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RESUMO

As tecnologias de informacdo associadas a detepgfmta estdo em constante evolugao,
tal que, actualmente, os novos satélites permitegctalha diaria de imagens da superficie
terrestre. E inquestionavel, que a tendéncia pamsawbservacdo temporal continua da
superficie terrestre ira alargar o ambito de actéiagdas actividades relacionadas com a
deteccdo remota. Torna-se inevitavel, com o cremtimmabrupto da informacéo temporal
disponivel, o desenvolvimento de abordagens quévinem o processamento digital de
imagens de satélite multi-espectrais com a andfizdicional de séries temporais, para a
caracterizacdo da distribuicdo da ocupacdo do selda sua monitorizagdo. No entanto,
métodos quantitativos que demonstrem a proficiédeigéries tridimensionais de imagens
de satélite (i.e. especial, espectral e tempopaja a classificacdo automética da ocupacao
do solo e analise da dindmica da ocupacédo do swo, foram todavia explorados. Nesta
dissertacdo investiga-se a utilidade de séries temip de imagens de satélite multi-
espectrais para a caracterizacdo regular da ocumada solo a uma escala nacional. Este
estudo é realizado no territério de Portugal Coetital e explora imagens de satélite
adquiridas pelo Moderate Resolution Imaging Speatimmeter (MODIS) e MEdium
Resolution Imaging Spectrometer (MERIS). Espediferste, focamo-nos na andlise da
contribuicdo da informacdo temporal de imagens @¢élge multi-espectrais para a
discriminacdo automatica de classes de ocupacdsadlo. Os resultados mostram que a
informacdo multi-espectral contribui de forma magnificativa do que a informacéo
multitemporal para a classificacdo automatica d®8 de ocupacdo do solo. Na sequéncia,
revemos algumas dos pontos mais importantes dequgeralprotocolo de producéo
automatica de cartografia de ocupacdo do solo dipae imagens de satélite. Propomos
uma abordagem metodoldgica para a producdo autara&teé mapas de ocupacao do solo a
partir de séries temporais de imagens de satélitesua validacdo. Finalmente,
desenvolvemos um modelo harménico nao linear paapuste temporal de reflectancias e
indices de vegetagdo derivados de imagens detsagdira diversas classes de ocupacgéo do
solo. A informagdo multitemporal sintetizada pelodelo € suficientemente abrangente
para descrever as principais caracteristicas da pagfio do solo e prever a evolugédo

temporal dos seus individuos.

Palavras-Chave: Deteccao remota, séries temponaiagens multi-espectrais, ocupacgédo do
solo, analise de separabilidade, classificacdo,dp&o, dados de referéncia, avaliacdo da
exactidao.
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ABSTRACT

Imaging and sensing technologies are constantlylveng so that, now, the latest
generations of satellites commonly provide with tEar surface snhapshots at very short
sampling periods (i.e. daily images). It is ungimsible that this tendency towards
continuous time observation will broaden up the pscaf remotely sensed activities.
Inevitable also, such increasing amount of inforgrat will prompt methodological
approaches that combine digital image processimfpri@ues with time series analysis for
the characterization of land cover distribution aminitoring of its dynamics on a frequent
basis. Nonetheless, quantitative analyses that eypnire proficiency of three-dimensional
satellite images data sets (i.e. spatial, specaradl temporal) for the automatic mapping of
land cover and land cover time evolution have neerb thoroughly explored. In this
dissertation, we investigate the usefulness ofispelttral time series sets of medium spatial
resolution satellite images for the regular landveo characterization at the national scale.
This study is carried out on the territory of Caommtal Portugal and exploits satellite
images acquired by the Moderate Resolution Imagdspgctroradiometer (MODIS) and
MEdium Resolution Imaging Spectrometer (MERISHdtail, we first focus on the analysis
of the contribution of multitemporal informatiorofm multispectral satellite images for the
automatic land cover classes’ discrimination. Thatcomes show that multispectral
information contributes more significantly than titeimporal information for the automatic
classification of land cover types. In the sequenee review some of the most important
steps that constitute a standard protocol for theomatic land cover mapping from satellite
images. Moreover, we delineate a methodologicalr@gh for the production and
assessment of land cover maps from multitempornalliéa images that guides us in the
production of a land cover map with high thematicw@racy for the study area. Finally, we
develop a nonlinear harmonic model for fitting rmgectral reflectances and vegetation
indices time series from satellite images for nwusrland cover classes. The simplified
multitemporal information retrieved with the mogebves adequate to describe the main
land cover classes’ characteristics and to predie time evolution of land cover classes’

individuals.

Keywords: Remote sensing, time series, multispeatnages, land cover, separability

analysis, classification, prediction, referenceajaccuracy assessment.
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1 INTRODUCTION

1.1. Overall research objectives

The broad objective of this research is to inveséigthe usefulness of intra-annual time
series sets of multispectral satellite images widgdium spatial resolution for the automatic
assessment of land cover distribution and dynaatitse national scale. The goal is to give
response to some of the land cover characterizatisks that were attributed to the
Portuguese Geographic Institute (IGP) in the frapréwof the Portuguese R&D National

Strategy for Space (approved by the Science Ministr 5" March 2004), namely the

planning of strategies for the regular mappingaoid cover distribution and analysis of land

cover dynamics at the national scale.

In a series of nine companion studies, the worlcrilesd here evaluates the suitability of
high temporal and spectral resolution satellitegesaacquired by the Moderate Resolution
Imaging Spectroradiometer (MODIS) and MEdium Resofu Imaging Spectrometer
(MERIS) for the periodic characterization of lamalver in Continental Portugal. In general,
we review some of the major problems related with humerous steps that constitute a
standard protocol for the automatic land cover napgrom satellite images, namely:
selection of the most adequate set of Earth ObsenvéEQ) data, nomenclature definition
and respective sample data collection, automatssdication problem, and accuracy
assessment process. In detail, we aim at undemstpadd appraising the value of multi-
temporality in the context of automatic land coekassification from multispectral satellite
images. We first focus on the analysis of the ¢buation of multitemporal and multispectral
information from satellite images for land covessdes’ discrimination. In the sequence, we
investigate a mathematical function to methodicalscribe the intra-annual evolution of
multispectral reflectances and vegetation indidd} tfime series sets from satellite images
for different land cover classes. The goal is ttimijge the contribution of high frequency
multitemporal information from multispectral saitellimages for the characterization and

prediction of land cover classes distribution agpdaimics.

1.2. Dissertation organization

This dissertation is composed of nine stand-aloaauscripts published in Peer-Reviewed
Journals and International Conferences and Worlshaghin the Remote Sensing (RS) and
Geographic Information Systems (GIS) scientific ommities. The manuscripts are
introduced by this opening Chapter and followedab@ghapter of conclusions, limitations

and recommendations. Slight formatting differencesach Chapter reflect the different
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requirements of the respective Peer-Reviewed Jsufdpor Conferences (5) to which the

stand-alone manuscripts have been submitted folicatibn. The individual manuscripts

were ordered in this dissertation so as to rep@dbe line of research in a natural time

sequence, i.e. such that the outcomes of each-atand publication directly link with the

research premises of the following manuscripts. ©hger of the publications in this

dissertation and their respective citations are:

Carrdo, H., Gongalves, P. and Caetano, M. (2007), Usentod-annual satellite
imagery time-series for land cover characterizafiarpose EARSeL eProceedings
6, 1-11.

Carrao, H., Gongalves, P. and Caetano, M. (2008), Camtioh of multispectral
and multitemporal information from MODIS images lemd cover classification.
Remote Sensing of Environmetit2, 986-997.

Carrado, H., Sarmento, P., Aradjo, A. and Caetano, M. 208eparability analysis
of land cover classes at regional scale: a comiparatudy of MERIS and MODIS
data. InProceedings of the ENVISAT Symposiumpaginated CD-ROM), 23-27
April 2007, Montreaux, Switzerland.

Carrdo, H., Gongalves, P. and Caetano, M. (2006), MER#sdd Land Cover
Characterization: A Comparative Study.Rmoceedings of the ASPRS 2006 Annual
Conference - Prospecting for Geospatial Informatintegration (unpaginated CD-
ROM), 1-6 May 2006, Reno, Nevada, USA.

Carrdo, H., Capéo, L., Bagédo, F. and Caetano, M. (200MBRIS Based Land
Cover Classification With Self-Organizing Maps: [ngnary Results. In
Proceedings of the 2nd EARSeL SIG Workshop on lisel & Land Cover
(unpaginated CD-ROM), 28-30 September 2006, Bommniany.

Carrdo, H., Caetano, M. and Coelho, P. (2007), Sampldadbeand Analysis for
Thematic Map Accuracy Assessment: An Approach Basedomain Estimation
for the Validation of Land Cover Products.Rnoceedings of the 32nd International
Symposium on Remote Sensing of Environfuemiaginated CD-ROM), 25-29 June
2007, San Jose, Costa Rica.

Carrdo, H., Aradjo, A., Cerdeira, C., Sarmento, P., Caddoand Caetano, M.
(2007), A reference sample database for the acg@ssessment of medium spatial

resolution land cover products in PortughtEE International Geoscience and
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Remote Sensing Symposi@gi8ARSS 2007), 23-28 July 2007, Barcelona, Spain,
3967-3970.

Carrdo, H., Aradjo, A., Gongalves, P. and Caetano, M.0@0 Multitemporal
MERIS images for land cover mapping at nationalesdae case study of Portugal.

International Journal of Remote Sensitg be published.

Carrao, H., Gongalves, P. and Caetano, M. (2009), A meali harmonic model for
fitting satellite images time series: analysis @nediction of land cover dynamics.

IEEE Transactions on Geoscience and Remote Sermsihmitted.

Furthermore, in the framework of this researchgesgvparallel studies were developed in
close collaboration with master students at the &®enfSensing Unit (RSU) of the

Portuguese Geographic Institute (IGP) and wereighdd as manuscripts in Peer-Reviewed
Journals (1) and International Conferences (16hiwithe Remote Sensing community.

Next, we present the complete list of published usaripts:

Sarmento, P.Carrdo, H., Caetano, M. and Stehman, S. V. (2009), Inm@{ng
reference classification uncertainty into the asialyof land cover accuracy.

International Journal of Remote Sensitgbe published.

Araujo, A.,Carrdo, H. and Caetano, M. (2009), An operational apgidac annual
land cover mapping at the national scale with MERNI&ges. In D. Maktav (Ed.),
Remote Sensing for a Changing Eur@gpe. 602-609). Amsterdam: 10S Press.

Costa, H.Carrédo, H., Bacao, F. and Caetano, M. (2008), Land colassification
in Portugal with multitemporal AWIFS images: a cargtive study. In D. Maktav
(Ed.), Remote Sensing for a Changing Eurdpe. 239-246). Amsterdam: I0S

Press.

Araujo, A.,Carrdo, H. and Caetano, M. (2008), Using estimated laowkcclasses
accuracies in multi-temporal classification. In Bomarasca (Ed.J3eoinformation

in Europe(pp. 255-365). Rotterdam: Millpress.

Sarmento, P.Carrdo, H. and Caetano, M. (2008), A fuzzy synthetic aatibn
approach for land cover cartography accuracy assggs In J. Zang and M.
Goodchild (Ed.),Spatial Uncertainty(pp. 348-355). Liverpool: World Academic

Union.

Carrdo, H., Aragjo, A. and Caetano, M. (2008), Land cowassification in

Portugal with intra-annual time series of MERIS gea. InProceedings of the 2nd

The contribution of multitemporal information framultispectral satellite images for 3
automatic land cover classification at the natioseéle



Hugo Miguel Saiote Carrédo

MERIS/(A)ATSR User Worksho@2-26 September 2008, ESA/ESRIN Frascati
(Rome), ltaly.

Costa, H., Araujo, A.,Carrdo, H. and Caetano, M. (2008), Influéncia das
caracteristicas técnicas das imagens de satélitproducdo de cartografia de
ocupacgdo do solo: estudo baseado em imagens MERBIFES. In Actas do X
Encontro de Utilizadores de Informacéo Geogréafies|G’'08), 14-16 May 2008,

Oeiras, Portugal, in press.

Sarmento, PCarrdo, H. and Caetano, M. (2008), Avaliacdo da exactid&watica
de cartografias de ocupacao do solo através dédsrftizzy: primeira abordagem.
In Actas do X Encontro de Utilizadores de Informac@am@afica(eSIG'08), 14-16
May 2008, Oeiras, Portugal, in press.

Capao, L.,Carrdo, H., Aradjo, A. and Caetano, M. (2007), An apptodar land
cover mapping with multi-temporal MERIS imageryEEE International
Geoscience and Remote Sensing Sympo$iGMRSS 2007), 23-28 July 2007,
Barcelona, Spain, 3836-3839.

Carrao, H., Sarmento, P. Aradjo, A. and Caetano, M. (20Bétrieving land cover
information from MERIS and MODIS data: a comparatistudy for landscape
characterization in PortugalEEE International Geoscience and Remote Sensing
SymposiunflGARSS 2007), 23-28 July 2007, Barcelona, Sph271-1274.

Carrdo, H., Gongalves, P. and Caetano, M. (2007), Usentod-annual satellite
imagery time-series for land cover characterizaparpose. In Z. Bocheneck (Ed.),
New Developments and Challenges in Remote Se(igng355-365). Rotterdam:

Millpress.

Carrdo, H. and Caetano, M. (2007), A comparison of MERI MODIS data for
land cover characterization. Wnais Xlll Simpoésio Brasileiro de Sensoriamento
Remoto Floriandpolis, Brasil, 21-26 Abril 2007, INPE, $631-5633.

Gongalves, P.Carrdo, H. and Caetano, M. (2007), Parametric model fiorat
annual reflectance time series. In Z. Bocheneck)(Bdew Developments and

Challenges in Remote Sensiipgp. 367-375). Rotterdam: Millpress.

Pinheiro, A.,Carrdo, H. and Caetano, M. (2007), Evaluation of ASAR Abpgtical
Data Synergy For High Resolution Land Cover Mapping Portugal. IEEE
International Geoscience and Remote Sensing Syam@dsARSS 2007), 23-28
July 2007, Barcelona, Spain, 1517-1520.
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Pinheiro, A.,Carrdo, H., Goncalves, P. and Caetano, M. (2007), A Taolfor
multi-temporal analysis of satellite imagery, In Bocheneck (Ed.),New
Developments and Challenges in Remote Sengipg 395-404). Rotterdam:

Millpress.

Cerdeira, C., Araujo, A.Carrdo, H. and Caetano, M. (2006), Validacdo das
Cartografias Globais de Ocupacdo do Solo, GLC20800812Q1, para Portugal
Continental. InActas do IX Encontro de Utilizadores de Informagaeografica
(unpaginated CD-ROM), 15-17 November 2006, OePPastugal.

Gongalves, P.Carrdo, H., Pinheiro, A. and Caetano, M. (2006), Land erov
classification with Support Vector Machine Applied MODIS imagery. In A.

Marcal (Ed.),Global Developments in Environmental Earth Obsdorafrom Space
(pp. 517-526). Rotterdam: Millpress.

1.3.Context

1.3.1.Motivation

Land cover, i.e. "the observed biophysical coverttmn Earth's surface" (Di Gregorio and
Jansen 2000), is key environmental informatiomentbbraces, for example, the quantity and
type of surface vegetation, water, and earth nate(Meyer and Turner 1994). Land cover
is generally a reflection of the local climate daddforms, though it can be altered by the
human use of land. It is important for many scfentiomains, resource management and

policy purposes, and for a range of human acts/iti@omber 2008).

Land cover varies at a range of spatial scalean ffocal to global, and at temporal
frequencies of days to millennia (Cihlar 2000). etons in the composition and
distribution of land cover types play an activeeragi the Earth’'s surface energy and water
balance, as well as in the carbon cycle (Penne4,1R8Inay and Cai 2003). In turn, land
cover changes can arise in response to naturardsazdrought, wind, floods, and rain
erosion) and anthropic stress (industry, overgmziimes, land abandonment) (Veldkamp
and Lambin 2001).

The periodic assessment of land cover distribuiod of land cover dynamics is considered
as the most important variable for studying theetewolution of many biophysical processes
occurring in the Earth (Vitousek 1994). Land cosignamics feed back on climate changes,
making it possible to model the interactions betwhaman activities, the Earth’s surface
elements, and different natural and human-inducedystems (Foody 2002). In particular,

the analysis of land cover dynamics is a break dppity for capturing environmental
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pressures, both natural and anthropogenic, that tieaards many physical processes and

diffusive phenomena over different time periods gpatial scales (Folest al. 2005).

As the need for environmental understanding, mamagé and planning became urgent to
mitigate several negative human impacts on thedothndscapes, an accompanying call
for updated land cover information emerged in parglLovelandet al. 2000, Rogan and
Chen 2004). Under this framework, land cover magpias an important role as it can be a
very useful tool for studying the dynamic propested the Earth’s environment (Stehmeain
al. 2000). Land cover maps provide important and dedaihformation about the Earth’s
surface that is commonly used for ecological maiitp natural resources assessment, and
policies development (Foody 2002). Land cover magseasily understandable, managed
and combined with other types of information (Veldip and Lambin 2001). Therefore,
modelling the land cover dynamics, especially ihe€lon a spatially explicit, integrated and
multi-scale manner, is an important technique lier projection of alternative pathways into
the future, for conducting experiments that test ouderstanding of environmental key

processes, and for describing the latter in guativié terms (Lambiet al. 2000).

On the one hand, maps of the distribution and stafuthe Earth’s surface elements are
nowadays critical for complex parameterization lohate, agricultural and epidemiological
models, as well as for simple local to global sdaleestry, industrial, urban and social
applications (Muchonegt al. 2000). On the other hand, the ability to inventand map
land cover dynamics and to monitor land cover chang required for, among other things,
modeling the carbon and hydrologic cycles, studyamy surface-climate interactions, and
establishing rates of deforestation (Folyal 2005). Indeed, mapping land cover time
evolution, namely in forests, grasslands, wetlaatsl agricultural lands, contributes
significantly to the study of inter-annual land eodynamics which have a direct impact on
the carbon source and sink estimations and predgt{Cleverset al. 2007). Therefore, to
protect the environment and to ensure sustainadg@eofinatural resources, a wide variety of
national and international mechanisms have beeablegied for environmental monitoring,
which on their turn have resulted on many land conapping activities. Examples are the
European Union (EU) Habitats Directive (Wils 1998 EU Common Agricultural Policy
(Olesen and Bindi 2002) and the Kyoto Protocol f{8ieet al. 1998).

The specific environmental variables that are cotetewith land cover vary by application,
discipline and model. Global land cover maps areqadte for the most part of global
change research objectives, including the assessyhenrrent global ecological conditions

and the simulation of future environmental scersatlmat ultimately lead to public policy
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development (Lovelaneét al 2000). However, at global scales, we can onlyeekfo
successfully monitor the status of pre-establisinggiacts on the environment, but not to
detect and effectively plan the mitigation of tlausing disturbances at the appropriate times
(Veldkamp and Lambin 2001). In contrast, as thetigbaesolution of land cover maps
becomes finer, the direct actors of land cover gharan be identified and process-based
relationships can be determined. (Hansgnal 2000, Veldkamp and Lambin 2001).
Therefore, for the establishment of effective emwmental protection programs and land
cover management applications, there is a needafar cover maps produced at local to
regional scales (Skole and Cochrane 2004). Landraynamics that are on the basis of the
environmental global stresses have important dpattidbutes that appear only at those finer
scales (Folet al. 2005). Indeed, relevant land cover changes irdlbyehuman activities
occur at typical spatial scales in the order of-860 m (Zhanet al. 2002). Thus, the
development of dynamic models of land cover chafugethe establishment of national
policies for, e.g. forest fire prevention, agricw#ll practices, water consumption, coastal
protection and drought assessment, involves arceosamination of national scale processes
(Micheret al. 2000).

Independently of the spatial scale of analysiss gxtremely difficult to generate spatially
and temporally coherent land cover products foritnong and understanding land surface
events from time irregular and geographically spaescords collected at ground stations
(Anderson 1976). Because of the synoptic geograpluoverage and frequent temporal
acquisition of satellite images’ observations, r@hpesensed data possess significant
potential for automatic mapping of land cover dsttion and dynamics from local to global
scales (Rogan and Chen 2004). Satellite imagesdaowore economical snapshots of the
Earth’s surface which can be acquired over contisueide spatial areas. Maps produced
from the automatic classification of multispectsakellite images data have the advantages
of frequent acquisition and internal consistencyevhotely-sensed data sets over traditional
ground-based methods (Stehmetnal. 2000, Foody 2002, Moraat al. 2004). Indeed, a
primary reason for attempting to create maps fremately-sensed data sets is the potential
for the regular production of more accurate andsistent land cover information than past
efforts compiled from ground-based methods (Lowtktral 2000).

Time series of multispectral remote sensing dath high frequency of acquisition allow the
prediction of land cover changes timing, openingv rapportunities to better link macro-
economic perspectives with land cover distributama dynamics, and to better understand
time delays in land cover responses to socio-ecanomnatural perturbations (Kaufmann

and Seto 2001). However, automatic methods for dharacterization of land cover
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distribution and dynamics have, to date, made tintited use of multitemporal remotely
sensed image data (Homer al. 2004). Studies reporting the use of time series eét
satellite images for land cover classification ofteclude relatively few dates, possibly due
to a lack of cloud-free images, cost and proces®qggirements of existing remotely sensed
data sets (Knighet al.2006).

New satellite data

With the launch of MODIS and MERIS sensors, a bromuge of new opportunities for
automatic land cover mapping at the national setdeted (Raset al. 1999, Zhanret al
2002, Rogan and Chen 2004). Although these datsoareoarse for the purposes of local
level land planning and management, they serve genaral product for national agencies
(Rogan and Chen 2004). These images exhibit entlaspectral and temporal resolutions,
wide geographical coverage and improved atmospberiection (Borak and Strahler 1999,
Curran and Steele, 2005). Therefore, the gap betiee and coarse spatial resolution
sensors can now be filled with imagery at MODIS aMERIS spatial resolutions, i.e. 500
and 300 m, respectively (Clevassal. 2007). Indeed, both sensors overcome the spaiial a
spectral resolutions of NOAA-AVHRR sensor, and tieenporal resolution of Landsat
ETM+ sensor, thus promoting the regular productibland cover maps at the national scale
through automatic classification of satellite imagBorak and Strahler 1999, Clevetsal.
2007). In Table 1.1, one presents the main techwmitaracteristics of MODIS, MERIS,
NOAA-AVHRR and Landsat ETM+ images.

On the one hand, the spectral and spatial resokitf MERIS and MODIS images
overcome those of NOAA-AVHRR and allow for distingjuing between more similar land
cover classes that characterize the landscaperdsaat the national scale (Borak and
Strahler 1999, Verstraett al. 1999). MODIS and MERIS images have approximateéy t
same temporal resolution as those acquired by N@XMRR sensor, but higher spectral
and spatial resolutions (Table 1.1). Thus, the #iemcontent of land cover maps
nomenclatures can now be more comprehensive thaastin the past with maps derived
from NOAA-AVHRR; the produced land cover maps hawproved geometric resolutions
that match the landscape characteristics at fipatiad scales. These technical conditions
suggest that it is now possible to develop newraatit classification approaches based on
the higher spectral and spatial resolutions of M®Bhd MERIS images, which will in turn
increase the discrimination between a larger sétraf cover classes of interest (Borack and
Strahler 1999, Cleveet al.2007).
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Table 1.1. MODIS, MERIS, NOAA-AVHRR and Landsat ETM-aim technical characteristics.

Sensor
MODIS MERIS NOAA-AVHRR Landsat ETM+
250 m
(spectral bands 1-2) 300 m 30m
Spatial 500 m (spectral bands 1-15 1100 m (spectral bands 1-5, 7
resolution (spectral bands 3-7) 1200 m (spectral bands 1-5) 60m
1000 m (spectral bands 1-15 (spectral band 6)
(spectral bands 8-36
-rreesn;i ct)i?r: 2 days 3 days Twice-daily 16 days
405-14.385 nm 580-12.500 nm 450-12.500 nm
(36 spectral bands) 390-1040 nm (5 spectral bands) (7 spectral bands)
Visible (15 spectral bands) Visible Visible
Spectral (10 spectral bands) Visible (1 spectral band) (3 spectral band)
resolution Reflective Infra-Red (9 spectral bands) Reflective Infra-Red Reflective Infra-Red
(9 spectral bands) Reflective Infra-Red (1 spectral bands) (3 spectral bands)
Thermal Infra-Red (6 spectral bands) Thermal Infra-Red Thermal Infra-Red
(17 spectral bands) (3 spectral bands) (1 spectral band)
Radiometric 12 bits 12 bits 10 bits 8 bits

On the other hand, in comparison with Landsat ET&&nsor, the enhanced temporal
characteristics of MODIS and MERIS sensors stinauldite development of innovative
automated land cover classification approachestékat advantage of standard time series
analyses’ techniques and/or combine the high teatpand spectral features of the
respective remotely-sensed data sets (Zhetngl. 2003, Hermancest al. 2007). Indeed,
multispectral time series sets of medium spatsbigion satellite images can be very useful
for distinguishing between land cover classes d@inatspectrally similar at times (Borak and
Strahler 1999, Maxweltt al. 2002). However, only a limited number of studiesl&be have
explored the potential of employing a complete y&#anninterrupted satellite images as the
basis for land cover characterization (Knightal. 2006). In the past, these approaches were
not projected because it was extremely difficult dollect regularly time spaced and
consistent intra-annual time series data sets dfispectral satellite images with adequate
spatial resolution and covering the whole natideaitories (Moulinet al. 1998). The reason
was that due to cloud contamination, many of thersgly collected images were discarded
from the time series because of the atmospherisencorrupting the data (e.g. Landsat
ETM+). Therefore, time series sets of satellitegesmwere essentially noise contributing to

poor classification accuracy (Knigat al.2006).

The contribution of multitemporal information framultispectral satellite images for 9
automatic land cover classification at the natioseéle



Hugo Miguel Saiote Carrédo

1.3.2.Problem statement

Whereas the value of satellite images for frequamiomatic mapping of land cover
distribution and assessment of land cover dynaisiesident, and the need for updated land
cover maps is clear, there is a lack of land copmrducts for national land cover
applications. To effectively track land cover comition over national territories and
monitor effective land cover changes, it is impottidoat the technical characteristics of land
cover products, namely the thematic content, ttaiapscale, the date and periodicity of
production, and the respective thematic accuragyadequate (Foody 2002, Pal and Mather
2003, Treitz and Rogan 2004). Indeed, an importantern about land cover mapping for
numerous scientific, policy, planning and managenmmrposes is the consistency and
reproducibility of the derived land cover product€ihlar 2000). If the technical
characteristics of land cover maps vary across @meé space, then it is impossible to
properly monitor land cover changes. Therefore aitteve involvement of local experts can
also help to produce an accurate and repeataliectarer characterization database (@iri
al. 2005).

