
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4.3 Qualitative analysis of classification error (Spatial distribution of
error/ quality control)

The erroneous allocations made by a classification are typically not randastriputied over the
region (Congalton 1988; Steele et al. 1996)ten there is a distinct of thematic errors arising
FTNRBY (KS &S y@EeadIsshndkRticgrdiindicSnditions, with, faxample, errors
spatially corréated at the boundaries of class€€ongalton 1988; Edwards and Lowell 1996;
Steele et al. 1996; Vieira and Mather 2000)Juch of the error occurring taboundaries is
associated with misregistration of the data sets and mixed pixels.

Accuracymeasuredderived flom the error matrix provide ii@rmation on the quality of the map
as a whole but cannot be used to characterize distinct areas ahtq@(Mayaux et al. 2006rs a
consequence, quality control can be used in order to describe the spatial distribution of errors.

The performedquality controlwas aimed atdetecting more recursive errorg the resulting
0gooCk classifies. The questioa were:

1 Where wee my erroslocated?

1 Were there some land coveusually misclassified eaather?

9 Is it possiblgo detectat least the presence & smaHmedium builtup area in spite of
classificatiorerrors?

The analysisvas LIS NF 2 NY SR 2 y goodciSssified® & dzfidt AWy 3a AyiG2 O2y:
postprocessed classificatisn Good classifiers wee pinpointed, for each case study, in the
following way: first, nine best OA and nibest fmeasure were selected;second,the accuracy
percentage (both OA andnfieasure) of the ninth classifier was considered and round down of, at
maximum, 1%: this value represented thedshold detectednot to exclude any classifier with

accuracy meage very similar to the first nine classifieffinally, among selected classifiers, those

that were selected both for best OA anehieasures, weNS O2 y a A G R 3G K F A & N& £
number of selectedjood-classifiers together with the selected thredts isshownTable29.

Table24, Table26 and Table28 show, inorange selectedyoodclassifies and, in bold typeyest £
measures and OAdetected with the above mentioned criterion

Number of t-measure
Case study &St SQddbd OA threshold
= < x threshold
Of Faaa
Torino¢ post processed 6 79% 73%
Asti ¢ post processed 13 97% 41%
Asti subsetc post processed 10 95% 63%

Table29 ¢ Number ofégoodk classifies selectedfor the qualitative analysisindthreshold¥F A ESR (2 gBo8 G SN A Y
Of FaaATASNEE
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The procedure created in order to perform the quality control,dBe Ay Ay Lddghdd o0 2 i K

Of | a & hdftte SaNdation nhask andage, in output, an error mask: the information associated

to each pixelvas the membership to the Urban or Non Urban class, together with the number of
times in which that pixelvas correctly classified bykt S gogd Of | & & XHe cdhdeht éwas
represented with two color ramps, one from white to dark grey for the Non Urban class, the other
from red to yellow for the Urban clasBlon Urban pixels correctly classified from all classifier
appear white, and the colour became moredamore grey according to the percentage of
classifiers that mislassify that pixeldark grey pixedwere misclassified by all the classifi¢tisat

is, classified as Urban). In the same wadpan pixels correctly classified from all classifiers appear
red, and the colour became more and more yellow according to the percentage of classifiers that
mis-classify that pixelyellow pixes were misclassified by all the classifiers (that is, classified as
Non Urban)An example of the error mask legend is pd®d inFigure45.

Unarrectly classifie LEGEND Correctly classified
class as Non Urbanrém
as Urbanrom all o Nomurban  100% 2
classifiers [ all classifiers
Urban
- .
Unaorrectly classified 0% 100% N CorLrJetC)tchIfassmﬁd as
asNonUrban fom all Classifiers efficiency rban .O.m a
classifiers classifiers

Figure45¢ Legend to interpret the error mask

The aim wa to evaluate where most recurring errorgre located. The analysis, performed both
for Torino and Asti case study, is described in secladddand4.3.2

4.3.1 Torino case study

The error mask buifor Torino case study provides results shown in

Figure46; the ble line represents the districboundaries while the validated area is theon-
black one. The analysis shows that dense built area is correctly classified by almost all
classifiers most recursive classification errors are hooped in green and a Zs@movided in
Figure47 to Figure51. A background imageryas used in the zoonfSource: Ikonos, Date:
23.02.2001)n order to provide a quick understanding of the land coveit,it is not the one used
for the mask constructionral is 4 years prior the date of the classified image.
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LEGEND

0% Nonurban 100%
Urban

0% 100%

Classifiers efficiency

Figure46 ¢ Quality control performed on Torino case study: number of times in which each pixel is correctly classified
68 a3d22Rée OfFaaATASNE

Figure47 and Figure48 provideexample of Non Urban areas thaere often incorrectly classified
as Urban.