Current land cover characterization programs

In the last years, several operational land cowegppimg programs were established at global
(e.g. MODIS Land Cover (MOD12Q1; Hodges 2001, Hretchl 2002), Global Land Cover
2000 (GLC2000; Bartholomé and Belward 2005)), regio(e.g. Co-ordination of
Information on the Environment (CORINE) Land Coveap for 2000 (CLC2000; EEA
2002), National Land Cover Database (NLCD 2001; Eioet al. 2004)) and national (e.g.
Carta de Ocupacdo do Solk®90 (COS'90, IGP 2009)) scales to provide useth wiore
accurate, consistent and updated free of chargeclawver data sets. These initiatives, funded
by both national and international institutionsgideed on mapping land cover distribution
and detecting land cover changes at different @patid temporal resolutions. However,
there exist two main issues: 1) technical charesties at whole land cover maps are not
defined for national scale applications; and 2) tragspropriate land cover maps are not
frequently updated. Still, the lack of more suitaploducts favors the frequent use of those
free of charge land cover maps by local users witlaitional applications. For that reason, it
is not surprising that the outcomes of geographaggblications for particular areas of
interest are at times biased (Gat al. 2005), and the subsequent political decisions are
inconsistent with the real world conditions. Thare numerous technical issues that hamper
the effective use of those data sets as input festior national applications on a regular
basis and that we wish to review with this studgxt\ we introduce some of the main

drawbacks of those land cover products:
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(1) Periodicity of productionLand cover information produced in the framewoflhe
existing mapping programs is not compatible wita tamporal resolution of land
cover dynamics. To serve as an input feature feir@mmental models and resource
applications, the land cover information shouldupelated at least on a yearly basis
(e.g. for forest fire prevention (Caetarb al. 2004)). However, there are several
factors that hinder the regular production of l@ogder maps from satellite images,

namely those related with economic and time cdstiseoused mapping protocols.

On the one hand, and regarding the land cover nmpsluced by visual
interpretation of satellite images, such as CLC2@d@ COS’90, their regular
production is not practicable on an operationaishbscause of the time used for: 1)
image interpreters training; 2) manual delineatim land cover polygons on
computer screen; and 3) harmonization of the fprabduct to avoid discrepancies
between individual image interpretations. Moreobagause the production process
is labour-intensive, it is also economically expeasSo, the manual production of
land cover databases from visual interpretatiogatéllite images no longer provides

the map requirements on due time for most natiagahcies.

On the other hand, and looking now at the land covaps produced by automatic
classification of satellite images (e.g. MOD12Q1,G2000, and NLCD 2001),
there is a difficulty in their regular productidmat is mainly related to the respective
scale of application. Because these products areedeat global and regional
scales, there are several specific steps withinstaedard mapping protocol that
make their production extremely expensive, slow difficult to support on a
regular basis, namely: 1) the worldwide trainingnpée acquisition; 2) the image
compositing process; 3) the geometric, atmospleer radiometric corrections (as
well as the radiometric harmonization of many digé¢elmages); 4) the classification
process (usually, the characterization of land ceveas over the global surface is
performed through multi-step approaches, e.g. Banthé and Belward (2005)); and

5) the final harmonization of the global produce (ipost-processing).

The thematic detail of the adopted land cover nata¢umre for both manual and
automatically derived products has also a strongseguence on the frequency of
land cover maps production: detailed thematic austenake the maps production

slower than the production of maps with broad nartauares.

(2) Thematic contentThe land cover information may be needed for éewer types,

for all land cover types and at the same levelslathil, or tailored for specific
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models requirements (Cihlar 2000). From a natiaglication perspective, we
remark that land cover nomenclatures of global ereh regional products may not
be adequate to use as input features for most. tablkesthematic content of global
maps is extremely generic to assemble in few coxmes all regional specificities
occurring on the Earth’s surface. Therefore, tteabircover classes of global maps’
nomenclatures are most of the times useless tatdeational specific land cover
types (Giriet al. 2005). As a consequence, the thematic informatioglebal land
cover products is insufficient to detect the lamder changes and properly follow
the dynamics of human induced disturbances thatroatcfiner scales (Rogan and
Chen 2004).

Moreover, the nomenclatures of the existing laneec@roducts are difficult to link
(Giri et al. 2005). The national, regional and global maps apelyred by different
institutions and to address different and specifiguirements. As a consequence,
and even if produced at sequential times, the reiffie maps may not be used to
monitor land cover dynamics because their then@tigent is different (Giret al.
2005). This problem emphasizes the need for a wtkl hierarchical land cover
nomenclature that comprises all global cover tygiethe base level and in turn that
splits itself naturally into specific cover typeisdifferent superior levels according

to the geographic region of interest and spatialesof analysis.

(3) Spatial resolution and geographical coveragdematic land cover maps derived

from satellite images are usually distributed onregular spaced lattice that
corresponds to the satellite sensor spatial rasaolufor images acquisition.
Accordingly, the spatial resolution of land coveapa derived from coarse spatial
resolution satellite images, i.e. global maps, o adequate to represent most of
landscape characteristics and track land coverggdtaat the national and regional
scales (Treitz and Rogan 2004). Indeed, in a puavistudy (Carrdo 2002), we
showed that the landscape features in Continentatugal can be perfectly
represented with minimum mapping units smaller dma, i.e. with maps that have
spatial resolutions higher than 300 m. Land covepsnwith 1km, such as
MOD12Q1 and GLC2000, are thus not adequate to Hemist of the land cover
characteristics and changes that occur at thenatsrales. Satellite images with
low spatial resolutions limit the production of ¢hrtover maps for monitoring
purposes at the national scale due to the fin@iutsn at which most land cover

changes take place (Micledral. 2000).
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To overcome this situation, many scientific studasthe regional and national
geographic scales have been projected with sataliitages of 10-30m spatial
resolutions (Cohen and Goward 2004). However, the of these data is not
appropriate in the context of an operational magppprogram for national
applications due to their limited spatial extendl éow revisit time (Clever®t al.
2007). Because high spatial resolution satelliteges (e.g. Landsat ETM+) just
cover a small proportion of the national territsrié is also necessary to merge a set
of neighbor images acquired under different cooadgi to completely cover the
national surface. So, as radiometric charactesisticifferent images are difficult to
harmonize, the existing differences can affectdhssification results (Cihlar 2000).
The classifiers performances are usually diminidhethuse pixels of the same land
cover class are affected by different radiometistudbances in different images and

present dissimilar spectral characteristics (Lu\afhg 2007).

(4) Thematic accuracyRemote sensing data has a considerable potémtidie regular
provision of land cover maps, but the accuracyhefmaps derived is often viewed
as insufficient. It is reckoned that global land/&@oproducts present smaller overall
accuracies for certain particular areas of intetlkah depicted by producers. For
example, MOD12Q1 producers claim overall accurasetsieen 75-80% (Giet al
2005), whereas the validation of this product fartigal does not exceed 57%
accuracy (Cerdeireet al 2006). In addition, comparison of MOD12Q1 with
CLC2000, within the same region, showed an only Z@¥eement between the two
products (Caetano and Aradjo 2006). Whereas theirestjthematic accuracy for
different applications may be different, it is obws that 50% overall accuracy is far
from what is required for the evaluation of stressm the environment and
establishment of national policies concerning thlrevention and mitigation of

natural and human-induced pressures.

The low overall and specific thematic accuraci¢sied for these global land cover
maps at localized geographical regions is due ¥eraé methodological issues and
intrinsic remotely-sensed data factors, which pkevoindividual and/or

combinatorial problems on the production and vailiseprocesses of map products
(Giri et al 2005). On the one hand, to properly distinguistwieen characteristic
land cover classes through automatic classificatibrsatellite images, physical
measurements of Earth’s surface collected by senswst be adequate. It is
extremely difficult, if not impossible, to automaily distinguish between the

individuals of numerous land cover classes if thfarimation contained in the
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remotely-sensed data sets, which serve as inpturésafor the classifier, is not
sufficient to detect their subtle differences (Boeamd Strahler 1999). On the other
hand, but regarding also the thematic content md keover nomenclatures, we can
not afford to discriminate between neighbor landercclasses’ individuals that are
smaller than the spatial resolution of satellit@a@g®s used for classification (Treitz
and Rogan 2004).

Furthermore, there are also problems related to $hkected -classification
approaches, which are not adequate to discrimiathitelasses in the land cover
nomenclature (Foody 2002, Pal and Mather 2003).

Finally, the accuracy assessment protocols useddtuate the thematic quality of
land cover maps are usually not adequate. Userpraatlicers sometimes resort to
accuracy assessment approaches that do not reébpeptobabilistic designs that
were used to collect the testing samples, whereamrractly performed statistical
accuracy assessment is the core of the validatioceps (Stehman and Czaplewski
1998). The most common errors for reporting mapeectness concern the incorrect
calculation of the variance for the accuracy edimsa (Stehman 1996). The
complications related with the correct variancenestion are mainly due to the
comparison of the map classification with (Stehn2091, Foody 2002): 1) the
classifier training sample; 2) the testing sampleterministically selected over the
study area and that are geographically correl&@edther existing land cover maps
that are also representations of the truth andheteference data. Moreover, and
most of the times, estimators properties are noecty used for the calculation of

the respective confidence intervals (Stehman arghléwski 1998).

In Chapter 1.3.1, we claimed that the technicalrattaristics of MODIS and MERIS

sensors are adequate to tackle most of the preséste cover characterization issues.

Therefore, in this research, we focus on the aisalgk multispectral time series sets of

MODIS and MERIS images for the regular productidiamd cover products for national

scale applications and on the use of probabilighniques for the statistical accuracy

assessment of those products. Nevertheless, we toe@dercome some data analysis

problems that still hamper their effective use #rad we introduce afterwards.

Data analysis

The technical characteristics of MODIS and MERI&gms, namely their spatial, temporal

and spectral resolutions, suggest that the autonmatiduction of land cover maps for

national scale applications is now feasible onqula basis. Moreover, the monitoring of
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land cover dynamics can be better guaranteed thrtheg time series analysis of images
acquired by those sensors (Cleversl. 2007). Nevertheless, we can not simply take a time
series set of daily acquired medium spatial resmusatellite images with high spectral
resolution, and expect that a standard classifibraacurately distinguish between the land
cover classes of interest! There is no supervisaghsupervised black box like this! Thus,
there is a growing necessity for the developmentnethods to extract the information
contained in those remotely-sensed data sets irfréineework of real world operational

applications.

Because the dimensional feature spaces of multighedime series sets of MODIS and
MERIS remotely-sensed data are extremely large, ube of standard classifiers to
automatically discriminate between individuals afimrerous land cover types is not
straightforward (Lu and Weng 2007). In fact, the w§ multitemporal data from medium
spatial resolution satellite images increases iheeuksional feature space of multispectral
input data sets for classification, while incregsihe classification complexity (Maxwedk

al. 2002). Therefore, if the standard parametric laoder classification approaches were
unsuccessful before for smaller data sets, itk that they still fail for classifying these
new high-dimensional remotely-sensed data sets.nfdia problem is that the size of the
training data set, which is required to managewithin-classes’ variances in a standard
supervised parametric automatic classification @secincreases with the augment of both
multitemporal and multispectral dimensions of thediam spatial resolution satellite images
(Hughes 1968, Jackson and Landgrebe 2001, GuyorEhksske 2003). Because training
sample acquisition is time-consuming, labour-iniemsand economically expensive, the
collection process is usually disregarded by predu@nd the sample size is not enough to
deal with the classification task (Mathur and Fo@dp6). Therefore, standard algorithms
often fail to deliver high classification accuraxi@nd tend to suffer from the problem of the

“curse of dimensionality” (Hughes 1968).

Nowadays, there are already innovative classificatiechniques, such as the Support Vector
Machines (SVM) (Vapnik 1998), that theoreticallyeosome the large dimensional feature
space problem associated with the standard autoelasisification techniques (Millet al.
2001). To be precise, these algorithms requireal stamber of training individuals to work
properly under large dimensional feature spacesdf§F@and Mathur 2004). However, these
learning machines are not user friendly becausertdg on several heuristic parameters that
need to be tuned for each specific application iamhe datasets (Meyet al. 2003). In
addition, as their processing time is extraordinauge for testing scenarios performed on

restrict geographical areas, their application oroperational basis for national tasks may
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take processing times that are not yet affordaHigaget al. 2002). Therefore, although
they work very well under experimental conditiofdefer et al 2003), previous studies
suggest that their effective use on an operatiogaote sensing application is far from

optimal (e.g. Huangt al.2002).

Nonetheless, if we do not collect the appropri&iedd observations for training the SVM
classifier, within the context of a large dimensibfeature data set, it is also difficult, if not
impossible, to go from experimental to real scaamwithout generalization lost (Pal and
Mather 2003). The problem is that we may incur imtoning overfitting (Van Niekt al.
2005); the training accuracy is perfect, but treereng machine lacks generalization to deal

with multiple real world within-classes’ differereéLandgrebe 2002).

Therefore, the answer for the problem related eahtomatic land cover mapping at the
national scale from time series sets of multisgdatellite images may not only depend on
the selected classifier. As land cover dynamics ifme continuous evolution without
frequent short time variations, it is expected twrelation between time sequential
multispectral images and vegetation indices toigk {Borak and Strahler 1999, Maxwell

al. 2002, Lu and Weng 2007). Indeed, the use of highuency time series can be a source
of noise for automatic classification and of higlogessing time without effective gains in
classification accuracy (Maxwett al. 2002, Knightet al.2006). Moreover, the combination
of multispectral information from indiscriminate tda may decrease the classification
accuracy instead of improving it (Knigkt al. 2006, Lu and Weng 2007). Thus, effective
ways to reduce the dimensional feature space afetmemotely-sensed data sets, while
maintaining the key information for discriminatibgtween cover types, is imperative and
must be considered to easier the automatic landradessification processes (Haertel and
Landgrebe 1999, Landgrebe 2002, Guyon and Elig3@8)2

To tackle this problem, i.e. the dimensional featspace reduction, we focus on the analysis
of the contribution of multitemporal and multisp@ttinformation from satellite images for
land cover classes’ discrimination. In the sequenwe pursue the exploitation of
multitemporal images and investigate a mathematigaition to methodically describe the
intra-annual evolution of multispectral data angetation indices for disparate land cover
classes. The goal is to optimize time informatisage for the characterization of land cover
distribution and land cover monitoring. Parametniadels, like the one we propose, perform
a dimension reductioio meet a trade-off between the searching spaverdiion and the
number of classes to be differentiated, and opérttie classification performances (Bradley
et al.2007).
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1.3.3.The line of research

Several authors have already focused on the probfeantomatic land cover mapping from
multitemporal and multispectral satellite imagesnedium spatial resolution (e.g. Borak
and Strahler 1999, Maxwedt al. 2002, Clevergt al. 2007, Daslet al 2007). However, the
differences in the selected land cover nomenclajuhe used classification approaches, the
attained land cover products and respective thenaatturacies highlight the potential for

further work in this field.

In this research, we explore the use of multiterapimformation from multispectral satellite
images for land cover characterization. In detaile investigates the usefulness of time
series sets of medium spatial resolution satéhit@ges for the regular land cover mapping
and land cover monitoring at the national scaletdukle this issue, we follow a rigorous
process in three main steps: 1) assessment ofdlidgemporal information contribution for
land cover classes discrimination at the natiooales 2) definition of an exhaustive land
cover mapping protocol for the automatic productadna land cover map with a set of
multitemporal satellite images and respective amguassessment; and 3) development of a
model to fit time series sets of multispectral Bisg@emages for optimizing time information

usage for the characterization of land cover digtion and land cover monitoring.

This study focus on satellite images time seriegumed by MODIS and MERIS sensors
over the Earth’s surface. The selected study arteeiPortuguese mainland territory, located
in the South-West area of Europe. The spatial uéisol of the satellite images under
analysis are well adapted to the landscape chaistiie of the study area, and these are
sufficiently diversified to test different methodgical approaches for the characterization of

land cover types with distinct biophysical propestii.e. Atlantic and Mediterranean.

To assist the comprehension of the whole reseaork, wmext we briefly describe the main
research points of each stand-alone manuscript ¢bastitutes the structure of this
dissertation. In the first study of this researChdgpter 2), we focus on the assessment of the
benefits of multitemporal information from multisyieal satellite images for land cover
classes’ discrimination in the framework of automatassification. To tackle this issue and
for evaluating the land cover classifications perfed with single and multiple dates’
multispectral information, we use a Support Vedfiachine (SVM) learning approach and a

cross validation technique.

Because the multispectral information containedrinntra-annual time series set of satellite
images is correlated, in the second manuscript {téha3) we evaluate the separated

contribution of both the temporal and spectral infation for land cover classes’
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discrimination. In order to make this evaluatiodependent of some specific classifier, we
propose the use of a metric based on the mediaralstadbis distance for the analysis of
land cover classes’ separability on different terap@nd spectral dimensional features

spaces.

In the sequence, and after the analysis of theribotibn of the multitemporal and
multispectral satellites images information fordagzover classes discrimination, in Chapter
4 we focus on the selection of the best mediumiapegsolution satellite images, i.e.
MERIS or MODIS, for the land cover characterizatiorContinental Portugal. In Chapter 5,
we compare the automatic land cover classificatiocuracy attained with several standard
supervised classifiers with that attained with aclniae learning approach, i.e. the Support
Vector Machines (SVM). The goal is to select thestbelassification technique to
automatically discriminate between the land covasses of interest at the national scale, by
using the spectral and temporal information ofdleeted medium spatial resolution satellite
images. Moreover, in Chapter 6 we compare thesedatd classifiers with an Atrtificial
Neural Network (ANN) classifier, i.e. the Self-Orgaing Maps (SOM).

In Chapter 7, we propose a probabilistic sampliagigh that aims at improving the testing
sample collection and the accuracy estimators’ agatjn in the framework of a regular
land cover mapping program. Afterwards, and follogvihe specificities of the proposed
sampling design, we collect a land cover samplalgese for the accuracy assessment of
medium spatial resolution land cover maps withie ®ortuguese territory (Chapter 8).
Within this study, we also propose the collectidraocillary information, namely a second
reference label and nominal interpretation andtlonaconfidence ratings for each sample

individual, to help in the posterior assessmern&ond cover maps thematic accuracy.

Following the outcomes of the previous stand aloaauscripts, we define in Chapter 9 a
complete classification protocol and proceed wiith automatic production of a land cover
map with 16 classes for the study area of ContaldPdrtugal. To evaluate the overall and
specific thematic accuracies of this map, we ueddhting sample database collected for the

Portuguese territory.

To finish this investigation and to link our outcesnwith future research, we propose in
Chapter 10 a nonlinear harmonic model for fittiighe series sets of multispectral
reflectances and vegetation indices derived frotellte images for disparate land cover
classes. The goal is to enhance the use of tinesssets of multispectral reflectances and
vegetation indices for the characterization of laoger distribution and time evolution in

the framework of real or near-real time applicasiohVe believe this is an innovative
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approach for land cover characterization that dimeplthe analysis of time series sets of
satellite images by non-expert users. Moreoves $hiidy preserves the continuity of this
research, whereas allowing for posterior theorktivelopments in the framework of

remote sensing time series based applications.
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2 USE OF INTRA-ANNUAL SATELLITE IMAGERY TIME-SERIES F OR
LAND COVER CHARACTERIZATION PURPOSE

Carrdo, H., Gongalves, P. and Caetano, M. (2008g &f intra-annual satellite imagery

time-series for land cover characterization purpg#drSel eProceedings, 1-11.

Abstract

Automatic image classification often fails at sejtisng a large number of land cover classes
that punctually may present similar spectral reéflaces. To improve classification accuracy
in such situations, multi-temporal satellite datas hproven to be valuable auxiliary
information. In this paper we present a study evipip the usefulness of intra-annual
satellite images time-series for automatic landecalassification. The reported work aims
at producing a land cover classification of Contia¢ Portugal from multi-spectral and
multi-temporal MODIS satellite images acquired &0® meters spatial resolution for the
year 2000. We started our study by performing alsimate classification to define the
month with the best score as a benchmark to compiétteclassification accuracies obtained
with sets of images from various dates. Then, wesiciered various combinations of twelve
intra-annual image observations (one per monthjjuantify the gain when integrating
temporal information in the classification proceSsiriously, the results we obtained show
that multi-temporal information does not signifidgn improve overall classification
accuracy, but in particular it permits to bettepamate similar land cover classes even if
those remain wrongly identified. Surprisingly alse show that only few (typically 2) dates
are sufficient to reach optimal performance of mwdti-temporal classifier. In our study we

used a Support Vector Machine learning approach.

Keywords: MODIS, intra-annual time-series, landegsupport Vector Machine.

2.1.Introduction

Remotely sensed images of the Earth’s surface Ibeee widely used in the past decades for
deriving land cover information by means of autamelassification. Commonly, land cover
mapping involves single date image analyses. Homyesiace maximum discrimination
between different land cover classes occurs aergiftt stages in the growth cycle of
vegetation types, this approach has the drawbatknht all differences are incorporated in

the procedure (1). Thus, mapping of land covernofexjuires processing satellite images
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collected at different time periods and at manycspé wavelengths (2, 3). Still, it is not
clear yet which temporal observations are requitcedompletely characterize land cover
types, nor the specific effects of annual climatiomalies on the selection of critical dates
for land cover characterization (4). Neverthelassiti-temporal satellite image datasets
provide valuable information on the phenologicahreitteristics of vegetation, thereby
increasing the accuracy of cover type classificestioompared to single date classifications
(5, 6).

Remote sensors capable of providing surface infaomaver large regions have usually a
high temporal resolution but coarse spatial andctspleresolutions. Until recently, the
Advanced Very High Resolution Radiometer (AVHRR)thal.1 km spatial resolution and
daily temporal resolution (7, 8), was one of thes feensors on orbit with such properties.
Thus, several available regional and global landkbcalassification studies and operational
programs were based on AVHRR data, see e.g. (9)(Hd) to cite but a few. In these
situations, the multi-temporal spectral informatiprovide a valuable substitute for the
enhanced spectral and spatial characteristicsgbf trg@solution remote sensors (e.g., Landsat
and SPOT), which have been mainly exploited foiomnattic land cover classification at

national and local scales.

Nowadays, other Earth Observation (EO) sensorshigfh temporal resolutions, such as the
MEdium Resolution Imaging Spectrometer (MERIS) #mel Moderate Resolution Imaging
Spectroradiometer (MODIS) are also available, fieadubetter spatial resolutions (up to 300
and 250 m, respectively) and superior standardscaibration, georeferencing and
atmospheric correction, as well as detailed peelpitata quality information. As such, the
EO community has started to explore images acquisethese two sensors for the land
cover assessment at regional and global scalesl(e.d 2, 13, 14, 15, 16, 17, and 18). In
particular, spectral, temporal, and spatial infdioma acquired by these sensors are all
included as part of the feature space exploiteddiod cover classification of wide regions
(19). Imagery time-series analysis remains an éssa@pproach for land cover cartography
production at medium spatial scales, although Isiglctral resolution imagery allows for

retrieving more detailed land cover features witlgle date information than before (3).

In this study we compare the accuracy of land calassifications performed in Portugal
with single date and intra-annual MODIS images tBeges acquired at a nominal
resolution of 500m. Specifically, we evaluate ifigdification accuracy is significantly
improved with multi-temporal spectral informatiandpposition to single date spectral data.

Land cover classification results were computechv8upport Vector Machine (SVM), a
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recently proposed supervised classification systerhis insensitive to space dimensionality
(20).

2.2.Study area and data

The study area is the entire Portuguese mainlamidoty. Portugal is in a transition zone
featuring diverse landscapes representing both teledhean and Atlantic climate
environments. This landscape heterogeneity allmwshie extrapolation, to some extend, of

the developed methodologies to other regions ofvibréd.

Our study relies on the MODO0O9A1 product, an 8 dagmposite of surface reflectance
images, freely available from MODIS Data Productwgite (http://modis.gsfc.nasa.gov).
We considered a full year observation period, ffegbruary 2000 to January 2001 (12 cloud
free images), of surface reflectances measuredinwigieven disjoint spectral bands
(VIS+SWIR+MIR) and imaged at a nominal spatial tegon of 500 meters. Moreover, two
vegetation indices (i.eNormalized Difference Vegetation IndexNDVI (Equation (2.1);
Enhanced Vegetation Index EVI (Equation (2.2) were also calculated forleaate and

used as additional band information.
NDVI = (pnir _pred )/(pnir +pred) (21)

Prir ~ Pred
Pnir T 6><pred = 1.3pPpe +1

EVI =25 (2.2)

where p.,, Preq @Nd pe represent the surface reflectance of near-infréey), red (B1)

and blue (B3) MODO09A1 bands, respectively.

The land cover classes used in this study aredhewing: Water Bodies (WB), Natural
grassland (Ng), Broadleaved Closed Trees (BCT)eBafB), Shrubland (S), Needleleaved
Closed Trees (NCT), Irrigated Herbaceous Crops JJHRain Fed Herbaceous Crops (RHC)
and Continuous Artificial Areas (CAA).

2.3.Methodology

2.3.1.Sampling

In order to test the several classification appneacusing the defined nomenclature, we
selected a collection of representative samplesdaitthe nine classes of the nomenclature
for the year 2000. Each sample unit representeifgpland cover class covering a surface
area of 500-by-500 m (same as the nominal resolwiased satellite images) and the final
set was acquired following a stratified random slamgpdesign using the CORINE Land
Cover 2000 (CLC2000) cartography (21) as stratarebieck every sample unit collected
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for each land cover class and take into account2DDC map generalization procedure we
used ancillary data (e.g. Landsat ETM+ images aeduduring the year of 2000 and

orthorectified colour infrared aerial photography1995). At the end of this process 354
sample units were uniformly collected all over thainland territory and distributed among
the classes as follows: WB-40, Ng-16, BCT-40, B&7,8, NCT-55, IHC-52, RHC-59, and

CAA-47.

2.3.2.Classification

Land cover classification results were computedh\Biipport Vector Machine (SVM). SVM
are a new generation of supervised learning systereed on recent advances in statistical
learning theory (22). Pioneered by the work onraay strategy by Vapnik and collaborators
(23, 24), they have rapidly and successfully be@pli@d to numerous real-world
classification problems. In short, SVM is a kerbhabked classifier that uses a non linear
mapping to transpose the data initially lying innan linearly separable space, onto a
(possibly infinite dimension) feature space. Duethe high complexity of this new
representation, it is likely that the differentsdas become linearly separable. In our specific
task, we used Gaussian kernels and a regularizstiiategy that is often referred to as the
parameterization in the SVM literature (25). Tha@mlization to multiple classes’ problem
was straightforward using a one-versus-the-restesjy. See (11) and (13) for a complete

and detailed description of the SVM learning syste@d in this study.

Twelve classifications with SVM, each one usingilagle-date image from a different
month, were initially performed in order to compd#ne results of posterior multi-temporal
images classifications against the best classificaccuracy based on single date spectral
information. In a second step, land cover clasaifims with SVM were performed with
several combinatorial subsets of the twelve monihlages. We compute all possible
classifications for subsets of two and three dé@ésand 220 combinations, respectively). A
classification based on the set comprising alltthelve image dates was also performed.
Other combinatorial subsets were discarded becaasachieved the essential results with

these arrangements.

There is little guidance in the literature on thidecia to be used in selecting the optimal
kernel-specific parameters for SVM computationagsmmber of trials were carried out with
each dataset using different kernel-specific pataragand taking into account classification

accuracy as a measurement of their quality (20).

All classification results have been obtained ustngss validation — a standard procedure

used in longitudinal data analysis, e.g. land calassification (26, 27, 28), that permits
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evaluating the first and second order statisticghef classifier. Cross validation permits
evaluating the performance of a classifier fromiragle data set used for train and test
purposes simultaneously. The data is split Kteubsets of samples, aidclassifications
are performed using each subset as a hold-ouTketclassifier accuracy is scored on the
hold-out set of each classification. The averagaii@cy is taken as the estimated accuracy
over the entire domain that is to be classified. i%ed to five the number of cross
validation folds (26).

2.3.3.Analysis

In order to perform a systematic investigation lo¢ trelative gain from incorporating a
temporal dimension into land cover classificatisogess, standard accuracy measures were
derived from the classification results obtainethveach combinatorial subset of the twelve
monthly images. The measures used were: overalracy, producer’'s accuracy and user’s

accuracy (29).

Moreover, since the comparison of classificationaswiundamental for the study, a
statistically rigorous approach for asserting digant differences between our experimental

setups was adopted (26). The goal was to evatyate, = p, versusH;: p, < p,, in which

p. and p, indicate, respectively, the proportion of corredatlassified pixels froma and b
images datasets, and moreover cajd>(card &). The hypothesis testing for the difference
between two variables with binomial sampling disition is based upon the standardized
normal test statistic (30, 31, 32):

N A1 01 .
p(l— p)(m "‘j

n

7=

in which p, - p,is the sample estimate @f, - p,, f)znma—:npb, andmandn the number
m+n

of sample observations used to deripgand p,, respectively. With this test, a significant

increase in classification accuracy occurs at 989éllof confidence iZ < (-1.645).

2.4.Results and discussion

In Figure 2.1 we present the overall 9-classessifieation accuracy obtained with SVM
applied to each of the monthly dates separatelg. Jdal was to define the month yielding
the best score and to use this as a benchmark ditigmothe classification accuracies

obtained with multi-temporal image sets.
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Figure 2.1. Overall classification accuracy asrefion of time.

The best classification rates are attained in sunimes (between June and September),
with August the month with the maximum overall sifisation accuracy. These results are
similar to the ones obtained by (13), confirmingttthis is the best period to discriminate

between core cover types in Portugal.

A closer view at the user’s and producer’s accesager class (Table 2.1), based on the
classification results derived with the reflectamaed vegetation indices measured in August
image, shows that “Natural Grassland” (Ng) is dédig the least distinguishable land cover
class, frequently confounded with “Shrubland” (Barren” (B) and “Rain Fed Herbaceous
Crops” (RHC). Similarly, “Shrubland” (S) is ofteromfounded with several land cover

classes, but mainly with “Natural Grassland” (Ng).

Looking at Figure 2.2 we perceive that the averag® time series corresponding to
“Barren” (B) and “Natural grassland” (Ng) overlam ithe entire summer period.
Furthermore, the “Natural grassland” (Ng) profikeuip to a scale factor, very similar to the
“Rain Fed Herbaceous Crops” (RHC) response. Simdaults were observed with NDVI
and spectral bands. For these reasons, it is nptising that classification results computed
with a single summer image reveal a mixture betvibese cover types. However, and given
the different phenology of these classes, it issoaably expectable that adding more
temporal information in the feature space, seleeeghenologically critical times (e.g.

February or November), should improve their paftéicelassification performances (6). The
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complexity is to define which summer and winteredashould be combined to increase land

cover classes discrimination.

Table 2.1. User’s and Producer’s accuracies pesclehis repartition corresponds to the SVM classtibn
based on reflectances and vegetation indices @utaiha single date (August, 2000).

User

wB | Ng | BCT | B s | NcT | HC | RHC | cAA Sers

accuracy
WB 40 0 0 1 0 0 0 0.98
Ng 0 5 0 4 0 0 2 0.42
BCT 0 0 40 0 2 2 0 0 0| o091
B 0 4 0 18 2 0 1 o| 1 0.69
s 0 3 0 2 6 0 1 0 0 0.50
NCT 0 0 0 0 2 53 0 0 0 0.96
IHC 0 0 0 0 1 0 50 0 o| o098
RHC 0 4 0 1 0 0 56 0 0.92
CAA 0 0 0 5 0 1 46| 088
Producer's 100 | 031| 100 067 033 096 096 095 0.p8 ;
accuracy
Natural grassland
--------- Barren
040 - Mty T Rain fed herbaceous crops |

EVI

025

L L L Il 1 1 1 Il L 1
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month

Figure 2.2. Mean EVI values as function of time‘fdatural grassland” (Ng), “Barren” (B), and “Rain Fed
Herbaceous Crops” (RHC). See (33) for further detailsnean profiles calculation.

In Table 2.2 we present the results of the clasgifins performed with combinatorial
subsets of two dates. In all cases, a SVM is tthigred optimized on reflectance from all

spectral bands and vegetation indices. In Figu@ We present, for each monthn
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(i=1,...,12), a box plot with the overall classificatiaccuracy statistics (median, quartile,
extremes and outliers) obtained for all pair-wisenbinations ofm with each of the

remaining eleven months (Table 2.2).

Table 2.2. Overall land cover classification accigs obtained with combinatorial subsets of twesat

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Jan - 0.84 0.84 0.85 0.88 0.88 0.89 0.89 0.88 0.86 0{89.84
Feb 0.84 - 0.81 0.85 0.86 0.87 0.8y 0.88 0.87 0.86 0{8@.85
Mar 0.84 0.81 - 0.81 0.86 0.87 0.88 0.88 0.88 0.87 0{8@.85
Apr 0.85 0.85 0.81 - 0.87 0.87 0.8y 0.88 0.87 0.87 0{87.86
May 0.88 0.86 0.86 0.87 - 0.86 0.87 0.7 0.88 0.B7 0(871.87
Jun 0.88 0.87 0.87 0.87 0.84 - 0.86 0.88 0.87 0.89 0(89.88
Jul 0.89 0.87 0.88 0.87 0.87 0.86 - 0.7 0.88 0.89 0[9(.89
Aug 0.89 0.88 0.88 0.88 0.87 0.88 0.87 - 0.87 0.B8 0[9(®.89
Sep 0.88 0.87 0.88 0.87 0.88 0.87 0.88 0.87 0.B7 0(88.88
Oct 0.86 0.86 0.87 0.87 0.87 0.89 0.89 0.88 B7 F 0(8®.87
Nov 0.85 0.86 0.86 0.87 0.87 0.89 0.90 0.90 0.88 0/86 - 0.85
Dec 0.84 0.85 0.85 0.86 0.87 0.88 0.89 0.89 0.88 0{87.8509 -

**iggﬂﬁg

087 E| i

Overall classification accuracy

- -

081 1 Il L 1 1 1 1 1 1 Il L 1
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
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Figure 2.3. Overall classification accuracy per boratorial subsets of two dates. Each box plotasgmts the
lower quartile, median, and upper quartile of dfacstion accuracy obtained for all pair-wise comdgions of
each month with each of the remaining eleven mointlages. Classification values that are considesed a
outliers are represented by “+".
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The most important remarks when comparing thesdtsewith those from Figure 2.1 is that
the best median pair-wise classifications are aelieconsidering at least one image from
summer time, and overall classification accuraei#gh summer images are those that have
the smallest intervals of variation. These outcomesfirm, once again, that spectral
information from summer is necessary for superéndl cover classes’ discrimination in
Portugal. Specifically, the maximum overall clagsifion accuracy was obtained by
combining August and November images (the sameevalas achieved with the subset
containing July and November dates). Indeed, thelianevalues of the classifications
achieved by combining August with all other mongheved to be greater than the median

accuracy achieved with pair-wise combinatorial $etsll other dates.

This result suggests that is most likely to ob&imaximum overall classification accuracy
value if spectral information from August is in tataset used for land cover classification.
Moreover, looking closer at the results from FigRr2, we also perceive that November and
December are some of the winter dates that maxithizelistance between the mean profiles
of cover types that mix up in summer (e.g., Ng, 8)dFor that reason, it is expected that
the classification accuracies of these classesidmiincreased by using these dates together
with the summer dates as input features for classibn. Classification results with two
dates proved that the previous analysis of EVI mmafiles of Figure 2.2 is sensitive, and
that the overall and specific classification accigs can be increased by using spectral

features from different seasons (summer and wimedHhe classification process (Table 2.3).

A similar classification approach with combinatbrisubsets of three dates was also
performed. Figure 2.4 compares the best overafisiflaation accuracies obtained when
training a SVM (i.e. optimizing its parameters)abservations from montm, from the pair
(m, m), and from the triplet i, m, m). For eachm-combination, only the best

classification accuracy is displayed.

Figure 2.4 shows that increasing the temporal splefetatures for classification maximizes
the monthly overall classification accuracy achigawith single date information.
However, this is mostly evident for months out loé tsummer period, which are the ones
that clearly benefit from those combinations, wherét is not so important for the
classification results achieved with a single datesummer. This is an important result
showing that the best classification accuracy mthiwith single date information is quite

similar to those attained with two and three dates.

Classification accuracies for the nine land co\lasses using single-date, two-dates, three-

dates and twelve-dates spectral information anete¢ign indices as input features for the
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classification with SVM are presented in Table A8tice that for two and three dates, only

the combinatorial set with the best overall clasatfon accuracy in each case is presented.

Table 2.3. Overall classification accuracies fréwa best single date classification, from the baeestand three
dates combinatorial sets and from the twelve dadesciation. The table shows the individual clasgibn
accuracy for each class (producer’s accuracy) andhall accuracy.

Number of input dates for classification
Land cover class 1 2 3 12
(August) (August + November) (August + November + July) Dates

Water Bodies (WB) 1.00 1.00 1.00 1.0
Natural grassland (Ng) 0.31 0.31 0.31 0.38
Broadleaved Closed

1.00 0.98 0.95 0.95
Trees (BCT)
Barren (B) 0.67 0.70 0.74 0.67,
Shrubland (S) 0.33 0.44 0.39 0.3
Needleleaved Closed 0.96 0.96 0.96 0.96
Trees (NCT)
Irrigated Herbaceous 0.96 098 1.00 098
Crops (IHC)
Rain Fed Herbaceous

0.95 0.98 1.00 0.98
Crops (RHC)
Continuous Artificial

0.98 0.98 0.98 1.00
Areas (CAA)
OVERALL ACCURACY 0.89 0.90 0.90 0.90

0.95

09r

Overall classification accuracy
o
o
w
T

........... One date

Two dates

Three dates

075 L 1 I- L 1 L 1 L 1 L 1 Il
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Figure 2.4. Overall classification accuracy obtdiméth observations from a single date and from loiowtorial
sets of two and three dates. For each month, belpést overall classification accuracies obtamedombining
it with one and two other dates are displayed.
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Looking at the results of Table 2.3 we perceive nerall and particular classification
accuracies obtained with one or more dates aree caihilar. The classification results
showed that embedding information available fordates simultaneously had to face the
problem of insufficient training data, which modgstiegraded the classification scores
previously obtained for some classes with only amad three dates. Also, the sparseness of
available samples adds to the classification diffic However, we notice that the overall
accuracy, as well as the producer’'s accuracies Stfrdbland” (S), “Barren” (B) and
agricultural (IHC, RHC) classes, were improved lsing spectral data and vegetation
indices from August and November images as inptufes for classification. Indeed, this is
the most important result proving that multi-tengdadata may be redundant regarding the
overall classification task, but can show usefidegiarating two specific classes (which does
not necessary mean that individually those clasgiébe correctly identified in a multi-class

classification context).

Table 2.4 provides the& values calculated in order to check how significdine

improvements in overall classification accuracy aleen we take into account more than
one single-date spectral reflectances and vegetattices for classificatiorZ values were

computed considering the proportion of correctlgssified sample units per combinatorial
subset presented in Table 2.3. If the calculaedalue is smaller than -1.645, then the
difference between the overall classification aacigs obtained with two different imagery
time sets can be interpreted as a significant as&an classification accuracy at a 95%

confidence level.

Table 2.4Z values to appraise the significance of the difieesbetween classification accuracies from the best
single date classification, from the best two dmreéé¢ dates combinatorial sets and from the twedtesd

association.
g:g?f?ga(:ifggput dates for 1 2 3 12
! - -0.61 -0.74 -0.36
2 -0.61 - -0.13 0.25
8 -0.74 -0.13 ; 038
12 -0.36 0.25 0.38

The results introduced in Table 2.4 show that theneo significant improvement between
the performances of SVM using spectral data from, dwo, three or even twelve dates as

input features for classification (all calculatédvalues are superior to -1.645). It can be

The contribution of multitemporal information framultispectral satellite images for 35
automatic land cover classification at the natioseéle



Hugo Miguel Saiote Carrédo

concluded that for this land cover sample set, calnbinations of time features are
equivalent for classification with SVM. This resuwMlas not surprising, since (3) have
previously shown that the temporal domain was et#vant for land cover classification
with MODIS data in Arizona. Still, it is importai note that overall classification accuracy
results always benefit from the addition of mudiiporal information, as observed in Table
2.3.

2.5.Conclusions

The results we obtained show that combining inimadal monthly spectral information for
land cover classes’ discrimination in Portugal deessignificantly improve the best overall
classification attained with single date informati®pectral data from summer dates proved
to be indispensable for most land cover classestrishination, but pair-wise classes
discrimination benefit from the inclusion of spettdata of at least one winter date. Thus,
we should remark that the use of multi-temporalgers data for the discrimination between
particular land cover classes proved to be impartatthough overall accuracy did not
significantly benefit from it. Indeed, since spettprofiles of vegetation classes are in
general smooth slowly time varying functions, iteispectable that few temporal spectral

features are sufficient to assemble most of theridisnant information.

From a methodological viewpoint, SVM proved to beensitive to the dimensionality of
input data, given that similar overall land covkassification accuracy results were obtained

with one and twelve monthly imagery spectral data.
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3 CONTRIBUTION OF MULTISPECTRAL AND MULTITEMPORAL
INFORMATION TO LAND COVER CLASSIFICATION FROM MODIS
IMAGES

Carrdo, H., Gongalves, P. and Caetano, M. (2008ntribution of multispectral and
multitemporal information from MODIS images to lacover classificatiorRemote Sensing
of Environment112, 986-997.

Abstract

The goal of this study is to evaluate the relatigefulness of high spectral and temporal
resolutions of MODIS imagery data for land covexssification. In particular, we highlight
the individual and combinatorial influence of spattind temporal components of MODIS
reflectance data in land cover classification. Gudy relies on an annual time series of
twelve MODIS 8-days composite images (MODO09A1) rhbntacquired during the year
2000, at a 500 m nominal resolution. As our aimasto propose an operational classifier
directed at thematic mapping based on the mostiexfii combination of reflectance inputs —
which will probably change across geographical aregiand with different land cover
nomenclatures — we intentionally restrict our ekpental framework to continental
Portugal. Because our observation data stream insntéghly correlated components, we
need to rank the temporal and the spectral featgesrding not only to their individual
ability at separating the land cover classes, lat #® their differential contribution to the
existing information. To proceed, we resort to timedian Mahalanobis distance as a
statistical separability criterion. Once achievbid tarrangement, we strive to evaluate, in a
classification perspective, the gain obtained wtien dimensionality of the input feature
space grows. We then successively embedded the paitked measures into the
multitemporal and multispectral training data sétaoSupport Vector Machines (SVM)
classifier. In this way, we show that, only thelirston of the approximately first three dates
substantially increases the classification accurltyreover, this multitemporal factor has a
significant effect when coupled with combinations few spectral bands, but it turns
negligible as soon as the full spectral informati®mexploited. Regarding the multispectral
factor, its beneficence on classification accuremyains more constant, regardless of the

number of dates being used.
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Keywords: Statistical separability analysis; MODi®a-annual composite data; land cover

classification; Support Vector Machines.

3.1.Introduction

Multitemporal satellite images composites are nofv standard use in land cover
classification of large areas at regional and dlaieales (Cihlar 2000). Considering in the
one hand, that single date images may fail at digog different land cover types that
temporarily share similar spectral reflectance abt@ristics (Vieiraet al. 2001, Liuet al.
2003); and recalling on the other hand, that mésh® worldwide landmass is covered by
vegetation with distinct phenologies, it is not sglass to believe that non-stationarities of
image time series are valuable sources of infoonat get more accurate land cover maps
(Knight et al. 2006). Data sets from the Advanced Very High Résm Radiometer
(AVHRR) have been used to map land cover typesutiiranonthly composites describing
seasonal variations in photosynthetic activity efistation (DeFries and Belwa&D00).
However, mainly two of the five broad spectral barsgnsed by AVHRR instrument are
valuable for land observation, thus being insudiiti to distinguish subtle differences in
vegetation types with similar annual phenologiesr@® and Strahler 1999). Even so, land-
sensing instruments that collect data at highectsgleresolutions, such as Landsat Thematic
Mapper (TM), were generally not used to derive caraple regional products due to
incomplete spatial coverage, infrequent temporalvecage with inevitable cloud
contamination and the associated large data voluroegracticable in an automatic land

cover classification context at such geographicales(DeFries and Belwag000).

Recently launched Earth Observation (EO) sensorSibiéxenhanced spectral and
radiometric resolutions, wide geographical coverage improved atmospheric corrections,
while preserving a temporal resolution comparabléhat of AVHRR. This is precisely the
case for the Moderate Resolution Imaging Spectronaeter (MODIS) which is at the core
of our study. Regarding spectral coverage, MODd&ns a broad spectrum with a large
number of narrow bandwidth channels that constamt@dvantage for a large scope of tasks
and circumstances (Landgrebe 2005). In this doactrecent literature has shown that
narrow bands can outperform broad bands in quamgifybiophysical vegetation
characteristics (Thenkaba#ét al 2000). In addition, MODIS has on-board automatic
positional calibrations that reduce the inherentHRR susceptibility to problems of
misregistration in multitemporal analyses. All thesmew potentialities should help
addressing the challenges of automatic land coassification of wide geographical areas

(Carrdoet al. 2007), recalling that MODIS data already provedcssgsful in a host of
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regional applications requiring fine scale covdoimation: mapping of irrigated areas in the
Ganges and Indus river basins (Thenkabaill. 2005), production of a landform map of
North Africa (Ballantineet al. 2005), regional land cover mapping to monitor bjutal
conservation in the Great Yellowstone Ecosystem a&ls et al. 2004), land cover

classification over the Yellow River basin, Childaisuokaet al.2004), to cite but a few.

However, increasing the number of spectral chanaetk lengthening the data time series
does not necessarily mean that the quantity ofcedie information for land cover

classification is increasing proportionally. Thefoimation gain depends on the mutual
independence of the co-occurring measures, anch dite the necessary structure to
discriminate between land cover classes lies inmadimensional feature space (Landgrebe
2005). On the other hand, data sets with oversidimdension directly penalize the

performances of most supervised classifiers. As dhmensionality increases with the

number of spectral channels, the number of traisengples for training a specific classier
should be increased exponentially as well. Thieaffcan significantly increase the

classifier's sensitivity to class boundaries’ psémh (also referred to as “Hughes
phenomenon”) when the size of the training samplecan not handle the input space
dimension (Jackson and Landgrebe 2001, Ho and B@8R). The consequence is that the
classification accuracy first grows and then dediras the number of spectral channels
increases while training samples are kept the sdnweeasing the number of training

sampling units, when it is possible, can overcohe “Hughes phenomenon”, but then it
incurs another risk which is that of over-fittifgore practically also, the computational cost
of classification is generally a non-linearly ineseng function of the feature space
dimension. All these reasons highlight the necgskit a better organization of the

information initially diluted in the original higldimensional input space, and several
extraction/selection techniques, such as discrintiaaalysis, have been commonly used to

perform a particular type of feature extractionritlgrebe 2005).

In this study we evaluate the relative usefulnddsigh spectral and temporal resolutions of
MODIS imagery data for land cover classificatiorur@vork is a methodological study to
answer the fundamental question raised by the feration of hyperspectral and
multitemporal satellite imagery: Regarding land eovclassification, what is the
informational content inherent to reflectance meeduin different wavelengths and at
different times? We also address the corollarystjoe: Within the same context and based
on our particular data set, how to combine in aaiereffective way, spectral channels with
acquisition dates?, where “effective way” is mefantoptimizing the trade-off between land

cover differentiation and feature space dimensiorthe course, we were naturally led to
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evaluate the beneficence expected from insertimpoeal diversity in a multispectral based

classification framework.

To tackle these issues and to answer these qugstienfollowed a rigorous process in two
main steps: 1) temporal and spectral data priation; and 2) use of land cover
classification performances to assess the infoonatiincrement conveyed by additional
temporal or spectral measures. We resort to asstali separability analysis based on the
Mahalanobis median distance to rank temporal aretted features according to their
individual and joint ability at separating land eowlasses. Specific use of Mahalanobis
distance was not crucial, and we could have defthednput features’ prioritization based
on classification results directly. However, aswanted to keep the organization procedure
as independent as possible from the classifiercehasimple arithmetic and geometric

arguments led us to choose the median Mahalanaénde as our ordering criterion.

To measure the capacity of each retained featunebioation at differentiating land cover
classes, we used overall classification accuracyamsindex to evaluate the relative
information gained from each spectral or temponalethsion adjunction. As we deal with a
finite data set, it is essential to minimize th#uance of the searching space dimension onto
the classifier performance, so that results onlyetid on the amount of added information.
In other words, the benefits resulting from addingew dimension to the feature space must
not be annihilated by the classifier performancere@se due to dimension increase.
Structurally, Support Vector Machines (SVM) (VapriiR98) are kernel based supervised
classifiers whose performances are quite unaffdayealversized dimensions of input feature
spaces (Huangt al. 2002, Zhu and Blumberg 2002, Margdl al. 2005, Pal and Mather
2005, Mercier and Lennon 2003, Watanachaturaporal. 2004, Watanachaturapoat al.
2005, Gongalvest al.2005). Inherent computational cost notwithstandihg, is the unique
reason that motivated our choice of SVM for thessification task. Like this, we claim that
the best classification performance should natutadl obtained with the full rank data set,
and we will quote experimental results that shoat fhdeed, the misclassification rate is

constantly decreasing with the input feature sgioension.
3.2.Study area and experimental data set

3.2.1.Study area
We focused our experiences in the Portuguese nmainéaritory. The country has an area of
approximately 89 000 Kfmand ground altitudes raging from 0 to 2000m absee level.

Portugal is in a transition zone featuring divdeselscapes representing both Mediterranean
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and Atlantic climate environments. According to @ae et al. (2005), in 2000 the
agricultural areas occupy 48% of the country, diosellowed by forest (38%) and semi-

natural areas (9%), while artificial surfaces cosgwonly 3% of the total land cover.

3.2.2.Land cover classes

The nine land cover classes of the developed ndatene were defined through the Land
Cover Classification System (LCCS) from Food andiégture Organization (FAO) (Di
Gregorio and Jansen 2000) (Table 3.1). The rawormeghind the development of the
nomenclature was three-fold: (1) a nomenclaturg thawell adapted to the type of
landscapes existent in regions with characterisitzslar to the Portuguese mainland, (2) a
nomenclature that is compatible with establishedsofe.g. CORINE Land cover, Global
Land Cover and the International Geosphere-BiogpReogramme nomenclatures) in order
to turn possible the comparison between our resaltsl others using different
nomenclatures, and (3) a nomenclature that matitleespatial resolution of used satellite
imagery. In addition, its development attendechnguggestion endorsed by Lovelatdl.
(2000), i.e. each vegetated land cover class repraglatively homogeneous land cover
characteristics (e.g. similar floristic and physiogiic characteristics), that exhibit
distinctive phenology (i.e. onset, peak and sedsdmgation of greenness) and have

comparable levels of relative primary production.

Table 3.1. Land cover classes description, labelraspective number of collected samples.

Sample
Class Label Description . P
size
Artificial Areas | AA Built-up areas and transport network. Non-lineaaarof vegetation and bare so| 47
are exceptional.
Rainfed Crops | RC Agrlcultur_al areas that are not al_’tlfl(:lally irrigal and  consequently do not 59
present vigorous vegetation during summer.
Irrigated Crops | IC Agricultural areas |rr|_gated artlflually and pedlioally (during summer-time) that 52
only present vegetation during the summer.
Broadleaved BE Wooded areas where broadleaved species predominate. 20
Forest
Needleleaved NE Wooded areas where coniferous species predominate. 55
Forest
Natural NG Natural areas with herbaceous vegetation, namalyigreous species. 16
Grassland
Shrubland s Natural areas domlna}ted by bush_es and other shrdgstation that is 18
characteristic of Mediterranean climate.
Barren B |Area of limited ability to support life, namely thsoil, sand, or rocks. 27
\Water Bodies WB |Natural or artificial stretches of water. 40
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3.2.3.Earth Observation data

Our study relies on the data acquired by the MdddRasolution Imaging Spectroradiometer
(MODIS), an instrument on board Terra and Aquall#at® from National Aeronautics and
Space Administration (NASA). Terra MODIS and Aqu@®MIS take between one and two
days to cover the entire Earth's surface, with raptete 16-day repeat cycle. Both sensors
acquire data in 36 spectral bands, or groups ofelgagths, and their spatial resolution
(pixel size at nadir) is 250 m for channels 1 arf@.8 um - 0.9 um), 500 m for channels 3 to
7 (0.4 um - 2.1 um) and 1000 m for channels 8 t(03um - 14.4 um). These channels are
calibrated on orbit by a solar diffuser (SD) andaddar diffuser stability monitor (SDSM)
system, which convert the Earth surface radianceratiometrically and geo-located
calibrated products for each band (Xioegal 2003). Although recent evaluations have
reported a geo-location error of 113 m at nadirigkih et al. 2006), official technical
specifications warrant 50 m geo-location accuratiplfe et al. 2002). In both cases, the
geo-location is less than half a pixel dimensiord hence acceptable for our multitemporal

analysis.