Zoom A Figure 47) represents a cemetery, while Zoom Bigure 48) shows areas where
excavationwere performed or quarries are present (lower green circles) or, even, cultivated
fields thatwere misclassified (higher green circles).

Figure47 ¢ Area often incorrectly classified as urban: cemetery
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Figure48 ¢ Areas often uncorrectly classified as urban: quarries or excavation site (lower circles) and cultiva
fields (higher circles)

Zoom C Kigure 49) provides example fobare soil areaghat were classified as urban: the
confusion between bare soil and urban is a typical and frequent problem in urban classification.

Zoom C

Figure49 ¢ Areas often uncorrectly classified as urban: bare soll

Zoom D and B-{gure50 and Figure51) shows examples where Urban areaere not detected,;
this is the case of sparse urban.
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Zoom D

Figure50 ¢ Urban areas often not detectedsparse houses.

Figure51 shows an example of a small built up area,; it states thdeast asmallcore partwas
always detected, whilenis-classified pixels we locatedat the boundaries.

Zoom E

Figure51 ¢ Urban areas often not deteted: low density built up area
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4.3.2 Asti case study

In Asti case study, the investigated area was very different from the previous one: the extent was
larger and arranged by many smaledium builtup areas, unlike Torino case study where the
analysis wasentredon the city and near surroundings.

Theaforementionedquality analysis was heextendedthanks to the availability of a municipality
02dzy R NASa @S O 2 NJwag heré sufierimpéséd todtte NadBr Nayelih crderéto
extract errors statistics for each municipality.

TheadoptedPiedmont region municipality boundarigectorlayer provides, among other things,
information about the dimension of each municipality.

759 districts own to Piedmont region; among them, 676 are very small (less than 25F,00@tm
means, more or less, dimension of 500 m x 500 m), 77 are small (between 250.000 and
1.200.000 rf that is, more or less, a dimension of 1 km x 1 km), 3 are medinail (between
1.200.000and 3.200.000 /) that is, more or less, a dimension of 1.7 km x 1.7 km) and 1 is
medium (Asti district).

In the performed analysis, only smalhd medium small budtp areaswere considered. The
analysiswas LIS NJF 2 NI S Rjoo@Qt I (akaSh F& SNE £ X | 43 Ré dudlbed gf SR A Y
6goodOf | aaA A FTASNREE 2wasperfirngd is repditd imMalyleRd Roseach distridt
wascalculated:

1 The number of pixel detected as Urban in the validation mask;
9 The numbeof pixel detected as Urban in more th80% of cases;
1 The number of pixel detected as Urbamiore then60% of cases

Resultsare summarizedin Annex |V they are ordered according to the number of pixel in the

validation mask.

The outcome allowed identifying places where classifiers had good performances, and places
6G26y0 BKSNBE GKA&a RARY QO KILWSYSR® hywe& LI+ OS
identified, a visual analysis was performed in order to verify causes of bad classification.

Figure52 and Figure54 shows eample of goodpberformances districts of about 500.000 frand

250.000 M had 42.5% and 49.5% of pixels correctly classified in 80% of cases.

On the contrary,Figure53 and Figure55 are example obad performancesdistricts ofabout

540.000 M and 400.000 rhhad just 19.7% and 1% of pixels correctly classified in 80% of cases.

The analysis allowed to verify how the core part of a small town can be identified if theupuilt
area density is quite high; on the contrary, where thuilt up area is sparser, the classifier has
difficulty in detecting urban pixels. The application of ppsicessing techniques can help in
recreating a more homogeneus texture, making use of clump or majority filtering procedures.
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l class

LEGEND

0% Mon urban 100%
Urban

0% 100%

Classifiers efficiency

Figure52 ¢ Moncalvo,528.400 M. 42.5% of pixedwere correctlyclassifiedr @ | ND I Yy

classifiers ® ¢ KS Rup gréaSvasionektly dassified in almost all cases.
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LEGEND

class
0% Nonurban 100%

Urban

~

0% 100% £ 7 R
Py '
Classifiers efficiency _ i

Figure53 ¢ CastelnuovaBelbo, 541.600 rh Only19.7% of pixed werecorrectly classified in 80% of caseEhis can be
due to the high presence of vegetation in the whole area (lower buify density)
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0% Nonurban 100%

Urban

0% 100%

Classifiers efficiency

Figure54 ¢ Rocchetta Tanaro, 263.25739.5% of pixed werecorrectly classified & ! NB Iy o6& GKS YI 22N
Of I &aA T Avkidodartd vhdid\tRe ilesence of vegetatiomas higher.
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LEGEND

class
0% Nonurban 100%

Urban

0% 100%

Classifiers efficiency

Figure55- Dusino, 391.200 M Only1% of pixet werecorrectly classifieddo @ | £ Y2ad |
clear example of where urban procedure classification fails.
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