The data acquired by the MODIS sensor is used nergée multiple products at different
pre-process stages. In this study we used the M@DQ8oduct, a weekly composite of
surface reflectance images, freely available fromODMS Data Productwebsite

(http://modis.gsfc.nasa.gpvThis specific product is an estimate of the acef spectral

reflectance imaged at a nominal spatial resolutibB00 m for the first seven bands as it
would have been measured at ground level if theeeewno atmospheric scattering or
absorption. The applied correction scheme compesshr the effects of gaseous and
aerosol scattering and absorption, for adjacenfegtsf caused by variation of land cover, for
Bidirectional Reflectance Distribution Function (BR), for coupling effects, and for

contamination by thin cirrus (Vermote and Vermeul99). We considered a set of 43
MODO09A1 images for each one of the seven first spedands, covering a full year

observation period, from February 2000 to Janu@f42In addition, from spectral bands B2

(near infrared channel g, ), B1 (red channel p,.4) and B3 (blue channel g, ), two

vegetation indices were also calculated for eacte dind used as additional band

information, namely th&lormalized Difference Vegetation Ind@yDVI):
NDVI =(pnir _pred )/(pnir +pred) (31)

and theEnhanced Vegetation Ind¢xVI):
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Prir ~ Pred
Pnir T 6x Pred = 1DPpjpe +1

EVI=25

(3.2)

This way, each sampling unit is a time series ofvggkly observation points lying in the
nine dimensional space [0’K] [-1,1]? corresponding, respectively, to the reflectancestan

the vegetation indices of a 500 m-by-500 m squega.a

3.2.4.Sampling procedure

For each of the nine land cover classes, reprasenground reference data were collected
from Portuguese mainland territory along year 2@0@ used for training and testing
purpose of our methodology. Homogeneous sample,urdich corresponding to a MODIS
pixel area, were selected for each land cover alasgy the CORINE Land Cover map for
2000 (CLC2000) (Painho and Caetano 2006) as stHgh spatial resolution Earth
Observation (EO) data, namely Landsat ETM+ imagegiiged in 2000 and orthorectified
colour infrared aerial photographies from 1995 heeamvering the whole territory, were used
as the base data source to recheck reference laret classification of sample units.
Reference information for each sample unit wasvedrby the method described by DeFries
et al (1998), i.e. by visual interpretation of high okdion EO data overlaid with a co-
registered 500 m fishnet corresponding to the MO@d& grid. At such a coarse resolution,
land cover homogeneity is hardly guaranteed by aandampling because most pixels are
likely to contain features from two or more distirdasses. Thus, we deterministically
retained only pixels that are representative ofepland cover class occupation. As our
intention is not to produce a thematic map based wew operative classification procedure,
it was fundamental to consider empirical classesh wipical spectral and temporal
specificities that are statistically sound. In todlect process, we endeavored at spreading as
much as possible each class samples over the mditdaritory, in order to account for
possible regional differences, and to prevent ggalgc correlation due to adjacent pixels
(Hammond and Verbyla 1996). Finally, as our objecis to assess the pertinence of intra-
annual temporal information for land cover chanazétion, each sampling unit was selected
within geographical sites that did not undergo astic land cover change during the study

period.

Although the appropriate number of sample units glass that are needed to train a
supervised classifier remains open to debate,indrats or simple heuristics relate the strict
minimum to () the used algorithm itself, tai)Y the number of input variables, toi ) the
sample selection method, and i9) the size and spatial variability of the study affdaang
et al. 2002, Jensen 1996, Mather 2004, Foody and Math(06,2600dyet al. 2006).
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However, Ho and Basu (2002) asserted that certassification problems have nonzero

Bayes error, no matter the sample size or thefeafpace dimension.
3.3.Data analysis

3.3.1.Pre-process of Earth Observation data

Despite all the default corrections performed on DM® products, data pre-processing is
mandatory to avoid biases due to time-specific @ommations. We were led to develop
some additional treatment for cloud detection apdhaval, and for the intra-annual
calibration of the spectral profiles of land coetasses. Firstly, we choose to base our study
on weekly composites of the spectral reflectanoelsvagetation indices, rather than on daily
values. Compositing is a process that selectsgoh @ixel-size area of an image the “best”
pixel among all available within a given periodtmfie (in most cases, optimality is meant
for “cloud-free” situations). Clearly, this seleamti implicitly assumes land cover to be
locally stationary in time, which in turn restri¢ctee window extent to a sensibly small period
of time. Our study is particularly sensitive tosthimit as it entirely relies on the land cover
specific intra-annual variations of reflectanceefi@iore, we are forced to a reasonably short
compositing window that will not smooth out the Eeristic non-stationarities of the time
series, but sometimes not sufficiently large to aeenall clouds presence. Consequently,
measured reflectances may still locally exhibit@bmally high values, similar in kind to a

shot noise superimposed to the relevant signal(gig.1).

According to Van Dijket al. (1987), a time-sliding windowed median filter outipems
other smoothing techniques, such as linear filegrpolynomial fits, at removing aberrant
measures from the time series. This approach waessfully employed by Duchemat al.
(1999) on NDVI time-series to monitor the phenolafyarious forest ecosystems, and that
is the technique we also retain to denoise our stagams. Each sample of the original time

seriesx[k] is replaced by theQ-th percentile of the short time windowed sub-series

X[n] -W[n-K] centered on the sliding indéx The Q-th percentile is a free parameter that can

be tuned to adapt to the shot noise amplitude,thadwe empirically fixed to 40%. The
criterion that guides our choice of both the Q-#ngentile and the window length is purely
heuristic. We did extensive trials with differergllues of these parameters and compared the
resulting responses in all classes. We then erafliriccset them to the values, which
smoothed out local oscillations and aberrant megsurhile preserving the slow varying
profiles (corresponding to a yearly period). Nottbeugh, that because we use a narrow

window that does not comprise many samples (windagth does not exceed six weeks),

48 The contribution of multitemporal information framultispectral satellite images for
automatic land cover classification at the natioseéle



Hugo Miguel Saiote Carrédo

there is no dramatic difference for Q’s lying ire timterval [30%-50%]. We then applied the
same short-time median filter with the same separtimeters to all traces. Regarding the
vegetation indices, their non-linear calculatioreslmot commute with the median filtering.
Yet, comparing the results when permuting the oodfesperations does not reveal drastic
changes. In practice, we did apply the medianrfibeEVI and NDVI computed from the

original spectral bands.

0.3F

025

0.2

01F

Spectral band B1 reflectance

0 1 Il 1 1 Il 1 i
Jan Mar Apr Jun Aug Sep Nov Dec Feb

Time

Figure 3.1. Typical time series corresponding ®itiira-annual evolution of reflectance in MODO09gdectral
band B1 (red wavelength) for a pixel area of thenRal Crop (RC) class. Crosses correspond to the raw
observed data. Dots show the output of a time-magrwindowed median filter (we used a gaussian winddth
a width corresponding to a six weeks duration).

From the example of Figure 3.1, it is clear howrkfiectance bursts due to clouds' presence
disappear from the non linear filter output, withdbhe underlying trend being altered.
Furthermore, the low frequency content of the t@sylresponse can easily withstand down
sampling, and in the sequel, we shorten the ofigieakly time series to 12 points, retaining

only one measure per month.

3.3.2.Statistical ordering of input features for classifcation

Innovative approaches are constantly proposedctdetahe challenging issue of extracting
the most condensed and the most pertinent infoomatiom a highly redundant feature
space (Landgrebe 2002, 2005). In many applicatidike, in automatic land cover

classification from satellite imagery databases, difficulty gets worse when the number of
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available training samples — too small to cope whth high dimensionality of the problem —

hampers effective classification results (Ho anduBa002, Guyon and Elisse2003).

Having in mind the Bayes error as a theoreticalnbipput difficult to attain in practice, a
large number of metrics have been devised to meather ability of the features, taken
individually or in conjunction, at discerning théagses. Among all existing approaches
based either on probability distances (e.g. Bayediatance), entropy measures (e.g. the
Kullback-Leibler distance), correlation, or geomefe.g. the Fisher ratio), we chose a
technique based on "statistical separability inglid®ruzzoneet al. 1995). Many statistical
distances such as Bhattacharyya, Jefries-Matusiémsformed Divergence, or Mahalanobis
have been reported as relevant criteria for selgdtie adequate feature subspace in a two-
classes classification problem (Lee and Landgrél$3,1Bruzzoneet al. 1995, Haertel and
Landgrebe 1999, Jimenez and Landgrebe 1999, Hetoll. 2003, Marcalet al. 2005,
Watanachaturaporet al. 2005). Naturally, these measures are strongly kedee (Singh
2003). Now, considering a multi-class classificatiproblem, it is not so clear how to
combine these two-classes' distances to get algiidg@ersion measure. A straightforward
way is to compute the average value over all pafirslasses’ distances (Bruzzogee al.
1995, Watanachaturapoet al. 2005). Unfortunately this approach does not acctumthe
distances heterogeneity, and a distance betweenlasses that is notably larger than all the
others, can leverage the mean distance and maslovhell classification difficulty.
Conversely, a MinMax algorithm selecting the featwsubspace that yields the best
separation between the two closest classes (Leeardbrebe 1993, Haertel and Landgrebe
1999, Jimenez and Landgrebe 1999, Hestldl. 2003), does not necessarily guarantee an

optimal separability among the other classes.

Here we propose to use the median of the Mahalarinter-class distances as our sorting
criterion to ordinate the temporal and the spedw&atures in our land cover classification
framework. The Mahalanobis distance between twamtpobelonging to g-dimensional

space is defined as follows (Johnson and Wiche®&)t9

dq :\/(x—y)t Sx-y) (3.3)
whereSis the covariance matrix.

Considering a particular feature subsp&ce in our case a combination of spectral bands
and/or of dates — we first calculate all pair widahalanobis distances that separate each
sample of a given clasg from all samples of the remaining classes. Dding for all

classesn=1, ..., 9, we then compute the median valy(€&) of all the resulting pairwise
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distances, and use this as a measure of the sepaséitength for the considered feature
subspace. The median (Mahalanobis) distance iskalgineasure that groups all samples of
a same cluster into a unique distance to the rentapopulation. Calculating this distance
for all the nine classes individually corresponds & “one-versus-the-rest” strategy,

commonly used to generalize a two-class probleanrtwilti-class situation.

On the other hand, choosing the median ratherttimmean value blurs the dominant effect
of a few atypical large distances, as the mediantadny balances the two halves of a

population. Notice also that in the process we alntake into account the distances between
sampling units of a same class, meaning that ¢mbugh the variance matrix does the own

class dispersion intervene in this sorting procesentually, the various feature spaces are
ranked according to their corresponding mediarr4citess distance: the larger this distance,
the more spread out and supposedly separable areldhses when represented in this

feature space.

We apply this procedure to our multispectral imaty@e series, in order to determine fhe
(bands) xq (dates) dimensional feature subsp#gg that maximizes the Mahalanobis
median distanc®(F, ). We start considering spectral bands and datesateparand find
the feature spack; ; that among all possible combinations of a singlacowith a single
date maximizes the Mahalanobis median distancec&llehe corresponding input feature
My,1, I.€. the measure from chanii (i,=1,...,9), at montlt,; (j,=1,...,12), and(myj;) the

associated distance.

Finding the optimal combination of dates

Once,my; is fixed, we form all possible combinatiofs={maj1, My} with j, # j;, and
calculate for each one the median Mahalanobis riist®(F; ;). The maximum distance
designates the best class dispersant represenpddioa that is spanned by only one spectral
reflectance (or vegetation indexj) Bneasured at two different datigsandt;,. Similarly for

the remaining dates, each combinatorial subsgt{muj;, My, ..., Mg} for g=1,...12,
defines the most judicious way of arranging thectpé measure frong different dates of

the year.

Finding the optimal combination of spectral bands ad vegetation indices

Following the same bottom-up algorithm, and conside the best single datt,, for
p=1,...,.9, we determine the combinatorial subsgts{ma ji, M1, ..., Mpja} With maximum
Mahalanobis median distan€¥F, ;). These indicate the most relevant sequentialrdiate

including spectral reflectances and vegetationciesi;'s in the classification input space. In
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particular, Fy ; designates the period of the year thapriori offers the best full spectral

conditions for land cover classification in Portuga

As a general remark, it is naturally expected thatMahalanobis median distance increases
with the dimension of the feature spadgg, and ultimately, any arbitrary ordering will
reach the same distance. Our concern here wasikahe feature inputs so as to obtain the
fastest convergence towards the best expectabdsifatation results. The next step is to
show the role of this arrangement on classificapierformance, and to appraise the relative
gain obtained at each supplementary temporal atrigbdeature inclusion. Before that, the
following section briefly describes Support Vectbtachines, a supervised classifier

commonly considered as immune to a performancesdeerdue to dimension increase.

3.3.3.Land cover classification

Support Vector Machines (SVM) are a new generatiosupervised learning systems based
on recent advances in statistical learning the@yistianini and Shawe-Taylor 2000).
Pioneered by the work on learning strategy by Viajamid collaborators (Boset al. 1992,
Vapnik 1998), they have rapidly and successfullgrbapplied to numerous real-world

classification problems.

Conceptually, SVM rationale is that a classificatmroblem that does not have a satisfying
solution in its own observation space may have emeple and efficient in a more
complicated representative system. As so, SVM ubgpathesis space of linear indicator
functions to draw classification in a high dimemsib(possibly infinite) feature space, image
of the observation space by a non-linear mapgingror the sake of simplicity we restrict
this introductory study to the case of a two classkssification. Generalization to multiple

classes’ problems is straightforward using, fotdnse, a one-versus-the-rest strategy.

Consider a binary classification-learning task tredfollowing data training set:

S(Xq, Vo)X YaOh X OX O O™y, O{~1,41} (3.4)

with samples (x;,y;) drawn i.i.d. according to some unknown but fixecblgability
distribution P(x,y). The non-linear mappin@ transforms then, -dimensional input space

X into the feature space, and let the set of hypotheses be linear hypaHesictions of

the type:
N
h() =" @,y (®(x;),D(x)) + b (3.5)
i=1
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One remarkable fact about this hypothesis funcpianiten here in its dual form) is that it
implies the data only through their inner produatshe feature space. Therefore, @ is

properly chosen so that it obeys the so-cdtkahelcondition,
(D(x), D(2)) = K(x,2), (3.6)

we do not even need to know the underlying featuap® to be able to learn in the feature

space.

Assuming so, the problem is then to determine defficients{a;,i =1...,N} that minimize

the classification error on unseen samples. Idettly best classifier should minimize the

expected value of tHessor risk:
R(h) =Epx,y {L(Y,h(x))} = I L(y, h(x))dP(x, y), (3.7)

where the loss function(y, h(x)) =0, penalizes the deviations. In practice however joimt
probability function P(x, y)is unknown, and the expected loss (also cadjederalization

losg is approximated by theempirical classification errorbased on the available

information (i.e. the training set). Then, the ergail risk functional reads:

Remp(h):i L(y;, h(x;)) . (3.8)
i=1

Often though, finding the hypothesis that minimizes this empirical risk leads to an ill-
posed problem that results in the well-known pheswoon described agver-fitting in the
literature (i.e. the selected hypothesis is too mer). One way to avoid over-fitting
tolerating noise and outliers is to restrict thanpexity of the hypothesis function, by
introducing a regularization term (Vapnik 1982).isTregularization term is closely related
to the notion of margin, another important condeptSVM that reflects the sensitivity and

tolerance of the classifier to the sampf{esi =1...,N} that stand “close” to the (non-linear)

separator. Those points are called support vectmd, the solution that minimizes the
regularized empirical risk function is referreda® a soft margin SVM (in contrast to a hard
margin SVM that systematically zeroes the empirilzeds). Solution to this quadratic
optimization problem is classically obtained by taggian theory and comes out to find the

Lagrangian multipliers’” that maximize the following quantity:

. 1
W(a) = zg'i _E
i=0 i,j=1

N
‘Zyiyjaiaj(K(XivXj)"'%dij)1 (3.9)
=
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subject toZN: y;a; =0 anda; =0, i=1,...N.

i=1
C is the regularization parameter that bounds thgrdragian multipliers (i.e. the weights
associated to the support vectors) controllingway the capacity of the hypothesis function
class. There exists an alternative way for contrglthe hypothesis function capacity, which
amounts to fix the proportion of training samplieattwill lie between the boundary and the
margin hyperplane. In SVM literature, this reguation strategy is often referred to as the
v-parameterization (Scholkopt al 2000), and we used this in our study.

x4’

Finally, a Radially Basis Function (RBF) kernelx,z)=e ¢° , with user pre-defined

sample variance’ is used. We chose Gaussian radial basis funcsiongly because they
yield classification results that outperformed #habtained with all the polynomial kernels
we tested on our data set. In that case, the gameing feature space is a Hilbert space of
infinite dimension, which is commonly consideredtfas most versatile searching space for
linear discrimination (Suykeret al. 2002, Seeger 2004).

Very little guidance exists in the literature onigicriteria to use for selecting the kernel-
specific parameters of SVM. In our case, we refmra systematic and computationally
expensive scan to determine the set of hyper-pdaessealues minimizing the class loss.
This empirical optimization needs to be done fochemput space we use. Moreover, all
experimental results that we report in this workivde from cross validation, a standard
procedure used in longitudinal data analyses, asdand cover classification (Huaagal,
2002, Foodyet al. 2006). Given a supervised classifier and a unigai®ing sample set,
cross validation allows for assigning a confidemaerval to the expected loss estimate.
After splitting the data set intl folds, each fold is successively used for tespagpose
while the classifier is trained on the remainindadal'hereby, averaging the resultikg
empirical classification errors yields an estimatethe expected loss, and the standard
deviation plays the role of a confidence interralour study, we fixed to five the number of
cross validation folds by taking into account ttemple size per land cover class. This
repartition yielded the best compromise betweers biad variance of classification loss
estimate (also referred to as "bias-variance tadffg-Increasing the number of folds would
minimize the variance of our estimation, but ineeahe bias, and conversely when

decreasing the number of folds.
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From a practical perspective, we used SVM softwairéSpider Version 1.6, an object
orientated environment for machine learning in MASB®, and for a more pragmatic
presentation of SVM, see, e.g. Huatal.(2002) and Foodgt al (2006).

3.4.Results and discussion

3.4.1. Temporal and spectral data prioritization

We applied the pre-processing technique of secBdhl to the multitemporal and
multispectral sampling units collected as describedection 3.2.4, and considered this
output as our working data. The Mahalanobis medistances described in section 3.3.2 are
calculated on this working data set in order toedaine the arrangements of dates and
spectral channels that guarantee the maximum gpéetween the nine land cover classes

prior to the classification.

The best singletorF,;={m,j1} coincides with the EVI channel measured in August
indicating that in summer the land cover classaadsfurther apart along the EVI feature
than along any other®D(F,,) in Table 3.2). In agreement with conclusions regmb in
Borak and Strahler (1999), vegetation indices irgg various discriminating
characteristics, as they form non linear combimetiof reflectances in different spectral
bands. Moreover, according to Xiab al. (2003) and to Bolest al. (2004), EVI is more
correlated to vegetation phenology than NDVI beeaiiss less sensitive to atmospheric
conditions, soil background and it does not saturstd easily with closed vegetation
canopies. Regarding the second and the third coemgenof this spectral channels’
arrangementnf,; andmgjy), it is not so surprising to find reflectancessjpectral bands B7
(short-wavelength infrared) and B4 (green wavelengespectively, as these later are two
channels located at the opposite ends of the specthus weakly correlated, and none of

them entering the definition of EVI.

Now, regarding the best datg, optimality holds from a global viewpoint only. rige
summer time is usually a drought season in Portugé most likely that among all the
classes, those who present vegetation dominance preldduce very similar spectral
reflectances during this period. This is clearlystrated in Figure 3.2, where the averaged
EVI profiles of Barren (B), Natural Grassland (N@hd Rainfed Crops (RC) classes,
practically mix up during the summer time, whileeyhdistinctly differ in winter. It is
precisely this complementary information that ie 8take of feature inputs’ arrangements.
So, pursuing the bottom-up approach describeddtiose3.3.2, we end up with the best full

dates’ ordering disclosed in Table 3.2. As expectaeffer August, a winter month
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(t.=February) enters in second position of the armanege, providing with the
complementary information that is most able ateasing the median inter-class distance.
Finally, although it was individually the second shalasses-dispersant month, because July

is strongly correlated with August, it only appegrshe ninth position of the ranking.

Table 3.2. Mahalanobis median distanbD¢B,, ) between the nine land cover clas$gg, corresponds to the
feature subspace composed ofglehannels B;;,..., By} measured at thg dates {j, ..., {4}

Bi1 Bi2 Bis Bis Bis Bis Biz Bis Big

EVI B7 B4 B3 B1 NDVI B5 B2 B6
ti1 Aug. 1,25 1,80 2,23 2,77 3,07 3,32 3,57 3,91 4,16
ti2 Feb. 1,68 2,67 3,26 3,87 4,32 4,70 5,12 5,57 5,90
tis Dec. 2,27 3,34 4,15 4,74 5,31 5,73 6,31 6,74 7,16
tia May 2,63 3,90 4,80 5,52 6,15 6,72 7,23 7,79 8,2p
tis Jan. 3,08 4,15 5,28 6,15 6,83 7,49 8,15 8,7 9,2pb
tie Nov. 3,27 4,41 5,69 6,67 7,47 8,33 9,02 9,5% 10,20
ti7 Jun. 3,37 4,65 6,07 7,16 8,00 8,84 9,55 10,22 10,87
ti Oct. 3,57 5,06 6,44 7,55 8,44 9,38 10,18 10,90 11,68
tio Jul. 3,69 5,45 6,86 8,01 8,96 9,91 10,98 11,59 12,88
ti10 Apr. 3,76 5,68 7,24 8,46 9,53 10,53 11,58 12,18 13,05
tu Mar. 3,93 5,87 7,66 8,96 10,10 11,08 11,94 12,77 13,66
ti2 Sept. 3,99 6,02 8,00 9,38 10,55 11,50 12,44 13,38 14,p5

Notice that we could have followed a slightly difat prioritization scheme, by selecting
after the most informative single channel, the nemé from any of the remaining 107
channels. This particular ordering would have tleehto the “best” possible combination of
n (1<n<108) time-spectral measures among all observatidosever this approach does
not permit to dissociate the gain obtained whenféla¢ure space dimension is incremented
along either one of the time or of the spectradation, while the other is maintained fixed.
As our primary objective was to appraise time amdjdency contributions independently,

we intentionally opted for a strategy that doeseree the marginal properties of Table 3.2.

3.4.2.Land cover classification analysis

We considered the arrangement of bands and datamedt at previous stage, as the most
effective scheduling for exploiting reflectanceamhation in land cover classification. Our

objective here was two-fold: On the one hand, wentec to appraise the relative

contribution of each spectral or temporal comportentand cover classification. On the

other hand, we seek at correlating the inter-ciadialanobis distance growth with the

evolution of land cover classification accuracy, the amount of available information

increases.
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Starting with F;; of Table 3.2, and following the same order for cassively adding

reflectance measured at different wavelengths aliffdgrent times, we trained and tested a

SVM on our working data set, for each feature sabsg-,, Corresponding overall

classification accuracie€(F, and significance of the differences betweef, ;) and
eachC(F, ) are reported in Table 3.3.

Enhanced Vegetation Index
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Figure 3.2. EVI time profiles obtained by averagihg sample belonging to the same land cover cldmsthree

displayed classes, Natural Grassland (NG), BarremufB)Rainfed Crops (RC), mix up in summer time, whereas
they are perfectly distinguishable in winter.

Table 3.3. Overall classification accura@fF, ) of the nine land cover classes, obtained witbgtimized SVM
trained and tested df), , EachF, , corresponds to the feature subspace composee pfctiannels By, ..., By}

measured at thgdates {jy, ..., g}

Bi1 Bi> Bis Bis Bis Bis Biz Bis Bio

EVI B7 B4 B3 B1 NDVI B5 B2 B6
ti1 Aug. 0,14* 0,69** 0,78** 0,85* 0,88 0,87 0,88 0,89 0,89
12 Feb. 0,74* 0,79** 0,84** 0,86* 0,86* 0,87 0,88 0,88 B3
tis Dec. 0,79** 0,83** 0,86* 0,87 0,86* 0,88 0,89 0,89 0,89
tia May 0,79** 0,84** 0,88 0,88 0,88 0,88 0,89 0,89 0,89
ts Jan. 0,79** 0,84** 0,86* 0,88 0,88 0,88 0,89 0,89 0,89
tis Nov. 0,79** 0,84** 0,88 0,88 0,88 0,88 0,89 0,89 0,89
ti7 Jun. 0,80** 0,85* 0,88 0,89 0,89 0,89 0,89 0,90 0,90
ti Oct. 0,81* 0,85* 0,88 0,89 0,89 0,89 0,89 0,90 0,90
tio Jul. 0,83** 0,86* 0,88 0,89 0,90 0,89 0,89 0,90 0,90
tio Apr. 0,82** 0,86* 0,88 0,89 0,90 0,89 0,88 0,90 0,90
tinn Mar. 0,81** 0,85* 0,89 0,90 0,88 0,89 0,88 0,90 0,90
ti Sept. 0,82** 0,85* 0,89 0,89 0,89 0,89 0,89 0,89 0,90

*Significant at 5%, ** Very significant at 1%
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As a preliminary remark, let us comment on thegifessition accuracy obtained with ;.
This baffling low value (as compared to the othersjoubtedly comes from the inability of
SVM at transforming a complex decision boundarg mne-dimensional original input space
into a linear frontier in a higher dimensional fgat space (Huanet al. 2002). To support
our claim and to verify that this abnormally poarfermance is not due to insufficient
discriminating data, we trained and tested, ungieisame conditions, a K-Nearest Neighbors
(KNN) algorithm — a commonly used supervised cfessiAs expected, we obtained with

F1 1, a significantly larger overall classification acaoy of 56,4%.

Previous studies never reported on this SVM lindtatbecause classifications with large
numbers of spectral features were systematicalhsidered to demonstrate superiority of
SVM over other classifiers, e.g. Shethal. (2003), Marcakt al.(2005), and Pal and Mather
(2005).

We now analyze in detail the evolution of the di&sation accuracy when increasing the
feature space dimension. In the first place, iinigortant to notice that classification globally
improves at each supplementary information inclusan that the best performance (about
90% matches) is attained combining all spectraldbaand dates. However, and more
importantly, the classification accuracy reachesesy acceptable rate with quite a few
number of feature inputs. Indeed, with only 4 sp#cneasures {EVI, B7, B4, B3} taken at
4 dates {Aug., Feb., Dec., May}, the classificatiG(F,,) scores an 88% match that is
slightly inferior to the best performance, but magnificantly so (Table 3.3). Then, any
additional spectral or temporal feature does nastitrally improve the performances that

end stabilizing around 90%.

To some extent these results are contradictory thi¢hones reported in Pal and Mather
(2005) that related a more constantly increasirgsification rate with the feature space
dimension. The DAIS sensor used in their study iges with reflectance in 72 spectral
bands spanning a total bandwidth between 400 nn288@ nm, approximately equal to the
MODIS spectral range (400 nm — 2100 nm) that we insde present work. Integrating

successively the channels into the feature spaca 8WVM classifier, the classification

accuracy starts at 65% with 5 bands and only $tabilaround 93% beyond a 50
dimensional feature space! We can evoke two reasomxplain this divergence: one is
simply instrumental and the other is methodologiltas very likely that because of spectral
correlation, the 72 bands of the DAIS sensor (\&i&tor the MODIS sensor) present a high
degree of redundancy, which consequently diminighesindividual contribution of each

reflectance measurement to land cover charactemzdf that is the case, much more DAIS
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channels (50) are needed to bring in the equivaemunt of information corresponding to
only few MODIS channels (4). From a methodologielvpoint, the prime objective of our
spectral bands arrangement was to obtain the fastmsvergence towards the best
expectable classification results. Besides, rasprto vegetation indices that inherently
encompass two (NDVI) or three (EVI) different spatbands, is by itself a first attempt to
optimize spectral information organization. In trespect, the resulting effect of an adequate
ordering on the rate of convergence of the clasgifin accuracy shows quite convincing

from our experiments.

We now proceed analyzing the information contentnofititemporal versus multispectral
measures. It is clear from the classification ratdgained withFg; and with Fy 5,
respectively, that spectral diversity is a richeurse of information than time variety.
Reflectance in all spectral bands measured at glesitate (should this date be the most
discriminatory of the year), is almost enough thi@ee the best classification performances
(89% accuracy), whereas a full year measuremetheofEnhanced Vegetation Index does
not suffice to compensate for the missing spedifalrmation (82% accuracy). Important
also is the fact that there is a significant défeze betwee@(F; 1) andC(Fs 1), while Fg 1,

did not generate significantly better classificatiesults than & (Table 3.3). Basically,
once the feature space integrates the five mostrigisative spectral bands,
multitemporality turns practically useless. In cast, even with the twelve dates, there is
always substantial interest in considering no léssn three spectral channels. These
conclusions are quite corroborating with earlieidgts, which all claim that spectral data are
preferable to multitemporal data for their classifion skills. For instance, Borak and
Strahler (1999) maintain that all MODIS spectrahdis are effectively necessary for land
cover classification, whereas the temporal domsainat so relevant. As for us, we have a
more finely-shaded opinion. Based on the resulfBatfle 3.3, it deems important to qualify
the effectiveness — or not - of multitemporal measuo meliorate classification precision.
In particular, it is indubitable that when a fewnmher of spectral bands is simultaneously
used (up to four in our experiences) the inclugibeeveral measurement dates significantly
increases the classification match. That is howdhssification rate rises from 69% with
F,1 up to 85% withF, 1, a 15 points gain uniquely due to additional tim@rmation from
duplicated measures of EVI and B7 reflectance atbheg/ear. In the same direction, a set of
12 monthly measures of the triplet {EVI, B7, B4Fi(;) provides with the same
discriminatory information as a single date measirall spectral channel$4,). To a very
large extent, our conclusions sustain previousiassuthat already evidenced multitemporal

data usefulness for land cover classification gitoreal and global scales, e.g. Lovelatdl.

The contribution of multitemporal information framultispectral satellite images for 59
automatic land cover classification at the natioseéle



Hugo Miguel Saiote Carrédo

(1991), Zhu and Evans (1994), and laual. (2003), to cite but a few. Nevertheless, it is
important to state that these attempts to chafaetdand cover over large areas used
AVHRR data, which comprise land observation in fbrvead spectral bands. Thus, and
according to our previous outcomes, it is not sampg that multitemporal analyses of
AVHRR spectral data enhanced land cover classificaperformances. Besides, the
contribution of images time series to land covessification was corroborated in our study,

when only few MODIS spectral channels were consder

We now would like to elaborate on our questionaldgeision to integrate vegetation indices
directly as spectral inputs. In fact, as NDVI (resfively EVI) is a non linear combination of
reflectances in two (respectively three) wavelesgthny single-date measure already
encompasses a multispectral dimension. This createfnequity between the different
spectral channels, which may attenuate or exaggtrateffective influence of reflectance in
a particular bandwidth, and alter the multitemponapact on classification improvement.
That is why we reproduce the exact same input featprioritization and classification
evaluation, but discarding the vegetation indidesshort, the resulting channels’ ordering
that maximizes information concentration in bothdiand spectral directions is necessarily
different from the previous configuration. In padiar, reflectance in B3 (blue wavelength)
and measured in December appears to be the masimidigtive channel. But, more
importantly, although the progression of the classtion accuracy along the descriptive
variables follows a sensibly similar pattern tottb&Table 3.3, the plots of Figure 3.3 call
for a couple of nuanced comments. First of all,libst scores achieved when including and
when discarding the vegetation indices, are idahtad equal to 90% match. This clearly
shows that EVI and NDVI convey redundant informationce all spectral channels and
dates are considered simultaneously in a clasgdgicéramework. Singularly, this is not the
case for single date measurements, since thentategeindices seem to be a valuable
source of information (76% versus 89%). But whafl Bnd NDVI are discarded, adding
temporal data can compensate the resulting infeomeit deficit! Noticeably also, if we
compare the temporal evolution of classificationwacy in both situations (e.g. using only
the best band), it becomes clear that the timaufeatontributes more significantly to land
cover characterization when vegetation indices disearded. However, in that case, the

temporal content is never sufficient to compentiaeabsence of EVI (or of NDVI).
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Figure 3.3. Overall classification accuracy progi@s when increasing the number of measurementg aime.
For the two situations: comprising and discardimg tegetation indices, classifications based dnges(best)
channel and based on all channels are presented.

Independently of overall classification accuracypgression along spectral and temporal
feature spaces increment, a closer view at thesitizegion loss repartition (Table 3.4),
shows that essentially three land cover classeeapansible for the overall mismatches (for
all the other classes, both user’'s and producecsracies score above 80% and therefore
are discarded from Table 3.4). Moreover, addingtspkor temporal reflectance measures
as new descriptive variables to the feature spaes dot substantially reduce the confusion
rates of those classes. As a matter of fact, odertified the systematically misclassified
pixels, even when resorting to aerial imagerysiactually rather questionable to settle the
classes they belong to. All this leads us to beligvat the problem originates from the
theoretical definition of certain land cover classéhich are so spectrally similar, that none
of the temporal profiles could serve as a meanindigcriminatory parameter. A similar
situation was previously reported by Hanset al. (2000), which concluded that
approximately half of their classification error svdue to confusion between two classes

only, namely the woodland and grassland classes.

The rapid convergence of the classification acgutawards its maximum value, compared
to the evolution of Mahalanobis inter-class diseanmder the same conditions, raises
another interesting comment. In contrast to whatpkas with the classification rate, the

inter-class distance keeps growing as the featpaeesdimension increases and does not
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seem to attain any asymptotical value. While theliare distance between classes can not
straightforwardly transpose in terms of classifmatability, it certainly is a good indicator
of the classes’ separability. Thus, as the ovetmltance increases, one would naturally
expect the classification performance to improvevel (or at least to remain constant). Our
interpretation is the following: until a certairréshold, adding descriptive variables into the
feature space brings in new expanding directioesigaiwhich intermingled clusters can
eventually dissociate. Accordingly, the classificatscore jumps from 56% (KNN value) in
the one dimension spack; ; to 88% in a sixteen dimensions sp&ga, while the median
Mahalanobis distance increases fourfold. Once thetars are disjoint, because of the
triangular inequality, any dimension adjunctionhirievitably increase the distance between
classes, but it will remain with no effect on oetlsamples that got trapped in a misclassified
cluster. The classification loss stabilizes, no teratvhat the feature space dimension,
although the interclass-distance almost triplesveen F,, and Fg 1, This phenomenon
definitely denounces the appropriateness of a laoder typology that may not be

recoverable from spectral reflectance informatialy gas we already mentioned it.

Table 3.4. User’s and producer’s accuracy corredipgrio classes that mix easily: Natural Grassig@),
Barren (B) and Shrubland (S). Values correspond tvl $Mssifications based on two different input eat
spaces (see Table 3.2).

Faa Fo12
User’s accuracy Producer’s accuracy User’s accuracy Producer’s accuracy
NG 45,5 31,3 66,7 37,5
B 68,0 63,0 72,0 66,7
54,5 33,3 54,5 33,3

All the accuracy results we presented derive froenreference sample selected with the sole
objective of training and testing the superviseaksifier. These results are acceptable for
methodological elaboration and for evaluating tfiea¢ of temporal-spectral dimensions of
the feature space on land cover classification. él@w they are of limited use to assess
accuracy for the whole study area, because thessage probability foundation to permit
generalization from sample data to the entire paipni was at stake in the current study
(Stehman and Czaplewskd98). Nonetheless, our experiments convey a densiasure of
comparison between competing classifications schemét upon different input data sets
(Lovelandet al.2000).
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3.5.Conclusion

The goal of our study was mainly to highlight theividual and combinatorial influence of
the spectral and of the temporal components of reljngensed images reflectances in land
cover classification. As our aim was not to propeseoperational classifier directed at
thematic mapping based on the most efficient coatlin of reflectance inputs, we
intentionally restricted our experimental framewdokcontinental Portugal. In the course,
we were led to define a distance-based topographmrtk these features in terms of their
relevant contribution to a discriminatory repres#éion space. The chosen Mahalanobis
median distance, although it was not shown tottraptimize any classification criterion,
deemed among all the possible arbitrary choicegasanable indicator of the classes’
dispersion and of the clusters compactness. Thdlowing this resulting arrangement of
features inputs to sequentially train a Supporttdietachine classifier, we were able to
demonstrate that the Enhanced Vegetation Index)(Edtulated in August was the most
informative combination of one spectral band witle @late to characterize the land cover
classes that we retained to describe the Portugmeseland. Continuing to gradually
include the remaining bands and dates, we alsosexbitne context dependent advantages of
each new component to the classification performancand thus proved the
multitemporality assets and limitations. In thisywwave showed that spectral diversity is a
richer source of information than time variety. filct, the multitemporal factor has a
significant effect when coupled with combinationk few spectral bands, but it turns
negligible as soon as the full spectral informati®mexploited. In contrast, even with a full
year measurement, there is always substantialesttén considering no less than three
spectral channels. As a by-product of our studyewidenced the poor adequacy of spectral
and temporal recourses at differentiating certaivdIcover classes. A situation often pointed
out by previous investigations in diverse bioclimastudy areas, and due to baffling

temporal and spectral similarities between distol@$ses’ phenologies.
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4 SEPARABILITY ANALYSIS OF LAND COVER CLASSES AT
REGIONAL SCALE: A COMPARATIVE STUDY OF MERIS AND MO DIS
DATA

Carrao, H., Sarmento, P., Araudjo, A. and Caetano(2@07), Separability analysis of land
cover classes at regional scale: a comparativey stildMERIS and MODIS data. In
Proceedings of the ENVISAT Symposi@umpaginated CD-ROM), 23-27 April 2007,

Montreaux, Switzerland.

Abstract

Medium spatial resolution satellite images havenbescurrently used for automatic land
cover mapping of large geographical areas. Desipggénnovative developments in temporal
and spectral resolutions of these sensors, thatraspesolution still hampers the effective
discrimination between detailed cover types witlhagmented landscapes. In this study we
exploit the ability of MERIS and MODIS imagery ftre discrimination between land cover
classes in Portugal. We aim at identifying the nsostable subset of classes, from a recently
recommended land cover nomenclature, to be usdbeirregular production of medium
spatial resolution land cover products at naticeale. Final results show differences on the

spectral separability of land cover classes withRVEzand MODIS images.

4.1.Introduction

The Remote Sensing Unit (RSU) of the Portuguesey@gbic Institute (IGP) has recently
recommended a land cover nomenclature to be usinx iregular production of user driven
land cover products for multi-scale environmentainitoring in Portugal. The adopted
nomenclature, up to now entitled LANDEO [1], is quused by 25 comprehensive classes
that were defined through the Land Cover ClasgibcaSystem (LCCS) from Food and
Agriculture Organization (FAO) [2]. The rationaleelbnd the development of this
nomenclature was three-fold: (1) a nomenclaturg thawell adapted to the type of
landscapes existent in regions with climatic chiastics similar to the Portuguese
mainland; (2) a nomenclature that is compatiblévestablished ones (e.g. CORINE Land
cover, Global Land Cover and the International (@kese-Biosphere Programme
nomenclatures), in order to turn possible the corspa between our maps and others using
different nomenclatures; and (3) a homenclatur¢ ¢ha be derived from satellite images

with different spatial resolutions [1, 3].
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In the framework of land cover mapping it is undenslable that sensors collecting spectral
data at high spatial resolutions, such as the lantsematic Mapper (TM), cannot be used
to derive comparable products at national and rediscales. This is due to incomplete
spatial coverage, infrequent temporal coverage imiitable cloud contamination and the
associated large data volumes not practicable ira@omatic land cover classification
context [4]. Recently launched Earth Observatio®)Eensors, such as the MEdium
Resolution Imaging Spectrometer (MERIS) and the éfatt Resolution Imaging
Spectroradiometer (MODIS), exhibit enhanced spedral temporal resolutions, wide
geographical coverage and improved atmosphericeciion. Thus, images collected by
those sensors should help addressing the challefigegomatic land cover classification of
broad geographical areas [3]. Moreover, [5] afftirat the availability of a large number of
spectral bands makes it possible to identify martited land cover classes with higher
accuracy than would be possible with data fromresgasors, such as the Advanced Very
High Resolution Radiometer (AVHRR).

In this paper we evaluate the aptitude of mediuatiagpresolution imagery data, acquired by
MERIS and MODIS sensors, for land cover characion in Portugal. The Portuguese
landscape is extremely fragmented and the use diumespatial resolution satellite imagery
for land cover cartography production is expectedée problematical in this context. At
such a coarse resolution, land cover homogeneitaidly guaranteed and many pixels are
likely to contain features from numerous classéwis] the goal of this study was to identify
the most suitable set of land cover classes frooNDEO nomenclature that can be
accurately discriminated in Portugal through suisexy classification approaches. We can
separate the main objective in two specific god)sevaluate the ability of high spectral
resolution MERIS and MODIS images to discriminateperly between LANDEO classes;
2) recommend a combination of land cover classebetanerged in order to properly

represent the Portuguese landscape at the spstidiition of those satellite images.

4.2.Land cover nomenclature

The original LANDEO nomenclature is introduced irable 4.1. The nomenclature
comprises 25 land cover classes, but we just ceresidl7 classes in this study. Burnt areas
and clear cuts were removed because they are dgrdasises that vary constantly along a
one year period and cannot be attached to a spesdment in time. Moreover, we have
already defined a set of procedures to accuratelp burnt areas and clear cuts, namely
those present in [6]. Water areas were also remfreat the study. This cover type is easily

distinguishable from other covers through automekassification of MERIS and MODIS
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images [3, 7]; as a consequence, its separabitigs chot need to be evaluated. Mosaics
represent complex areas that comprise featuresveiral homogeneous classes in different
proportions. The strategy for the classificatiorirefse areas involvesposteriorianalysis of

primary classification results of homogeneous @sas3hus, they were also discarded from

this study, but are later considered in the disonssection.

Table 4.1. LANDEO land cover nomenclature, clabgland respective number of collected sample
observations.

Label | Land Cover Class Sample size
11 Continuous Artificial Areas 44
12 Discontinuous Artificial Areas 42
21 Rainfed Herbaceous Crops 41
22 Irrigated Herbaceous Crops 43
23 Rice Crops 45
241 Permanent Evergreen Crops (Trees or Shrubs) 46
242 Permanent Deciduous Crops (Trees or Shrubs) 44
25 Mosaic Cultivated and managed lands -
311 Broadleaved Closed Trees 49
312 Broadleaved Open Trees 44
321 Needleleaved Closed Trees 49
322 Needleleaved Open Trees 39
331 Mixed Closed Trees 43
332 Mixed Open Trees 38
34 Closed to Open Shrubland 45
35 Closed to Open Herbaceous Vegetation 41
36 Sparse Vegetation 39
37 Mosaic Trees/Shrubs/Herbaceous -
38 Recently Burnt (Trees or Shrubs) -
39 Clear-cuts -
310 New plantations -
a1 Mosaic Cultivated and managed lands/ )
Natural and Semi-natural areas/Atrtificial areas
Permanent Wetlands -
Barren 43
Water Bodies -
4.3.Dataset

The data used to perform this study includes: 1RMEand MODIS satellite images for the
year 2005; 2) orthorectified aerial images acqudedng the years of 2004, 2005 and 2006,
and covering the whole Portuguese territory — thé@sages have the following
characteristics: four spectral bands in the blueem, red and infrared wavelengths, and
50cm spatial resolution; and 3) a set of referevaraple observations to be used as auxiliary

information in the definition of sufficient statiss, i.e. mean and sum-of-squares-and-cross-
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products matrix, characterizing the reflectanceeath land cover class within spectral
wavelengths measured by both sensors. Referengaes@éna set of geographic locations

representing the true cover type at Earth’s surifateose areas.

The description of MERIS and MODIS sensors and esagatures is important in order to
properly understand the results attained in thislystHence, next we describe the general
characteristics of sensors and respective imagesyell as the properties of the colleted

reference sample.

4.3.1.lmagery data

MERIS sensor is on board of ENVISAT, an advancddrparbiting Earth Observation (EO)

satellite launched by the European Space Agency)ES2002. This sensor allows a global
coverage of the Earth in 3 days, and provides thet madiometrically accurate data on
Earth’s surface that is currently acquired fromcep]. MERIS data can be provided at 3
different levels of processing - Level 0, Level Hnd Level 2 - and at 3 different spatial
resolutions — Full (FR), Reduced (RR) and Low (LR)this study we exploit Level 2 Full

Resolution MERIS imagery. The selected product messthe solar radiation reflected by
the Earth at a ground spatial resolution of 300nd &onsists of calibrated surface
reflectances in 13 groups of wavelengths (originahds 11 and 15 were removed from
Level 2 products since they addresscOntent and water vapour, respectively). Theseldan
range from the visible to the near infrared wavgies (390nm to 1040nm) and were
atmospherically corrected for Rayleigh scatteriogpne, water vapour absorption and
aerosol content [8]. These images contain additigeaphysical parameters and quality
flags provided on a pixel by pixel basis, which @$d the quality and the validity of the

product.

MODIS is an instrument on board Terra and Aquallgatefrom National Aeronautics and
Space Administration (NASA). Terra MODIS and Aqu®MIS take between one and two
days to cover the entire Earth's surface, with raptete 16-day repeat cycle. Both sensors
acquire data in 36 spectral bands, or groups ofeleagths, and their spatial resolution
(pixel size at nadir) is 250m for channels 1 ar{@.8um - 0.9um), 500m for channels 3 to 7
(0.4um - 2.1um) and 1000m for channels 8 to 36ui®.4 14.4um). These channels are
calibrated on orbit by a solar diffuser (SD) andaddar diffuser stability monitor (SDSM)
system, which convert the Earth surface radianceratiometrically and geo-located

calibrated products for each band [9].

Imagery data acquired by MODIS sensor is used temgde multiple products at different
pre-process stages. In this study we exploit MODD8Aagery data. This specific product is
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an estimate of the surface spectral reflectancgachat a nominal spatial resolution of 500m
for the first seven bands as it would have beensmred at ground level if there were no
atmospheric scattering or absorption. The appliedection scheme compensates for the
effects of atmospheric gases, aerosols and thmsciclouds [10]. As similar as for the
MERIS products, the MODO09A1 products have qualtgumance data at the level of the
individual pixel, at the level of each band andreegsolution, and at the level of the whole
file. MODO0O9A1 images were used in this study beedabgy have a spatial resolution that is
the most equivalent to that of MERIS Level 2 FulisRlution data. Still, it is important to
refer that a pixel MODIS comprises an area of agiprately three pixels MERIS.

The comparison of MERIS and MODIS data for land ezodiscrimination in Portugal

involved the utilization of single date images fraach sensor. The acquisition date
corresponds to August 2005. This month was choseause this is the period of the year
that allows for a better separation among genaral tover classes in this geographic region

of transitional climate [7].

4.3.2.Reference sample

We focus our study on a reference sample comprasiset of i.i.d. observations collected for
each land cover class of the LANDEO nomenclatusedpt for those removed classes).
Sample observations, each corresponding to a MBRES area, were selected for each land
cover class using the CORINE Land Cover map forO2(@LC2000) [11] as strata. The
selection of reference sample observations withgpecific squared area was constrained by
the specifications of an on-going project withinlR&nd forced us to some additional pre-

process of final sample, which is described in méepter.

High spatial resolution EO data, namely the ortbtified aerial images acquired during the
years of 2004, 2005 and 2006, were used as thedaésesource to recheck reference land
cover labels of selected sample observations. R&ablereference sample information was
derived by the method described by [12], i.e. Bugl interpretation of high resolution EO
data overlaid with a co-registered 300m fishnetasponding to the MERIS data grid. At
such a coarse resolution, land cover homogeneibaidly guaranteed for some projected
classes and many pixels are likely to contain featdrom two or more distinct classes.
Whenever it happened, we decided to assign thesplisg units to the class with the area
identified as dominant in the aerial image [13].wdwer, to avoid these occurrences,
reference land cover observations were selecteddandified mainly for geographical spots
located in the centre of 3x3 MERIS pixels areahwibmogeneous land cover. In Table 4.1

we presented the number of sample observationsoted for each class.
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Let us now introduce some notation that is requitedomprehend the statistical analyses
described in next section. For each sample observate can associate a vectorof
measurements gnspectral bands, whep=13 for MERIS ang=7 for MODIS. This vector
represents a measurement of the spectral refletamicEarth’s surface within 300x300m
and 500x500m areas imaged, respectively, by MERIEMODIS sensors. Moreover, for
each land cover class, we can define the samplen madtispectral vectox and the

respective sum-of-squares-and-cross-products nfatrix

4.4.Methodology

This section includes two main parts: 1) a desompof the process used to improve the
quality of the collected reference sample; andr2jréroduction to the statistical analysis
performed to evaluate the separability of land cowlasses on the basis of spectral

information from the samples.

4.4.1.Sub-sample selection

The collected sample includes some observatioristhdd not be used to properly evaluate
the land cover classes’ separability on the bakigftectances measured by both sensors.
Firstly, we remove from the final set all sampleseitvations that were flagged “invalid” by
MERIS and MODIS data, i.e. pixels that were idéetifhas containing clouds, shadows and
other inadequate features. Secondly, we removesatiple observations that did not
correspond to an homogeneous land cover within ®MN(ixel area. The goal of this task
was to guarantee that the collected observatioms vepresentative of each land cover class
at the spatial resolutions of both MERIS and MODitges. Because one pixel MODIS
comprises almost three pixels MERIS and the Podsgulandscape is extremely
fragmented, it was necessary to certify that sangtiservations collected for MERIS
300x300m pixels were representative of the sameé taver within a MODIS 500x500m
pixel area. Therefore, to reduce uncertainty in ierence labeling of observations at
MODIS spatial resolution, we submitted the sampleatneighborhood analysis within a
window of 3x3 MERIS pixels (note that this window the minimum regular area that
completely comprises a MODIS pixel if no geometrcors exist). Our approach consisted
on detecting neighborhood pixels of sample obseEmstwithin one pixel radius, that do not
seem to belong to the characteristic pattern ofakdity of the land cover class of the
respective sample observation. One technique Hratbe used to detect “outlier” pixels in
the neighborhood window is to compute the squastbilized multispectral distance from
each neighbor pixe] to the mean multispectral vectotof the land cover class that

characterizes the sample observation pixel:
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d? =[x, -x} s?x; -%),j=1.2,....8 (4.1)

wherex; is neighborj of sample observation measured at MERISpectral bands. This
technique is based on the assumption thatvas generated from a multivariate normal
distribution. The analysis of this assumption wagfgrmed previously for each land cover
class using the method described by [14, pp. 1¥]Jthis assumption is true, or
approximately true, we can compare the results ﬂmistahl:hizp distribution at some 100(1¥)

% confidence level. Iﬁzj is higher than thehizp(a), then we can reject the hypothesis that
the neighbor pixej belongs to the same land cover class of the sapipé. We remove
from the sample set all observations with less thiandirect geographic neighbors that
belong to the same land cover class at 95% cordeltgvel. Nonetheless, this decision may
still not be sufficient to avoid the existence ofrge noisy sample observations at the MODIS
spatial resolution. Note that two MERIS pixels espond to approximately 66% of a
MODIS pixel area. In accordance, in the case ofenistration of MODIS images, there is a
change that 66% of the sample observation area twtupied by cover types different from
that of interest. Accordingly, this difficulty mayias the spectral statistics of the respective
land cover class, but this two pixel limit was nesay to guarantee that sample size per

class was adequate for posterior statistical aaalys

4.4.2.Statistical separability analysis of land cover clsses

The core of our study is to evaluate the ability MERIS and MODIS imagery to
discriminate between high detailed land cover elasthat were theoretically defined to
portray the main characteristics of the Portuguasdscape. One rational approach is to
compare the sample mean reflectance vextmrer each land cover class to see whether the
spectral responses differ significantly over thasses [14]. Consider a random reference
sample of size, from land cover class and a sample of size from land cover clasd We
want to make inferences about the difference betwlee mean reflectance vectors of class
and 2, i.e. 14 - [k, by taking into account sample information. Fostamce, we want to
answer the question: jg=/5? Or, equivalently, ig4 - 16=0? TheHotelling’s T statisticcan

be usedor testingHy: 14 - 1,=0 andH:: 14 - 16<>0, and is given by:
1. 1.1
T =[X1_X2]{§+Sz} [% - %] (4.2)
n M

wherex, and x, are the sample mean reflectance vectors of cldssed2, andS, andS; are

the sum-of-squares-and-cross-products matricedagbesl and 2. Tstatistic has a:hi2p
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distribution whenx, and %, are approximately multivariate normal distributéd]f At thea

level of significance, we rejeét, in favor ofH; if the observed
T?> chi’|(a) (4.3)

If Ho is not rejected, we conclude that no average @iffee exists between two classes and
they may not be properly separated at 108)(24 confidence level, i.e. from a Bayesian

viewpoint.

Having this condition in mind, we developed an apggh to group land cover classes for
which no average difference exists at 95% confiddagel. This approach was individually
performed considering sample spectral informatremf MERIS ¢=13) and from MODIS
(p=7). Through an agglomerative hierarchical methad $tarted with the individual 17 land
cover classes of LANDEO nomenclature, we succelssiy@uped two-by-two land cover
classes when no average distance existed at 95%@d@ace level. At each time the most
similar classes, i.e. those presenting the mininitmwere grouped until the computed
statistic were greater then the respeoﬂ:ilw'ép distribution value for all pairs of classes. When
all T? values were larger than tlmaizp values, we can suggest that land cover groupsr diffe
significantly on the basis of the input spectratige space. This escorts us to some proper
land cover nomenclature to be used in the productod maps through automatic

classification of medium spatial resolution of bettellite images in Portugal.

4.5.Results and discussion

A final set of 30 sample observations per class gueganteed at the final process of sub-
sample selection. This number is the minimum neogs® certify that hypothesis testing
can be correctly derived and the obtained resoétoticonfidence [14, pp. 199]. Moreover,
using the method introduced in previous chapteafsessing normality, we assured that the
mean vectorsx characterizing each land cover class come from &#ivarate normal

distribution. This result also reinforces the fallag outcomes of this study.

Let us now proceed with the statistical separabditalysis of LANDEO land cover classes
on the basis of the spectral information derivanfMERIS and MODIS images. In Table
4.2 we present the successive grouping of classdgrmed with spectral information from
both sensors. Recall that successive groupingnof ¢aver classes stopped when there was a
confirmation in the average difference betweentdfte most similar classes at 95% level of

confidence.
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Table 4.2. Grouped classes with no average diféeran 95% level of confidence.

Group merge MERIS MODIS
1 “321,322 “321,322"; “35,36”
2 “6,36" “331,332"; “35-36, 6"
3 “6-36, 35" “331-332, 321-322"; “35-36-6, 34"
4 “331-332-321-322, 35-36-6-34"

The results introduced in Table 4.2 reveal sev@&mallar properties between both sensors in
discriminating land cover classes. We perceive t¢lases 321 and 322 are the closest in the
p-dimensional feature space defined by both sensmgéds. This is due to the fact that 321
class (Needleleaved closed trees) has a low towenatover, which is near the percentage of
occupation that defines the separation with 3224 Another expected merger was the
one comprising the classes 6, 36 and 35. Thesgeslage conceptually analogous, and they
only differ on the cover percentage of herbaceagetation. Moreover, it is important to
refer that these classes have similar geograptlistlbutions, i.e. correspond to transitional
areas in the Portuguese landscape and usually dotaicate. Thus, at these spatial
resolutions, it is unlikely that these classes barindividually mapped. This situation has

already been reported by [3,7].

Let us now comment the differences on the sucoessarging of classes attained with both
sensors’ images. We were not able to make a digtmat 95% confidence level between
331 and 332 forests using MODIS data. Open mixeesste (332) are an uncommon cover
type in Portugal and at MODIS spatial resolutiore ttample observations might be
contaminated by surrounding areas of closed mixadds. This is in agreement with the
difficulty encountered in finding homogeneous aredsopen Needleleaved and mixed
forests to collect sample observations. Moreovegirtlinkage with 321 and 322 forests is
also explicable. Mixed forests (331 and 332) canldmated in small areas closed to
Needleleaved forests. The consequence is evidérednareas of forest at MERIS spatial
resolution are dominated by Needleleaved foresk@IDIS spatial resolution. Even so, we
suppose that the inferior spectral resolution of M® imagery can also be responsible for
this mixing, not being able to accommodate theedéffices in the reflectance of pure and
“contaminated” areas of needleleaved forests. Iditiath, note that extensive areas of
broadleaved forests (311) in the territory corr@spbto continuous eucalyptus plantations
that are cultivated for paper production. For thesseson mixed forests are not confounded

with broadleaved forests.

Another difference between the results attainedh wiith sensors respects to the class 34

(Shrubland). MODIS imagery is not able to provid®egh information to spread out the
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observations of this class from the group “6-36-3%wo reasons exist for their high
proximity within MODIS data: 1) width and centrechtion of MERIS spectral bands is
more effective for their discrimination; and 2) en@gain the spatial resolution was
determinant for class merging, because they atedigeographically. The first supposition
is in accordance with the results of [15], whicls saown that narrow bands can outperform
broad bands in quantifying biophysical vegetatitvaracteristics. The second proposal is
also acceptable. Due to the fragmentation of theuBoese landscape the elements that

constitute these classes are regularly compriggethier within areas of 500x500m.

An unexpected result at the beginning of this studg the “fusion” of forests “331-332-
321-322" with other natural areas (“35-36-6-34")thimn MODIS spectral feature space.
According to our analyses, the reason might betduke fact that these types of forests are
extremely fragmented and the interstices are oeculpy other natural features, such as “35-
36-6-34". Hence, at MODIS spatial resolution, we@ent elements of these classes to exist
in the same pixel, thus making their separatioficdit. A positive evaluation of LANDEO
nomenclature is that it prevents this situatiorhwitosaic class 37, which comprises all these

detailed land cover classes when their separatiooti possible at certain spatial resolutions.

Classes 311 and 312 do not have similar multivar@istributions within MERIS and

MODIS spectral feature spaces because they represapletely different land cover types

within the Portuguese territory. The first représdarge plantations of eucalyptus species,
used for paper production, while the second reptssagro-forestry areas dominated by
cork-tree species. Another important remark is thay do present high average distance to
the group of natural classes, even at MODIS spergsmlution. The reason is that these
forests do not have herbaceous and shrub vegetatider canopy; as such, the spectral

response within these areas is completely diffeseMODIS spectral resolution.

Artificial and agricultural areas have specific cjpal characteristics that distinguish them
from all other land cover classes. Furthermorey ttepresent managed land cover types,
occupying extensive areas, and thus facilitatingirtidiscrimination at MODIS spatial

resolution.

4.6. Conclusion

The outcomes of this spectral separability studygsst that MERIS and MODIS imagery
have similar adequacy for land cover characteomaith Portugal, although MERIS images
performed better. The classes that show less dafiigran both types of images are on one
hand Barren (6), Sparse Vegetation (36) and Cltsddpen Herbaceous Vegetation (35),
and on the other hand Needleleaved Closed Tred3 82 Needleleaved Open Trees (322).
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The lower separability between some LANDEO classbserved with MODIS images, may
be a consequence of the larger pixel size, whickemdifficult the existence of pure pixels
of some of these classes at this spatial resolufidns is particularly true between
Needleleaved and Mixed Trees (“331-332, 321-3221) between these and natural areas
(“35-36-6-34"). Moreover, these results suggest &mnanced spectral resolution of MERIS

allows a better discrimination between these LAND##&3ses.

To overcome the observed spectral and spatiallityabf MERIS and MODIS, we suggest
that the application of LANDEO nomenclature to nieggmented landscapes, such as the
Portuguese one, should be simplified according he tesults of this study. Open
Needleleaved and Mixed Trees may be removed fromenclature because they represent
small transitional areas between stable cover fywhereas not being representative of the
Portuguese land cover. On the other hand, closegda herbaceous vegetation classes are
frequent within the Portuguese landscape and atdinge time they have similar spectral
reflectances. For these reasons we suggest toaimaihese classes in the nomenclature, but
aggregate them before or after image classificatidnother strategy to reduce these
problems is the use of mosaic classes already denesn LANDEO nomenclature.
Additionally, there are quantitative approacheg.(based on vegetation indices) that can be
used to map vegetation densities more efficientlfhase spatial resolutions, instead of

categorical classification techniques.
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5 MERIS BASED LAND COVER CHARACTERIZATION: A
COMPARATIVE STUDY

Carrdo, H., Goncgalves, P. and Caetano, M. (2006ERM Based Land Cover
Characterization: A Comparative Study. Proceedings of the ASPRS 2006 Annual
Conference - Prospecting for Geospatial Informatiategration (unpaginated CD-ROM),
1-6 May 2006, Reno, Nevada, USA.

Abstract

Knowledge of land cover spatial distribution is ion@ant for many activities, including
environmental monitoring, land planning, and reseurmanagement. Land cover
information at the appropriate time and over laggegraphical regions can only be derived
from satellite images. With the recent launch of RIE, a wide range of new possibilities
for the periodic land cover characterization atorgl scale is available. This sensor offers a
combination of innovative features, such as higacspl and temporal resolutions, wide
geographical coverage and improved atmosphericectoon. We believe that the
exploitation of data obtained by this new sendi firevious technological gaps, improving
automatic land cover classes’ discrimination. Ak tsame time, the extra spectral
information provided by MERIS can introduce someffidilties on land cover
characterization, since the dimensionality of featspace can be overloaded. In this paper
we report the comparison of Support Vector Machif®/M), a new supervised
classification system that is independent of featgpace dimensionality, with most
frequently used supervised classifiers for the laoder classification of high dimensional
MERIS imagery. To reduce feature space dimensignadind filter out redundant
information a Fisher’'s Discriminant Analysis (FDAyas performed for spectral data
rearrangement. The original and rearranged/reddetal sets were then used as inputs for
the several classifiers. The results of the clasgibn allow identifying the efficiency of
SVM and FDA to improve land cover classificationfafh dimensional imagery data. The
study was carried out with MERIS Full Resolutiorntaddrom 2004 for the continental

Portuguese territory.

5.1.Introduction

Land cover cartography production is an essendigk tfor scientific research and earth

science applications, such as landscape managamertiodiversity assessment, as well as,
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in general, to support environmental, social, andnemic policies. Therefore, mapping
landscape regimes that are persistently changidgruhe influence of several factors (e.g.,
forest fires, clear cuts, and urban fabric growthist be a regular process. Land cover maps
become rapidly out of date, while the need for tpdantermediate-scale cartography is
constantly increasing to help near real-time sped@aision-making. Remote sensing data are
attractive for deriving land cover cartography byans of digital image classification,
because updated information for continuous timeogdsrand over extensive geographical

regions can only be derived from satellite systems.

Visual interpretation and manual classification refmote sensing data is reliable and
accurate, but cannot assure any longer the praufuictitime of land cover knowledge that is
required within many applications, given that isndi consuming and economically
expensive. To cope with this situation, severaksviped and unsupervised algorithms have
been developed and successively implemented fdrdawer classification of multi-spectral
satellite imagery (Shaét al, 2003). Even though the automatic exploitatiosaikllite data
for land cover cartography production has provedé¢ocost-effective, some difficulties
associated with imagery characteristics and claasibn specificities still hamper their
effective employment (Gongalvest al, 2005): (1) different land covers share similar
spectral signatures and cannot always be autoriateaparated using classical remote
sensing data; (2) conventional image classificatiechniques fail at separating a large

number of land cover classes with acceptable nssifleation rates.

Recently launched Earth Observation (EO) sensoc$ as the MEdium Resolution Imaging
Spectrometer (MERIS) and the Moderate Resolutiosmging Spectroradiometer (MODIS),
exhibit enhanced spectral and temporal resolutamus offer new potentials and challenges
to data analysis. Jackson and Landgrebe (200%jretifiat the availability of a large number
of spectral bands makes it possible to identify endetailed land cover classes with higher
accuracy than would be possible with the data fearlier sensors. Quite as well, several
studies have proved the advantages of performlagdicover classification based on multi-
temporal satellite imagery data (e.g., Goncakfeal, 2005; Priceet al, 2002; Maxwellet
al., 2002; Vieiraet al, 2001). However, the exploitation of spectral arnporal
characteristics of MERIS imagery data, for the ioy@ment of land cover spatial and
thematic characterization, is still of confidentigle in remote sensing community. Presently,
few research studies and operational programsoateséd on the analysis of MERIS data for
land cover cartography production (e.g., Clewral, 2004; Gessnest al, 2004; Santost
al., 2005).
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The introduction of these new generation senscssltexl in a large increase of remote
sensing data volumes available for land cover ifleason purposes. Still, high dimensional
remote sensing imagery provides a challenge to cilweent classification techniques.
Existing algorithms often fail to deliver high c&fscation accuracies and tend to suffer from
the problem of the “curse of dimensionality”, matiynes referred to as the Hughes
phenomenon (Hughes, 1968). Although it is intuitiwehink that increasing the dimension
of the features should never reduce the classiicgierformance, since we are providing a
larger amount of information, the performance cafact decrease while we feed more data
to the system (Guyon and Elissee, 2003). A largabau of land cover classes of interest
and a large number of spectral bands availableirequmerous training samples for
classification task that not always are availabégause are expensive and tedious to acquire
(Jackson and Landgrebe, 2001). Thus, the develdpofenew methods to analyze high
dimensional satellite imagery data became extremelyessary (Haertel and Landgrebe,
1999; Landgrebe, 2002; Shahal, 2003). As a result, the dimension reduction oélfite
imagery data, via a pre-processing transformatichrtique that maps data from a high order
dimension to a low order dimension, is requirede gbal of dimension reduction, by feature
extraction or selection, is to obtain a few feadutet discriminate the necessary classes with
a high degree of accuracy (Guyon and Elissee, 2608)cipal Component Analysis (PCA)
and Fisher’'s Discriminant Analysis (FDA) are dimensreduction techniques that could
substantially increase classifiers performance ibbgring out redundant information. This
pre-classification procedure must improve classiftn accuracy of high dimensional

imagery by means of frequently used classifiers.

A new supervised classification system based onsthgstical learning theory (Vapnik,

1998), defined as Support Vector Machine (SVM), feently been applied to the problem
of high dimensional remote sensing data classifina(fMarcal et al, 2005; Mercier and

Lennon, 2003; Huangt al, 2002; Zhu and Blumberg, 2002). This techniqueaiisl to be

independent of the dimensionality of feature spEgthe main idea behind this classification
technique is to separate the classes with a suttfatanaximizes the margin between them
(Pal and Mather, 2005). SVM can obtain a bettessifization performance and have a more
generalization capacity than classifiers that admminimize the training error rate alone,
such as neural network classifiers (Skdtal, 2003). Besides, a small humber of training
samples is enough to train the algorithm, whicheads interesting properties for high

dimensional image processing (Mercier and Lenn6032

In this paper we exploit several supervised pixaten techniques for the land cover

classification of MERIS high dimensional imagerytadarhis is a preliminary study in the
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framework of an on going research work that aimdeateloping a systematic classification
methodology for the regular production of land aoeartography from medium spatial
resolution satellite imagery. Specifically, the mgpal of this study is to assess the utility of
SVM for the land cover classification of MERIS higtimensional imagery data in
comparison with most frequently used k-NN, K-meamsl LDC classifiers. Since these
current classifiers are not well adapted to thessifecation of high dimensional data, we
perform a dimension reduction of the original spactinformation with Fisher’s
Discriminant Analysis and in addition appraise #wxuracy of the several classification
methods with the compressed information. To corsplegvaluate the ability of the high
spectral resolution MERIS data for land cover ctimmdzation, we seek for the separation
between 19 land cover classes by means of the adeglassifiers. We experimentally
evaluate the performance of each classifier on &MEmage of Portugal Continental for
the date of August 14th, 2004.

5.2.Study area and data set

The study area is the entire Portuguese mainlamidoty. Portugal is in a transition zone
featuring diverse landscapes representing both telednean and Atlantic climate
environments. This landscape heterogeneity allawslife extrapolation of the developed

methodologies and of the obtained results to mémgraegions of the world.

5.2.1.MERIS data
The satellite imagery used in this study was aegulsy the MEdium Resolution Imaging

Spectrometer (MERIS). This sensor is on board oV/EAT, an advanced polar-orbiting
Earth Observation (EO) satellite launched by theofeian Space Agency (ESA) in 2002.
MERIS is a 68.5° field-of-view push-broom imagingestrometer that covers a swath width
of 1,150km and allows a global coverage of thetEart3 days. This sensor measures the
solar radiation reflected by the Earth at a maxinground spatial resolution of 300m, in 15
spectral bands or groups of wavelengths, rangioig fthe visible to the near infrared (390
nm to 1040 nm) radiance, and provides the moswonaglirically accurate data on Earth
surface that is currently acquired from space (@umind Steele, 2005). One of the most
outstanding features of MERIS is the programmabiit its spectral bands in their width

and position.

MERIS data can be provided at 3 different levelpmdcessing - Level 0, Level 1b, and
Level 2 - and at 3 different spatial resolutionsull (FR), Reduced (RR) and Low (LR). FR
products have a spatial resolution of 300m, RR2i0in and LR of 4800m. The Level O

product corresponds to the data in its most ramébrand will not generally be available to
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the end users. Level 1b is annotated engineeritegtat has been calibrated radiometrically
and geolocated — this is the Top-Of-the-Atmospli&@A) calibrated radiance measured in
mWm-2sr-1nm-1Level 2 products contain both geolocated geophysparameters and
surface radiance/reflectance depending on the caurtgpe. In addition to the core
geophysical data, MERIS Level 2 products contaionggtric information, data describing
the sun and viewing geometry, terrain height, sonet¢eorological data and several flags

that address the quality and the validity of thagm

In this study we exploit the Level 2 Full ResolmiMERIS imagery. These data consists of
calibrated surface reflectances in 13 groups ofelemgths (original bands 11 and 15 were
removed from this product since they address cOntent and water vapor) that are
atmospherically corrected for Rayleigh scatterompne, water vapor absorption and aerosol
content. We make use of a single image that wagictby 14 August of 2004. This date
was chosen due to several criteria. First, andrdotgpto Goncalvest al (2005), this is the
period of the year that allows for a better sefpaneimong general land cover classes in this
region of transitional climate; secondly, this iraag the one that presents the minor cloud

coverage among a set of 12 MERIS images acquirdddidugal for the year of 2004.

The MERIS original data was exported from raw forawad converted to GeoTIFF using the
BEAM VISAT 3.4 ® software application. Also, in adto combine these data with already
existing auxiliary information it was necessary gmject the image into a proper map
projection (Hayford-Gauss, Datum Lisboa). This veasily accomplished since MERIS

Level 2 imagery are already geolocated.

5.2.2.Ancillary data

To help the selection of samples for algorithmnirag and testing we made use of existent

land cover databases and high spatial resolutidh ebservation data, namely:

CORINE Land Cover map for 2000 (CLC2000) (Painhd @aetano, 2005) — land
cover map with 44 classes derived from visual preation of Landsat-7 ETM+
images acquired in the summer of 2000;

National cover of SPOT High Resolution GeometridR(F) images acquired in
2003, owned by the Portuguese Geographic InsiitGte);

National cover of orthorectified colour infrarediaéphotography for 1995;

National Forest Inventory for 1995.
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5.3. Methodology

5.3.1.Land cover nomenclature

In this study we used the land cover nomenclatexeldped by the Remote Sensing Unit of
the Geographic Portuguese Institute (IGP) (Table.5The nomenclature classes were
defined through the Land Cover Classification SQys{eCCS) from Food and Agriculture

Organization (FAO) (Di Gregorio, 2000). The destiap of land cover classes is based on
LCCS classes’ definition. The rationale behind tlewelopment of the nomenclature was
two-fold: (1) a nomenclature that is well adaptedhe type of landscapes existent in regions
with characteristics similar to the Portuguese faaith and (2) a nomenclature that is
compatible with established ones (e.g., CORINE Laader, Global Land cover and the

International Geosphere-Biosphere Programme nomatemek) in order to make possible the

comparison of our maps with the ones that used oibrmenclatures.

5.3.2.Land cover sampling

In order to test the several classification appneacusing the defined nomenclature, we
carry out a collection of samples for the 19 nontenice classes for the year of 2004. The
sampling process was performed by visual interpogteof high spatial resolution Earth
Observation data, namely SPOT5-XS images acquingthgl the year of 2003 and
orthorectified colour infrared aerial photography1®95. To help sampling collection we

also made use of the land cover databases desanibiesl Study Area and Dataset section.

Each sample represents a specific land cover ctaszing at least 90% of the area covered
by a MERIS 300-by-300 m pixel (same as the nomiesblution of used satellite images).
The goal was to have, for each land cover classsamples distributed all over the mainland
territory in order to obtain a high-quality repretsdion of possible regional within class

differences. For each class we collected 40 sanidervations and their spatial distribution

is shown inFigure 5.1.

5.3.3.Dimension reduction

When data to be classified lie in multi-dimensionattor spaces, it is often the case that not
all dimensions show the same discrepant power. Besause components are highly
correlated, or simply because all classes merga ianique cluster, when looking at

marginalized data in some particular directionurethnt or information less coordinates can

be discarded from a classification viewpoint.casnputational cost of classifiers increases
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Table 5.1. Land Cover nomenclature and classesigtsn.

Land Cover Class Acronym Description
. s The land cover consists of non-linear built up anghich can be further specified
gi?erglsnuous Artificial 11 into industrial area(s) or urban area(s). The dgmsithe impermeable surface(s) |s
high.
Discontinuous The land cover consists of non-linear built up anghich can be further specified
g 12 into industrial area(s) or urban area(s). The dgwdithe impermeable surface(s) |s
Artificial Areas )
medium or low.
Rain fed Herbaceous 21 Field(s) are covered by rain fed herbaceous crbps.crop covers the land during
Crops the cultivation period of a shifting system
. Field(s) are covered by irrigated herbaceous crbips.irrigation systems
Iérrga;ed Herbaceous 22 commonly used are surface, sprinkler and dripatian. The crop covers the land
P during the cropping period of a fallow system.
Rice Crons 23 Field(s) are covered by herbaceous crops. Theuses infiltrated water as reserye
P for establishment. The crop covers the land duttiegcropping of a fallow system
Permanent Evergreer ) )
Crops (Trees or 241 Evergreen tree crops cover a defined area. // Esengshrub crops cover a defingd
area.
Shrubs)
Permanent Deciduouy Deciduous tree crops cover a defined area. // Decisl shrub crops cover a
Crops (Trees or 242 :
defined area.
Shrubs)
Broadleaved Closed 311 The main layer consists of broadleaved closed.tfi®s crown cover is more thary
Trees (70-60)%. The height is in the range 30-3 m.
Broadleaved Open 312 The main layer consists of broadleaved woodlaneé.drbwn cover is between
Trees (70-60) and (20-10)%. The height is in the range 30.
Needleleaved Closed 321 The main layer consists of needleleaved closed.tiidee crown cover is more than
Trees (70-60)%. The height is in the range 30-3 m.
Needleleaved Open 392 The main layer consists of needleleaved woodlahd.cFown cover is between
Trees (70-60) and (20-10)%. The height is in the range 30.
The main layer consists of broadleaved closed.tfi®s crown cover is more thary
. (70-60)%. The height is in the range 30-3 m. / fifaén layer consists of
Mixed Closed Trees 331 needleleaved closed trees. The crown cover is thare(70-60)%. The height is in
the range of 30-3 m.
Shrubland 35 The main layer consists of closed to open shrubl@hd crown cover is between
100 and 15% The height is in the range of 5-0.3 m.
The main layer consists of closed to open herbaceegetation. The crown cover
Natural grassland 37 is between 100 and 15%. The height is in the rafe0.3 m.
The main layer consists of sparse herbaceous \teget&ihe crown cover is
Sparse Vegetation 38 between (20-10) and 1%. // The main layer consistparse shrub vegetation. The
P 9 crown cover is between (20-10) and 4%. // The riejar consists of sparse tree
vegetation. The crown cover is between (20-10)4%d
The main layer consists of closed to open treexttl by forest fires. The crown
Recently Burnt (Trees 310 cover is between 100 and 15%. The height is imahge of 30-3m. // The main
or Shrubs) layer consists of closed to open shrubland affelbyefbrest fires. The crown cove
is between 100 and 15%. The height is in the raf@e- 0.3m.
Primarily vegetated areas containing more thanrdgme vegetation during at least
two months a year. The environment is influencethigypresence of water over
extensive periods of time, i.e. water is presentifore than three months a year
and when water is present less than three mongbarait is present 75 percent of
the flooding time. The vegetative cover is chanaotel by the presence of
Permanent Wetlands 5 - : h ; . :
(semi)natural vegetation which species compositisrenvironmental and
ecological processes are indistinguishable fronm arprocess of achieving, its
undisturbed state. The vegetative cover is ndic@ati and does not need to be
managed nor maintained. This class includes flgategetation but excludes areds
with only occasional flooding.
Primarily non-vegetated areas containing less fbanpercent vegetation during
Barren 6 at least 10 months a year. The environment isénfted by the edaphic
substratum. The cover is natural. Included aresdilea bare rock and sands.
The land cover consists of natural water bodiefurther specification can be
Water Bodies 7 made in flowing or standing water. // The land cax@nsists of artificial water

bodies. A further specification can be made in fiaor standing water.
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Figure 5.1. Spatial distribution of collected sael

rapidly with the feature space dimension, it is general profitable to keep the
dimensionality of the problem as small as possibake,long as it does not degrade the
classification accuracy. The dimensionality issae turn even worse in the supervised case:
if the feature space dimension is excessive cordparéne size of the available training set,
the classifier can fail at finding a simple deasinule. All this makes data dimension

reduction an important step in classification task.

Feature selection and feature extraction are thectwnmon ways to perform dimensionality
reduction (Guyon and Elissee, 2003). Feature sefec¢fers to techniques that identify the
best subspace within the input features space,eabaxtraction methods aim at finding the
best transformation (by means of coordinate’s coatimns) of the input feature space. The
choice between those two approaches depends grhyilsecal meaning of the coordinate’s

dimension.

Principal Component Analysis (PCA) (Thometzal, 1999; Jairet al, 2000) is a widely
used feature extraction that relies on the eigaonveaecomposition of the data covariance
matrix. The corresponding linear transformatioramsaxis rotation that yields a system of
systematically uncorrelated vectors (and statifyicendependent if data are normally

distributed), aligned with the directions of maximwverall data variance. Mapped in this
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new coordinate system, data are compactly repregeamid it is likely that retaining only the
few first components associated to the largestnemees, suffices to explain most of the
overall data variability. Clearly though, this is ansupervised method that does not take
into account any prior information about classesl therefore nothing guarantees that the

directions of maximum variance are also the dioaiof maximum classes discrepancy.

Fisher's Discriminant Analysis (FDA) is a supendsextension of PCA, which identifies a
reduced dimension system that enhance inter-clasgesability (Mousawet al, 2003; Jain

et al, 2000). Inter-classes separation is here meadqyrede Fisher criterion, calculated as
the eigenvalues of the between-class scatter m@jixlivided by the within-class scatter

matrix \W). The within-class scatter matrix is defined by:

W= (x -x)) Hx - X)) (5.1)

j=1 x,CE,

wherex denotes the vector datis the number of classes, aﬁjds the mean vector of class

j- The between-class scatter is defined by:

c — p— — p—
B=)a;(x;-x) '(x; =) (5.2)
=1
whereg is the number of sample observations in diaaadx is the mean of the overall data

distribution.

The representation maximizing classes discreparasyproposed by Fisher as the projection

onto the eigenvectors associated to the largeshe&ues of the matriw™'B.
5.3.4.Classification

k-Nearest Neighbor

k-NN is an instance-based learning algorithm (Caued Hart, 1967) based on a distance
function (e.g. Euclidian distance) between pairsobervations. The algorithm is quite
simple: given a feature test vector, the systerdsfithe k-nearest neighbors among the
training vectors, and uses the labels of these ighbers to determine the class of the

unknown sample.

K-means
The decision rule adopted in K-means classifiert® iattribute a sample to-be-classified to

the class which centre of gravity is closest.
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Linear Discriminant Classifier

This classifier combines a Fisher Discriminant Ased with a linear (or quadratic) separator
function. Moreover, LDC implicitly assumes that @aare normally distributed within each
class (Johnson and Wichern, 1998).

Support Vector Machines

Support Vector Machines (SVM) are a new generatiosupervised learning systems based
on recent advances in statistical learning the&yis{ianini and Shawe-Taylor, 2000).
Pioneered by the work on learning strategy by Viajamd collaborators (Boset al, 1992;
Vapnik, 1998), they have rapidly and successfulerb applied to numerous real-world

classification problems.

Conceptually, SVM rationale is that a classificatfgroblem that does not have a satisfying
solution in its own observation space may have esimmgple and efficient in a more

complicated representative system. As so, SVM ubgpathesis space of linear indicator
functions to draw classification in a high dimemsib(possibly infinite) feature space, image

of the observation space by a non-linear mapging

Consider a binary classification-learning taakd the following data training set:

S (X4, V)oK YO X DX OOy, O{-141) (5.3)

with samples (x;,y;) drawn i.i.d. according to some unknown but fixecblgability
distribution P(x,y). The non-linear mappin@ transforms then, -dimensional input space

X into the feature space, and let the set of hypotheses be linear hypaHesictions of

the type:
N
h(x) =iy (D(x;), ®(x)) + D (5.4)
i=1

One remarkable fact about this hypothesis funcgiaritten here in its dual form) is that it
implies the data only through their inner productshe feature space. Therefore, @ is

properly chosen so that it obeys the so-cdtkahelcondition,

(®(x), P(2)) = K(x,2), (5.5)

T For the sake of simplicity we restrict this intradory study to the case of a two-classes
classification. Generalization to multiple clasggsblems is straightforward using a one-versus-the-
rest strategy.
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we do not even need to know the underlying featuap® to be able to learn in the feature

space.

Assuming so, the problem is then to determine tedficients{a;,i =1...,N} that minimize

the classification error on unseen samples. Ide#ily best classifier should minimize the

expected value of thessor risk:
R(h) =Ep(x,y) { L(Y, h(X))} = f L(y, h(x))dP(x, y), (5.6)

where the loss function(y, h(x)) =0, penalizes the deviations. In practice however joimt
probability function P(x, y)is unknown, and the expected loss (also cadjederalization

losg is approximated by theempirical classification errorbased on the available

information (i.e. the training set). Then, the ergail risk functional reads:

Remp(h):i L(yi, h(x;)) . (5.7)
i=1

Often though, finding the hypotheststhat minimizes this empirical risk leads to an ill-
posed problem that results in the well-known pheswoon described agver-fitting in the
literature (i.e. the selected hypothesis is too mlen). One way to avoid over-fitting
tolerating noise and outliers, is to restrict thmmplexity of the hypothesis function, by
introducing a regularization term (Vapnik, 1982hid regularization term is closely related
to the notion of margin, another important condeptSVM that reflects the sensitivity and

tolerance of the classifier to the samp{esi =1...,N} that stand “close” to the (non-linear)

separator. Those points are called support vectmd, the solution that minimizes the
regularized empirical risk function is referreda® a soft margin SVM (in contrast to a hard
margin SVM that systematically zeroes the empirilzes). Solution to this quadratic

optimization problem is classically obtained by taggian theory and comes out to find the
Lagrangian multipliers’” that maximize the following quantity:

N 1 N
W(a) = Zai 5
i=0 e

yiyjaiaj(K(xilxj)+%a-ij)v (5.8)

1

N
subjectto)_y,a; =0 anda; 20,i=1,..N.

i=1
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C is the regularization parameter that bounds thgrdragian multipliers (i.e. the weights
associated to the support vectors) controllingway the capacity of the hypothesis function
class.

I’

Finally, a Radially Basis Function (RBF) kerne{(x,z)=e ©¢° , with user pre-defined

sample variance?, is chosen because it maps the input space intofiaite dimensional
feature space and often yields good results folimear regression (Suykeret al, 2002;
Seeger, 2004).

5.4.Results and discussion

All classification results we report in this sectisvere obtained using a cross validation
technique that permits evaluating classifiers’aéincy (in terms of generalized bias) using
only the collected sample set. We fixed to five thenber of cross validation folds. Thus,
the initial set of 40 samples per class was dividediomly into five subsets: each time four

subsets are used for training purpose, while theiging fifth is used for classification test.

Figure 5.2 presents the mean spectral signaturdandf cover classes derived from the
MERIS Level 2 image of August 14th, 2004. All cusy@xcept those for impervious land
covers like urban or barren, display a minimum aeqd/ similar reflectance value along the
visible wavelength range that is comprised betw&@hand 700nm. This is mainly because
these reflectance wavelengths are scattered bgtthesphere and at the same time largely
absorbed by chlorophyll — land cover pixels witly@ation do not show up very brightly in
this fraction of the spectrum. Although spectratifarities exist among vegetated land cover
classes, these bands can be useful for soil/vegetdiscrimination and mapping of man-
made features. On the other hand, near infra-redeleagths are good for mapping
vegetation biomass content, providing an evidentrest between different types of
vegetation. Vegetation classes show a steep slefweebn the red and the near infra-red
reflectance that is characterized by a peak aral@@hm. This portion of the spectrum
appears as disjunction point amongst vegetated taver classes that maximizes their
separation. This suggests that the combination exploitation of land cover spectral

profiles along visible and near-infrared wavelesgih important for the separation of

Z There exists an alternative way for controlling thgothesis function capacity, which amounts to
fix the proportion of training samples that wilelbetween the boundary and the margin hyperplane.
In SVM literature, this regularization strategyaften referred to as the-parameterization, and we
will use this in our study.
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different land cover classes and should signifigaimiprove classification scores obtained

with a lower dimensional representation of the lawée¢ spectral data.
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Figure 5.2. Mean spectral signatures for land colasses derived from the MERIS image of August 12804.

We first performed an empirical estimation of th&RIS spectral bands correlations, which
ungquestionably evidenced the need of dimensionctamuto remove redundant information.
The averaged correlation coefficient between barfidse visible interval is about 95%, and
it goes up to 99% for infra-red bands. In contrsg same averaged coefficient falls down
to 33% when measuring the correlation between leisbd infra-red wavelengths. Then, it
IS not surprising that a Principal Component Analygpplied to the samples set reveals that
more than 99% of the overall data variance summsrin the first three principal
components. As a result, on can expect that feamction, using for instance Fisher’'s

Discriminant Analysis, will dramatically improveadsification performances.

In Table 5.2, we present the overall classificatBmores obtained when applying the

different classifiers described in the Section @i8) and without prior dimension reduction.

As expected, dimension reduction through FDA caersidly improves the overall
classification performances obtained with both k-Bitdl K-means classifiers. This suggests

that Land Cover classes are better separated.(Buctidean distance, at the core of theses

The contribution of multitemporal information framultispectral satellite images for 97
automatic land cover classification at the natioseéle



Hugo Miguel Saiote Carrédo

two classifiers) in the reduced eigenvectors hypkme than in the original highly
dimensional feature space. Moreover, results obthwith LDC not only indicate that data
are reasonably linearly separable in the transfdrrapace, but also that multivariate
canonical distribution law is in good agreementhviiie normal hypothesis. Yet, it is worth
noticing that to ensure linear separability of datdh a 99% confidence interval, 11
eigenvectors were still needed (recall that ifitimle are dealing with reflectance vectors of

dimension 13).

Table 5.2. Overall classification accuracies aohiewith different classifiers and feature data.sets

» Overall accuracy (%)
Classifier
Reflectance data FDA output data
k-NN 65 76
K-means 31 67
SVM 73 78
LDC - 77

Regarding SVM results, the influence of dimensieduction is not so drastic, in accordance
with the well known fact that SVM is quite insemgitto the curse of dimensionality. Now,
in terms of performances and computational codf/ Slearly leaders when no dimension
reduction is possible. Whenever FDA is affordaltien k-NN and LDC attain results very
comparable to the ones achieved with SVM. Howeter Jatter classifier is computationally

more expensive, and LDC might be in that case tebetoice.

Let us now split the global classification accuramyp generalization losses per land cover
class (Table 5.3), considering the SVM classifaraidf reflectance data linearly mapped by
FDA. A closer view at the producer's and user’'suaacy (respectively PA and UA) shows
that “Broadleaved Closed Trees” (311) is definitdie less distinctive land cover class,
frequently confounded with “Broadleaved Open Tregl2) and “Mixed Closed Trees”
(331). On the contrary, pixels of “Irrigated Herbaas Crops” (22) and “Rice Crops” (23),
two land cover classes that were very close acegrti mean spectral profiles of Figure 5.2,
surprisingly almost never mix up. These resultgyesg that main classification puzzlement
occurs among pixels of classes that contain theedamd cover features but in different
proportion arrangements. Land cover classes thasistoof absolutely different surface
elements, even with vegetation within their compos] are well separated. This
demonstrates that the visual spectral similaritpagst different land cover classes does not
imply their mixing, as attested by the overall aecy results obtained with the exploited

classifiers.
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Table 5.3. User’s and producer’s accuracy per clEsis repartition corresponds to a SVM classifmabf FDA
transformed data based on reflectances measueesiragle date (August 14, 2004).

Land

cover 5 6 7 11| 12| 213} 22 2 38 24242|310|311|312|321|322|331|351|371 UA
class 0)
5 39 1 98
6 25 1 3 7 1 3 638
7 40 100
11 1 1| 24| 11 1 1] 1 60
12 1 7| 31 1 7
21 36 2 2 9(
22 31 1 1 3 1 1 2 78
23 5| 35 89
38 1 1 34 1 1 1 1 8b
241 3 1 26 8 1 1 6b
242 6| 28 1 3 1 1 70
310 39 1 98
311 1 1 1| 18§ 9 3 1 45
312 2| 36 1 1 90
321 33 7 2 7
322 4 1 5 2¢ ] 2 6b
331 1 4 1 5 29 78
351 2 3 35 8
371 1 2 1 1 2 2 3L 7B
PA 1ol A

(%) 1001 89 | 98| 75| 67 90 82 9% 6f 72 &8 TQ p4 [70 |67 |66 | 6 |88 | 7

5.5.Conclusion

The main goal of the current study was to evaltlageusefulness of using SVM for the
characterization of numerous land cover classeh Wwigh spectral dimensional MERIS
imagery data of Portugal continental. The achiewesllts suggest that SVM classifier
outperforms k-NN, K-means and LDC classifiers imteof overall classification accuracy
with both data sets — the full MERIS Level 2spdcimaagery and the low-dimensional
representation of such data derived through Fistdiscriminants. The level of classification
accuracy achieved with SVM classifier is betterntheith the other classifiers when the
whole spectral information is used. On the otherdhahe k-NN and LDC performed a land
cover classification with similar accuracy to SVMen a low-dimensional and rearranged
representation of spectral data is used as inputldgsification task. However, unlike k-NN
and LDC classifiers, SVM does not require a prespssing technique to reduce data
dimensionality in order to improve its classificatiaccuracies, since they remained stable

with full and low dimensional imagery data. Thelpniary tests with the full spectral data
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and compressed information with FDA showed that room classifiers had to face the
problem of insufficient training data, which logdiigadegraded the classification scores. In
contrast, SVM proved to be insensitive to the disn@mality of input data, since

classification results with MERIS data are improvedre stable and reliable than with other
classifiers. From a methodological viewpoint, SV powerful and easy to tune learning
systems that should rapidly enter the standardsi@ls’ toolbox used in remote sensing

applications.

Regarding the particular land cover classes disgdtion we think that MERIS imagery
have an enormous capability to distinguish betwdsmm. The results proved that large
mixing occurs only between land cover classesdbatain the same land cover features but
in different proportion arrangements. Classes witimpletely different configuration
characteristics present a classification accurdigined with SVM classifier that is over
80%.

Future work will rely on the multi-temporal analysbf MERIS data, land cover classes
redefinition, and data fusion appliance, since wasaer that is possible to increase the
overall classification accuracy obtained with MERIBages. We will also compare the
classification accuracy obtained with MODIS dataeasor with similar spatial and temporal
resolutions to MERIS, but that acquires spectrdbrmation within short wavelength

infrared.
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6 MERIS BASED LAND COVER CLASSIFICATION WITH SELF-
ORGANIZING MAPS: PRELIMINARY RESULTS

Carrdo, H., Capéo, L., Bacdo, F. and Caetano, MOGR MERIS Based Land Cover
Classification With Self-Organizing Maps: PrelimipeResults. InProceedings of the 2nd
EARSeL SIG Workshop on Land Use & Land Colgpaginated CD-ROM), 28-30
September 2006, Bonn, Germany.

Abstract
With the recent launch of MERIS, a wide range ofvraossibilities for the periodic land

cover characterization at regional scale is avhilabhis sensor offers a combination of
innovative features, such as high spectral and eemhpresolutions, wide geographical
coverage and improved atmospheric correction. Wieze that the exploitation of data

obtained by this new sensor fills previous techgigal gaps, improving automatic land
cover classes’ discrimination. At the same time, ¢lxtra spectral information provided by
MERIS can introduce some difficulties on land coebkaracterization with long-established
classification techniques, e.g. k-Nearest Neighbbuthis paper we report the performance
of artificial neural networks (ANNSs) in the conteaf high spectral dimensional satellite
image classification. The main goal of this reskarcto assess the potential of the Self-
Organizing Maps (SOM) neural network to extract ptar land cover type information

from medium resolution satellite imagery. The stwigs carried out with MERIS Full

Resolution data from 2004 for the continental Ryuese territory.

6.1. Introduction

Recently launched Earth Observation (EO) sensocé, as the MEdium Resolution Imaging
Spectrometer (MERIS) and the Moderate Resolutioaging Spectroradiometer (MODIS),

exhibit enhanced spectral and temporal resolutins offer new potentials and challenges
to data analysis. Jackson and Landgrebe (i) dbaietihe availability of a large number of
spectral bands makes it possible to identify martited land cover classes with higher
accuracy than would be possible with the data feamier sensors, such as AVHRR. Quite
as well, several studies have proved the advantgesrforming a land cover classification
based on multi-temporal satellite imagery data. (€.di, iv, v). However, the exploitation of

spectral and temporal characteristics of MERIS iemaglata, for the improvement of land

cover spatial and thematic characterization, ¥ sticonfidential use in remote sensing

The contribution of multitemporal information framultispectral satellite images for 105
automatic land cover classification at the natioseéle



Hugo Miguel Saiote Carrédo

community. Presently, few research studies andabipeal programs are focused on the

analysis of MERIS data for land cover cartograptodpction (e.g. vi, vii, viii).

The introduction of these new generation senscssltexl in a large increase of remote
sensing data volumes available for land cover iflea8on purposes. Still, high dimensional
remote sensing imagery provides a challenge tatizadl classification methods based on
statistical assumptions. Artificial Neural NetworK®ANNs) may represent a viable
alternative approach to land cover mapping usigh kimensional remote sensing imagery.
ANNSs require no assumption regarding the statiktistribution of the input pattern classes,
are relatively noise tolerant and entail a masgiyarallel structure (ix). Neural network
models have two important properties: the ability “tearn” from input data and to
generalize and predict unseen patterns based atathesource, rather than on any particular

a priori model(x).

Although ANNSs are routinely applied to multispettamd SAR imagery classification, the
number of studies that utilize ANNSs for high spattlimensional image analysis are limited
(ix). These authors also refer that existing stadiecused primarily upon supervised
approaches, while there is little precedent speadlfi for the utilization of the unsupervised
ANNSs in remotely sensed image classification, eisfigcwith respect to hyperspectral
analysis. However, unsupervised ANN paradigms basetbmpetitive learning have simple
architectures and faster learning algorithms thgesvised Multi-Layer Perceptrons (MLPS)
(xi). Some researches have shown that the unsgpenelf-Organizing Maps (SOM)
technique possesses a speedier training rate agiterhiclassification accuracy when
classifying remotely sensed data then the supehbsekpropagation neural network (xii).
The Self-Organizing Map, developed by Kohonen Xxowes its popularity to its capability
of presenting on the output layer, typically aregn a two-dimensional grid, a very
intuitive description of the similarity among graum the input space. The SOM was not
originally intended for pattern classification, tausubsequent calibration phase can always
be applied to produce labels for the clusters tiegulfrom its application. Once an
unsupervised ordering step is performed, the featuap is trained as a classifier using a
feature vector training set with known classifioas (ix). Although several supervised
extensions of SOM have already been implementedl&asification, the most widely used

has been the Linear Vector Quantization (LVQ) pduce (xiv).

In this paper we exploit the SOM algorithm for lacalver classification with MERIS high
spectral dimensional imagery. This is a preliminaiydy in the framework of an ongoing

research work that aims at developing a systenwéssification methodology for the
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regular production of land cover cartography fronedmm spatial resolution satellite
imagery in Portugal. To completely evaluate thelitghpf the high spectral resolution
MERIS data for land cover characterization, we |Idok the separation of 19 land cover
classes. Some results comparing the SOM performantte the traditional k-Nearest
Neighbour method are also presented. We experitheetaluate the performance of each

classifier on samples collected from a summer MERI&ye of Portugal Continental.

6.2. Study area and data set

The study area is the entire Portuguese mainlamidoty. Portugal is in a transition zone
featuring diverse landscapes representing both teledhean and Atlantic climate
environments. This landscape heterogeneity allawsttfe extrapolation of the developed

methodologies and of the obtained results to mamgraegions of the world.

In this study we exploit the Level 2 Full ResolmiMERIS imagery. These data consists of
calibrated surface reflectances in 13 groups ofelemgths (original bands 11 and 15 were
removed from this product since they address cOntent and water vapor) that are
atmospherically corrected for Rayleigh scatterompne, water vapor absorption and aerosol
content. We make use of a single image that wagichby 14 August of 2004. This date
was chosen due to several criteria. First, andrdowgp to (ii), August is the period of the
year that allows for a better separation among rgér@nd cover classes in this region of
transitional climate; secondly, this image is thme dhat presents the least cloud coverage

among MERIS August images available for Portugatlie year of 2004.

The MERIS original data was exported from raw forawad converted to GeoTIFF using the
BEAM VISAT 3.4 ® software application. Also, in adto combine these data with already
existing auxiliary information it was necessary fgmject the image into a proper map
projection (Hayford-Gauss, Datum Lisboa). This vessily accomplished since MERIS

Level 2 imagery are already geolocated.

To help the selection of samples for algorithmniireg, validation and testing we made use
of existent land cover databases and high spasadlution Earth Observation (EO) data,
namely: the CORINE Land Cover map for 2000 (CLC20@®) — land cover map with 44
classes derived from visual interpretation of Latds ETM+ images acquired in the
summer of 2000; the National cover of SPOT HighdRémn Geometric (HRG) images
acquired in 2003; the National cover of orthoréetifcolour infrared aerial photography for
1995; and the National Forest Inventory for 1995.
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6.3. Methodology

6.3.1.Land cover nomenclature

In this study we used the land cover nomenclatexeldped by the Remote Sensing Unit of
the Geographic Portuguese Institute (IGP) (Table.6The nomenclature classes were
defined through the Land Cover Classification SQys{eCCS) from Food and Agriculture

Organization (FAO) (xvi). The rationale behind tthevelopment of the nomenclature was
two-fold: (1) a nomenclature that is well adaptedhe type of landscapes existent in regions
with characteristics similar to the Portuguese faaith and (2) a nomenclature that is
compatible with established ones (e.g., CORINE Laader, Global Land cover and the

International Geosphere-Biosphere Programme nomemek) in order to make possible

map comparison.

Table 6.1. Land cover classes and respective agrony

Land Cover Class Acronym
Continuous Artificial Areas 11
Discontinuous Artificial Areas 12
Rain fed Herbaceous Crops 21
Irrigated Herbaceous Crops 22
Rice Crops 23
Permanent Evergreen Crops (Trees or Shrubs) 241
Permanent Deciduous Crops (Trees or Shrubs) 242
Broadleaved Closed Trees 311
Broadleaved Open Trees 312
Needleleaved Closed Trees 321
Needleleaved Open Trees 322
Mixed Closed Trees 331
Shrubland 35
Natural grassland 37
Sparse Vegetation 38
Recently Burnt (Trees or Shrubs) 310
Permanent Wetlands

Barren

Water Bodies

6.3.2.Land cover sampling

In order to test the several classification appneacusing the defined nomenclature, we
carried out a collection of samples for the 19 nocfeure classes for the year of 2004. The
sampling process was performed by visual interpogtaof the high spatial resolution EO

data and land cover databases described in thg 8ted and Dataset section.
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Each sample represents a specific land cover ctagging at least 90% of the area enclosed
by a MERIS 300-by-300 m pixel (same as the nomiesblution of used satellite images).
For each class we collected 40 samples distribaiteni’er the mainland territory in order to

obtain a broad representation of within classestspl differences.

6.3.3.Classification phase

Kohonen'’s Self-Organizing Map (SOM)

Kohonen’s self-organizing map is one of the mostresting of all the competitive neural
nets (xvii). A SOM is an unsupervised and nonpatdameeural network approach, which
means that no human intervention is needed duhaddarning and that little need to be
known about the characteristics of the input datee SOM is remotely inspired in the way
in which various human sensory impressions areahagically mapped into the brain, so as
spatial or other relations among stimulus corredponspatial relations among the neurons
(xviii). As a neurospatial classifier, the SOM offea number of attractions, namely the
simple design and ability to handle immense comipl€xvii). A SOM consists usually of a
two-dimensional array of neurons fully connectedhwihe input vector, arranged on a
squared or hexagonal lattice, such that there arghborhood relationships among the
neurons (xi). The latter “architecture” (hexagonsalyjenerally preferred, because it provides
a better coverage of the two-dimensional spaceaarghsier visualization of the input space

structure (xi, xvii).

The training procedure of SOM consists of findihg neuron with weights closest to the
input data vector and declaring that neuron asaiin@ing neuron. As a result, the closest
neuron to input vector is updated, as well aseiljimoour neurons within a predefined in the
output space. Several functions can be used tondiete the neighbors’ movements during
training, while the most commonly adopted is theusdsan (xi). By assigning each input
vector to the nearest neuron, the SOM is able ¢arore the output space into regions,
where neighboring neurons have similar charactesisin a high dimensional input space,
Kohonen maps can be interpreted as nonlinear poogeof the input data onto a two-
dimensional space that takes into account the pliathability density and preserves the
original topology of the input patterns (xi). Thatif two weight vectors are near each other
in the input space, the corresponding neuronsalat be close in the output space, and vice

versa.

The SOM clustering of MERIS data was carried ouhgithe MATLAB SOM Toolbox
(xix).The Kohonen’'s SOM algorithm that is implemeatin the SOM Toolbox can be
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described as follows: consider that there are Mror@iin the competitive layer and every
neuron j has a n-dimensional weight vectois[wy, ..., Wj]. At each training step, a
sample data vectok(t) = [X(t)1, ..., X(t),] is randomly chosen from the training set
(considering a sequential training approach). Taelifean distance is used to determine the
winning neuron. The winning neuron or best-matching (BMU), denoted here by c, is the

neuron with the weight vector closesix{®):

n 05
a, :[Z(x(t)i - w; 2} =[xt -w| i ofa....m} (6.1)
i=1
if a. = min{ay, &, ...... , &}, cis the winning neuron.

Update weights foc and neighbor neurons within neighborhdéc(t) can be written as:
wj (t+1) = wj; (t) +a)[x(t); —w; (O] 7 O N (@) (6.2)
and

wi (t+3) =w; (1) if JON(D) (6.3)

whereNc(t) is the set of neighborhood neurons of the winmiagron at timd, a(t) is the
learning rate, and its initial value is set asa(xl. Both learning ratea(t) and
neighborhood Nc(t) radius decreased monotonically with time, in orde assure
convergence. After finding the winning neuron, theight vector of the neuron in the
competitive layer is updated. During the updatecedure, the winning neuron is moved
closer to the sample vector in the input space. tbpelogical neighbours of the winning
neuron are updated in a similar way. This updabeguure stretches the winning neuron and
its topological neighbours towards the sample wve®teighbouring neurons are pulled in the
same direction, and thus weight vectors of neighbguneurons resemble each other for
adopting competitive learning rules and neighboadhdthe topological neighbourhood
relationships). Neurons with the same propertiethan competitive layer would be close
each other, and the others would be far away whenctustering process is finished.
Consequently, different types of clusters of neanamere generated on the competitive layer.
At the end of the training phase each neuron isléabto a corresponding land cover class
according to a majority voting principle (by takimgo account the land cover classes of the

closest training samples data vectors).

The structure of the SOM network and respectiveampaters was object of several
experiments in order to attain the best overalt lanver classification accuracy with the

MERIS data. Considering the literature reviewea, titpology of the SOM was always set
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up as an hexagonal lattice. In the same way, agwauseighbourhood function with linear
descending rate was used in all configurations.iditial learning ratea(0) = 0.7 was

established. An initial learning rate value betw8ehand 0.7 must always be set (xi).

SOM generalization performance evaluation. The application of the SOM to automatic land
cover classification with MERIS data followed threeain steps: training (also called
learning), validation, and independent performaamsessment (or testing). Thus, the 40 land
cover samples that were collected for each of theldsses were randomly divided in three
different sets, in the following way: training (70%validation (15%) and independent
testing (15%). The goal in training the networktasfind a structure that performs good
classifications for both the training data and feew data, avoiding data overfitting.
Therefore, when a training step finishes, the aigh component is presented to the
network and the generalized classification err@vialuated. The network having the lowest
validation error will be used for land cover cldissition, and the overall performance of the

selected model is evaluated using the independstihg component.

k-Nearest Neighbor (k-NN)

k-NN is an instance-based learning algorithm (xgsdidl on a distance function (e.g.
Euclidian distance) between pairs of observatidie algorithm is quite simple: given a

feature test vector, the system finds the k-neargighbours among the training vectors, and
uses the labels of these k neighbours to deterthmelass of the unknown sample. Using
the training set as labeled prototype vectors, waduate the classification results of the
validation set considering 1 to 10 nearest neightolihe k-NN configuration with better

overall accuracy results was chosen to use foevatiation of SOM classification results.

6.4.Results and discussion

Trial-and-error experiments with the training andlidation sets were conducted to
empirically determine the best architecture ancdupaters for the SOM network. Regarding
network size, trials were conducted first with dnmegtworks (e.g., as small as 25 neurons),
which resulted in some unrepresented classes ifindldabeled network. Consequently, the
overall classification results were extremely snialthose situations, which did not exceed
the 30% of agreement. Classes as “Mixed ClosedsTrg31), or “Rain fed Herbaceous
Crops” (331), were not presented in the final n@gng confounded with other several land
cover classes of spectral similarities. Larger cetitipe layers were thus used to map land
cover classes at a finer resolution. However, drger 2-D SOM network that could be

constructed, given computer memory constrains, apgsoximately 38x38 (1444 neurons).
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The results tend to improved as the size of thevordt increases, thus larger networks lead

to improved overall classification accuracy.

The parameters used for SOM network simulationsedaaccording to the size of the
hexagonal lattice used. The initial learning ratswalways 0.7, and a reciprocally decreasing
function was used to adjust learning rate fromt fits last training epoch. A Gaussian
neighborhood function was always used to adjustwbights of all of the neurons in the
neighborhood of the winning neuron, but larger uads were used in larger networks. A
linearly decreasing function was used to adjushite/ork radius during training. Regarding
the training length, bigger networks have longariéng periods. The parameters values and

functions were selected according to the suggesponposed by (xxi).

The overall classification accuracy was evaluatéti the test set for the network with the
smaller classification error obtained with the glation set (each validation sample was
classified in the land cover class of the neareaton after the training step). This condition
was attained with a lattice with 1444 neurons, Hred overall classification accuracy was
68% with the test set. Although these results amgnd more effective than those attained
with k-NN with a neighborhood of three (65%), theég not outperform the 73% overall
classification accuracy achieved by (xxii) with tBapport Vector Machine (SVM) for the
same data set. We believe that these empiricaltsesan be augmented, because the most
suitable set of parameters and architectures of S@Mdifficult to tune and there are still

several unexplored possibilities to optimize thdvB&results.

A closer view at the producer’s (PA) and user’'s jUsccuracy (Table 6.2) shows that
“Sparse Vegetation” (38) is definitely the lesstidistive land cover class, frequently
confounded with “Needleleaved Open Trees” (322)islalso interesting to look at the
confusion among “Barren” (6) and “Natural grassla(@ir1), that is certainly due to the
similar spectral characteristics of these two |laoder classes on summer. Agricultural
classes present excellent classification accuragieept the Permanent Crops (241 and 242)
which tend to be mixed. On the contrary, pixels‘Water bodies” (7) and “Continuous
Artificial Areas” (11) never mix up. These resutisggest that main classification confusion
occurs among pixels of classes that contain theedand cover features but in arrangements
with different proportions. Land cover classes tbansist of absolutely different surface
elements, even with vegetation within their comfiosj are well separated (e.g.,
“Shrubland” (351) and “Broadleaved Closed Trees11)3. This demonstrates that
noticeable spectral similarity amongst differenbdacover classes does not imply their

mixing, as attested by the overall accuracy resltained with the exploited classifiers.
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Table 6.2. User’'s and producer’s accuracy per class repartition corresponds to the classifiqaid test
samples performed with the SOM network with 1444ross.

Land

cover | 5| 6 7| 11| 12| 2131 22 23 3B 24242|310|311|312(321|322|331|351|371 UA
class 0)
5 5 100
6 3 1 79
7 1 6 84
11 6 1 84
12 1 5 83
21 5 1| 83
22 5 1 83
23 1 5 83
38 1 1 1 1 1 20
241 1 4 2 57
242 2 2 5(
310 4 1 8(
311 4 4 5(
312 2 100
321 3 1 75
322 4 2 4 4
331 1 1 6 1 67
351 1 4 8(
371 2 1 2 3 38
PA 4 4 X

(%) 83| 50 | 100{100| 83 | 83| 83| 83 17 6 33 6f 67 33 50 67 1087 | 50

6.5.Conclusion

The results show that SOM is more effective thadNcfor land cover classification with
MERIS data. The results also show that, as expetaeger networks will produce better
results. The difference accuracy, between the S@dlitle k-NN, is small (3%) which may
be considered disappointing, nevertheless we tiiakthere are several unexplored avenues
to optimize the SOM’s results. From a methodoldgibewpoint the SOM has proved to be
a powerful algorithm, but it requires an experighagser because of the number of
parameters that need to be tuned. Thus, the detatiori of the most suitable set of
parameters and architecture constitutes a futwesareh problem. Another aspect that needs
further research is related with the possibilityusfng a number of SOM instead of using
only one SOM for the classification of all classElsis will create the opportunity to develop

“specialized” SOM’s which are particularly goodthre identification of certain classes.
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Regarding the particular land cover classes disedtion, we think that MERIS imagery has
an enormous capability to make a good quality miiston among them. The results proved
that large mixing occurs only between land covessés that contain the same land cover
features but in different proportion arrangemen@asses with completely different
configuration characteristics present a classificaaccuracy obtained with the SOM neural

network that is over 80%.

Future work will rely on the multi-temporal analysof MERIS data, land cover classes
redefinition, and appliance of supervised artificieeural network methods, since we
consider that is possible to increase the oveladilsfication accuracy obtained with MERIS
images. In the future, a supervised extension efcibimpetitive learning process, like the
Learning Vector Quantization (LVQ), should alsoebloited as a technique for automatic

land cover classification.

6.6. Acknowledgements

This study was carried out in the framework of gheject "LANDEO - User driven land
cover characterisation for multi-scale environmemi@nitoring using multi-sensor earth
observation data (PDCTE/MGS/49969/2003)" funded "Byograma Dinamizador das
Ciéncias e Tecnologias para o Espaco" from "Furalpedia a Ciéncia e Tecnologia”, and
from the "Announcement of Opportunity for the Widtion of ERS and ENVISAT Data"
from European Space Agency (ESA). Research by HDgoéo was founded by the
"Fundacéo para a Ciéncia e Tecnologia" (SFRH/BDIT82004).

6.7.References
i. Jackson Q & D Landgrebe, 2001. An Adaptive ClassifDesign for High-
Dimensional Data Analysis with a Limited Trainingfa Set. IEEE Transactions on
Geoscience and Remote Sensing, 39: 2664-2679.

ii. Goncalves P, H Carrdo, A Pinheiro & M Caetano, 2QG6d cover classification
with Support Vector Machine Applied to MODIS imagein: Global Developments
in Environmental Earth Observation from Space,eediby A Marcal (Rotterdam:
Millpress), 517-526.

iii. Price KP, X Guo & J M Stiles, 2002. Optimal Land$® band combinations and
vegetation indices for discrimination of six grasel types in eastern Kansas.

International Journal of Remote Sensing, 23: 503425

iv. Maxwell S K, R M Hoffer & P L Chapman, 2002. AVHRéhannel selection for

land cover classification. International JournaRa&mote Sensing, 23: 5061-5073.

114  The contribution of multitemporal information framultispectral satellite images for
automatic land cover classification at the natioseéle



Vi.

Vii.

viii.

Xi.

Xii.

Xiii.

Xiv.

XV.

XVi.

Hugo Miguel Saiote Carrédo

Vieira C A O, P M Mather & P Aplin, 2001. Multiteropal classification of
agricultural crops using the spectral-temporal oesp surface. In: Analysis of
Multi-Temporal Remote Sensing Images — Series m&e Sensing (Vol. 2), edited
by L Bruzzone & P Smits (Singapore: World Scien}ifi290-297.

Clevers J G P W, R Zurita Milla, M Schaepman & HrtBalomeus, 2004. Using
MERIS on ENVISAT for Land Cover Mapping. In Proceegs of the 2004 Envisat
& ERS Symposium, 6-10 September, Salzburg, Austria.

Gessner U, K P Gunther & S W Maier, 2004. Landctered use map of Germany
based on MERIS full resolution data. In Proceediofythe 2004 Envisat & ERS
Symposium, 6-10 September, Salzburg, Austria.

Santos T, J Tenedédrio, J Rocha & S Encarnacdo,.2B83STAT: Exploratory
Analysis of Envisat-MERIS Data for Land Cover Mapgiof Portugal in 2003. In
Proceedings of 14th European Colloquium on Themaktiand Quantitative

Geography, 9-13 September, Tomar, Portugal.

Filippi A M & J R Jensen, 2006. Fuzzy Learning \WectQuantization for
Hyperspectral Coastal Vegetation classificationmBie Sensing of Environment,
100: 512-530.

Seto K & W Liu, 2003. Comparing ARTMAP neural netkwavith the maximum-
likelihood classifier for detecting urban changé&ot®grammetric Engineering &
Remote Sensing, 69: 981-990.

Berthold M & D J Hand, 2003. Intelligent Data Ansily (Berlin: Springer
Publications, 2nd ed.) 514 pp.

Ji C Y, 2000. Land-use classification of remotebnsed data using Kohonen
Selforganizing feature map neural networks. Phaetognetric Engineering and
Remote Sensing, 66: 1451-1460.

Kohonen T, 1984. Self-organization and associatieenory (Springer Verlag) 501
Pp.
Kohonen T, 1995. Self-organizing maps. (Springenadp 501 pp.

Painho M & M Caetano, 2005. Cartografia de Ocupadéo Solo, Portugal
Continental, 1985-2000. Instituto do Ambiente, laabPortugal.

Di Gregorio A & L J M Jansen, 2000. Land Cover Gifisation System (Rome:
FAOQO), 179 pp.

The contribution of multitemporal information framultispectral satellite images for 115
automatic land cover classification at the natioseéle



XVii.

XViii.

XiX.

XX.

XXi.

XXil.

116

Hugo Miguel Saiote Carrédo

Openshaw S & C Openshaw, 1997. Artificial Inteliige in Geography (Chichester:
John Wiley & Sons Ltd) 329 pp.

Sarle W S, 1997. Neural Network FAQ, part 1 ofritrdduction, periodic posting to
the Usenet newsgroup comparing neural-nets. Retfie5 April 2006 from:

ftp://ftp.sas.com/pub/neural/FAQ.html

Vesanto J, J Himberg, E Alhoniemi & J Parhankan@)@89. Self-organizing map in
matlab: the SOM toolbox. In Proceedings of the BatDSP Conference 1999,
Espoo, Finland, 35 - 40.

Cover T M & P E Hart, 1967. Nearest Neighbor pattetassification. IEEE

Transactions on Information Theory, 13: 21-27.

Vesanto J, J Himberg, E Alhoniemi & J Parhankan@890. SOM Toolbox for
Matlab 5. Technical Report A57, Helsinki Universitf Technology, Neural

Networks Research Centre, Espoo, Finland.

Carrdo H, P Goncalves & M Caetano, 2006. MERIS 8asand Cover

Characterization: A Comparative Study. In Procegsliof the ASPRS 2006 Annual
Conference - Prospecting for Geospatial Informatimegration, 1-5 May, Reno,
USA.

The contribution of multitemporal information framultispectral satellite images for
automatic land cover classification at the natioseéle



Hugo Miguel Saiote Carrdo

7 SAMPLE DESIGN AND ANALYSIS FOR THEMATIC MAP
ACCURACY ASSESSMENT: AN APPROACH BASED ON DOMAIN
ESTIMATION FOR THE VALIDATION OF LAND COVER PRODUCT S

Carrao, H., Caetano, M. and Coelho, P. (2007), $ampsign and Analysis for Thematic
Map Accuracy Assessment: An Approach Based on Dofaaiimation for the Validation of
Land Cover Products. IProceedings of the 32nd International SymposiumRemote
Sensing of Environmefunpaginated CD-ROM), 25-29 June 2007, San Jassgta@Rica.

Abstract

Remote sensing data has been extensively usedhéoage land cover and land use maps for
a variety of purposes using automatic classificatapproaches. However, while major
efforts have been made in the development and igaearof automatic techniques for land
cover classification, the survey sampling for tloewsmacy assessment of land cover maps
evaluation is either insufficient or incorrectlypaeted. In this paper we review the basic
components that constitute a statistically rigoraasuracy assessment for land cover maps
evaluation. Simultaneously, we focus on the adeqgestimation of overall, user’s and
producer’'s accuracies under a stratified sampliegigh and introduce an unexploited

approach for their calculation based on domaimresion.

Keywords: sample design, accuracy assessmentctared products, domain estimation.

7.1.Introduction

Land cover products derived from satellite imagéadaecame very popular in forestry,
geology, landscape analysis and management, giegigime information about the spatial
distribution of natural features and their changoagterns. However, before being used in
scientific investigations and policy decisions, seghematic maps should be subject to a
statistically rigorous accuracy assessment. Acgurassessment estimates general and
specific qualities of the derived land cover praduso that users may evaluate their utility
for specific applications (Stehman and Czaplew$R98; Stehman, 2001). Users will not
and should not take a map at face value withoutesassociated estimate of error (Card,
1982). Thus, accuracy assessment should be amahtagnponent of any mapping project
based on remote sensing data. A census is, ofadorpractical to determine map error, so

the key component to any effective accuracy ass#sisithe employment of a practical and
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statistically sound sampling survey to charactetiimeaccuracy of common and rare classes
of map products. Indeed, a more detailed reporhap accuracy in the form of individual
land cover category accuracies is demanded @&hal. 2000).The categories could, and
frequently do, exhibit drastically differing accur@s, and yet combine for equivalent or
similar overall accuracies. Individual categoryirestors of accuracy are, therefore, needed

to completely assess the validity of the map fepecific application.

At national and regional level it is difficult taodus whole landscape diversity in a map
comprising a set of restrict and predefined langtecaclasses, because there is a low
consistency in landscape characteristics at suale.s€hus, several automatic classification
approaches are usually tested and numerous lared poeducts need to be evaluated until
an acceptable map is available to be applied byusads. Individual category estimators for
each map can only be derived through stratifiedd@an sampling, which guarantees a
minimum sample size in each stratum or categorghi®an, 1996). However, successive
sample collections for the validation of each mapdpct are timely and economically

expensive. Therefore, there is a need to reusenpleahat was already collected even by
using the land cover classes of a previous maprata sStill, Stehman (1996) states that this
can be impractical because stratifying by mapped leover locks the assessment into the

map version used to form the strata.

The goal of this paper is three-fold: 1) to revidve basic components that constitute a
statistically sound survey sampling for land coweps accuracy assessment; 2) to present
the adequate estimations for overall and per @dasaracies in the framework of stratified
sampling; and 3) to introduce an unexploited metbodlomain estimation — based on the
works developed by Cochran (1977, Chapter 5) amddadet al. (1992, Chapter 10) feor
more precise overall and per class accuracies &sbins of revised maps by reusing samples

collected within stratified sampling.

7.2.Survey sampling

In designing a survey sampling for accuracy assessnone must keep in mind the
acceptable level of accuracy, the reference santipde sample selection strategy and the
sample size required to estimate overall and @schccuracies associated with some land
cover map (Dicks and Lo, 1990). The quantificatmhmapping errors within specified
confidence limits requires that appropriate sangptéthniques and sample sizes are selected
adequately. The acceptance/rejection criteriaddging any survey sampling for accuracy
assessment of land cover maps have been summéyz&inevan (1979) as follows: 1)

there should be a low probability of accepting goro&low accuracy; 2) there should be a
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high probability of accepting a map of high accyraand 3) a minimum number of ground

data sample points should be required.

7.2.1.Target accuracy

Any accuracy assessment must begin with the defindgf the acceptable level of accuracy.
The required level of accuracy of the final prodsisbuld depend not only on the feasible
results of some automatic classification approauh iaput data characteristics, but also on
its intended application. If the user requests @ mdh some level of accuracy, then it is
imperative the producer to generate it or it wél &f no use. If a map is expected to be less
than adequate for a given application, resourcesildhbe expended on improving the

classification accuracy to the desired level (Wulksteal. 2006).

7.2.2.Reference sample

A sample observation serves as the basic elemamngbarison between the land cover map
classification and the “reference” classificati®ehman and Czaplewski (2003) suggest that
“reference classification” should be used to avibie phrase “true classification”, because
the true land cover of an observation can very upiom choice of definitions and
measurement protocols. A sample observation cangdmént or an area and its various forms
and relative advantages and disadvantages wereire@nn detail by Stehman and
Czaplewski (1998). In the context of land cover ducis derived from pixel-based
classification of satellite imagery, the sampleeasiation is typically the minimum mapping
unit of the map, i.e. a pixel area, which is thesaas the source imagery (Whickamal,
2004).

7.2.3.Probability sampling design

The sampling design is the set of rules used flacBeg the reference sample (Stehman,
1999). A probability sampling design is one in white inclusion probabilities are known
for all observations in the sample and are non-Zeroall elements in the population
(Stehman, 2001). A statistically rigorous desigmtdbutes to a scientifically defensible
accuracy assessment, and such designs must bdesmase of their objectivity (Stehman
and Czaplewski, 1998). If this is not the case,itiierence becomes entirely dependent on
assumptions and, as such, will be very difficultdefend in a confrontational setting
(Stehman, 2001). For most practical problems eneoed in accuracy assessment of land
cover maps, a statistically sound sampling proaeduwists (e.g., simple random, stratified

random, cluster, and systematic sampling) — forompiete description of common
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probability sampling designs see, e.g. StehmanCaagblewski (1998), Stehman (1999) and
Congalton and Green (1999).

Stratified sampling must be applied when therensed to ensure a minimum sample size in
each stratum to derive accuracy estimates foraalll Icover classes presented in the map
(Stehman, 1999). Moreover, stratifying by mappedd|aover classes may be used to
achieve more precise estimates than would be @utdiom simple random or systematic

sampling without stratification (Stehman, 2001).

7.2.4.Sample size

The sample size must be selected with care, bedagd®uld be sufficient to provide a
representative and meaningful basis for accurasgsasnent (Hay, 1979). In general, the
larger the sample size the greater the confideneecan have in assessments based on that
sample (Dicks and Lo, 1990). Several authors haggested methods and guidelines to
estimate the appropriate sample size. The goal fisdvide accuracy estimations preferably
with small variance estimates at some high levetasffidence. Along years, main authors
have used an equation based on the normal appribaim@ the binomial distribution to
estimate the required sample size for the accurasgssment of land cover maps (e.g. Hay,
1979; Dicks and Lo 1990). Congalton and Green (198@te that this approach is
statistically sound for estimating the sample sigeded to estimate the overall accuracy of a

classification or the accuracy of a single landezmategory.

7.3.Analysis and estimation

The main goal of a survey sampling for land covetagraphy accuracy assessment is to
provide information to estimate the overall proportof area correctly classified in the map
and per cover category, as well as the confidentarvials for those estimates. For that
reason, the map and reference classifications rdated for each sample observation are
usually displayed in a “contingency table” or “arroatrix” in the form of a cross-tabulation
of map category versus reference category. Eatlentl represents the number of sample
observations whose map category is the row labdl vanose reference category is the
column label. This table gives a visual overvievilaf map accuracy results and introduces a
first estimate of two kinds of per class accuragierent in the classification system: user's
and producer’s accuracies for each cover type (Q&82). The first is the proportion of a
mapped land cover class that was classified inrdeocme with the reference, while the
second is the reference proportion of that classwhas correctly mapped. Once the sample
observations are compiled in this kind of table, e make unbiased estimates of those

accuracies of interest. Most land cover cartograpleguracy estimators, e.g. user’s,
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producer’s and overall accuracies, can be formdlatan marginal totals of the contingency
table. Therefore, they can be simply estimatechkyHorvitz-Thomson (HT) estimator or as
a function of HT estimators. In addition, estimatoprecision can be improved at the
analysis stage by post-stratified estimation (C4QB2). Post-stratified estimators, which
demand the integration of auxiliary variables ia #stimation, are always available for land
cover maps accuracy assessment because categasyasecknown in the map and can be
used to increase estimator precision. This estonagchnique increases the complexity of
the analysis, but usually incurs no additional damgpost (Stehman and Czaplewski, 1998;
Stehman, 2001). Weighting estimation of overall ged class accuracies by mapped land
cover classes’ areas is well illustrated by thenidas for stratified sampling in land cover

cartography assessment presented by Card (1982).

To reduce sampling efforts, the sample collectedufh a stratified random sampling
design for some basis land cover map must be reinsdte estimation of overall and per
class accuracies of revised maps. The land cowsses in the revised maps can be
considered as subpopulations or domains represantdtstrata (land cover classes) of the
basis map. The accuracy estimators for newer magsept some complications, as stated by
Cochran (1977, Chapter 5), because the numbersgfredtions in the sample that fall into
each domain is a random variable. Since obsenaatiorthe sample are assumed to be
observed without error, the only randomness inntioelel comes from the probabilities of
selection which depend on the sampling design. Yesemt the formulas for the overall and
per class accuracies estimators, and their respeetiriance estimates, for newer maps

following a domain estimation method.

7.3.1.Description of estimators

The accuracy estimators cannot be correctly derfvech a contingency table unless the
sampling survey which was followed in collecting ttample is known. At least, intelligent

inferences to the underlying population cannot been(Card, 1982). A proper procedure for
the estimation of the population totals, varianaed confidence limits, to be used under a
stratified random sampling approach, was presehted€ochran (1977, Chapter 5), and

designed for map accuracy assessment by Card (1688J (1982) points out that, for the

stratified sampling case, the overall proportiorcafrectly classified individuals in the map,

given the “reference” land cover categories, shawtbe simply estimated by the diagonal
entry divided by the row sum of the contingencyld¢albecause of the bias introduced by
possible differential sampling rates within mapegaties. Therefore, the overall and per

class accuracy estimations that will be used tduat@ the land cover map should include
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the known areas (marginal distributiondNy) of each map categonjh)(to improve the
estimation of the proportion of correctly mappediwduals. In practice, suppose that a
sample ofn observations is located on the map and the randamable G, i.e. the
“reference” land cover category, is determinedgfach sample observation in each stratum
(h = 1, 2,...,H map categories). Both land cover categories adsemtor sample
observations can be tabulated in a two-way squamgngency table, as shown in Table 7.1,
where n,q is the number of sample observations whose maggost ish and whose

reference category @

Table 7.1. Sample error matrix.

Reference land cover category

5 G G, -+ Gy |RowTotal

E_ - Hy My My - My M

55 E

28 = H, Ny Ny +r My Ny

O g ®© . . . . . .

(5] a‘ = :

288

8 Hy My My o Mg Ny
ColumnTota | ny N, -+ Ny n

In a stratified random sampling, the sample sizsspratump, , are specified in advance of
the sample collection according to the survey sangpdpecifications, and each stratum is
sampled independently of the other strata. Thusafstratified sampling design, in which
the strata are the map categories, the row totalsare fixed, but the column totals,, are
random variables that depend on the observed sampéeldition, and considering that the
thematic map consists of pixels, the pixel totals for each land cover catggn the map,
Ny, are known, but the pixel totals for each refeeelamd cover categoryy,, are unknown.

Similarly, all entriesNyg, within an hypothetic population error matrix ateo unknown.

We finish this paper by presenting the details altbe unbiased derivation of the user’s,
producer’s and overall accuracy estimators andeiye variance, under a stratified random
sampling survey. These estimates followed the teghhat Card (1982) published in the
framework of accuracy assessment of land cover mépte that these derivations are an
extension of the general formulas for stratifiednphng estimation presented earlier by
Cochran (1977, Chapter 5). Suppose that:

N — number of pixels in the map;
N» — number of pixels in the map categbry

Nh1 — number of pixels in the map categbrghat correspond to same reference category;
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Ny — number of pixels in the reference cateqmry
ny, — number of pixels in the sample collected in roa@goryh;

Nhg — NUMber of pixels in the sample collected in mafegoryh that intersect reference

categoryg;

N, — number of pixels in the sample collected in roagegoryh that correspond to same

reference category.

The overall accuracy estimation for the map, he.groportion of correctly classified pixels

in the map, is

(]

-~ _ 1 N
=<2 (7.1)

h=1 Mh

and the respective estimated variance
V(B = Z(ﬁjm{”—“@”—“ﬂ (7.2
¢ &N NN, | Ny n, '
The user’s accuracy estimation for each land colass in the map is

~ n
Rc =% (7.3)
Ny

and the respective estimated variance

e N | 1 Ny Ny
VR, )=1-—"2 | — | -1
( h,c) ( Nh] nh _1|:nh ( nh J:l (74)
The estimation of producer’'s accuracy under aif@g@trandom sampling survey must be

calculated using an unbiased estimation of the fatipn unknown quantitiedl,; and Nj.

Their unbiased estimators are:

. N
N =—ny (7.5)
N,
H
. N
Ng =Zn_hnhg (7.6)
h=1 ''h

Then, the producer’s accuracy can be viewed acafathese two estimators as follows:
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)

hl

Py = (7.7)

)

g

and the respective estimated Mean Square Error [MSE

<o e e
(7.8)
R G oS-

For revised maps, the accuracies of interest caraloellated through domain estimation, as
presented by Cochran (1977, Chapter 5) and Saenahl(1992, Chapter 10). Suppose that:

Nhg — number of pixels in the basis map cateduotiyat correspond to revised map domain
d;

Ny — number of pixels in revised map domdijn

Ng1 — number of pixels in the revised map domaithat correspond to same reference

category;

N — Number of pixels in the sample collected in $avbp category that intersect

revised map domaid

nha1 — NUMber of pixels in the sample collected in asap categori that correspond to

domaind and reference categody

Overall accuracy estimation for the revised map is

s _1lx Nha1
c,n _NZNh — (7-9)

and the respective estimated variance

(Pen) = Z( J Nnh“{gn“‘”{l—in“‘”ﬂ (7.10)

User’s accuracy estimation for each domain in évised map is

H
Isd,c = Mnhdl (7.11)
Ny = Nyq

124  The contribution of multitemporal information framultispectral satellite images for
automatic land cover classification at the natioseéle



Hugo Miguel Saiote Carrdo

and the respective estimated variance

Npg Nhat | 1 _ Mhat
V(Py.) = Z( } N, |:nhd (1 - ﬂ (7.12)

and respective estimated

The estimation of producer’'s accuracy for the redisnapp

g.cn’?
MSE, can be simply derived by employing formulas7)7and (7.8) with the correct

substitutions.

We can now write the approximate confidence interfar each generic estimate as

ﬁiza/z[\/(ﬁ)]yz, whereZ, ,is the standard normal deviate for the desiredidente level 1-

a.
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Abstract

This paper introduces a reference sample datalbedeged by the Remote Sensing Unit of
the Portuguese Geographic Institute for the acguaasessment of medium scale land cover
products in Portugal. The goal is to provide theldiwide remote sensing community with
sufficient data for the accurate estimation of alleand per class proportions of correctly
classified area in regional and global land covedpcts at this part of the globe. This is a
massive database that encloses various descrigtiibutes for each sample observation,
namely primary and alternate reference land coabkels, nominally scored interpretation
ratings and location confidence ratings. We presendetail the attached land cover
nomenclature and the database design, i.e. thelisgngesign used to collect sample
observations, as well as the process used to fgehé most pertinent reference land cover
label for each observation. In addition, we brieflgscribe some statistics about attribute
information that was recorded for each observatio that can be used as auxiliary

information for the accuracy assessment of lanéicproducts.

Keywords: reference sample; accuracy assessmeiined and global land cover products;
MERIS; MODIS; Portugal.

8.1. Introduction

The increasing availability of remotely sensed détguently acquired by medium spatial
resolution sensors, such as the MEdium Resolutitaging Spectrometer (MERIS) and the
Moderate Resolution Imaging Spectroradiometer (M&DYields the increasing production
of land cover maps at regional and global scalbes@& products serve as primary input data

for several land surface models and are extremalyable for the study of land cover
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change resulting from deforestation and environaledggradation that violate international

treaties, such as the Kyoto Protocol [1].

Even though low and medium scale land cover pradiudgs increasing, most having great
significance in a wide area of applications, staddgperational protocols for their accuracy
assessment do not exist [2]. Accuracy assessmemiaéss general and specific qualities of
the derived land cover products so that users majuate their utility for specific
applications [3, 4]. Users should not take a magaaé value without some associated
estimate of error [5]. Thus, accuracy assessmeanildhbe an integral component of any
mapping project based on remote sensing data. Howaucuracy assessment is very often
neglected due to several constrains, namely: 1yailadility of updated and date consistent
high resolution data for reference land cover appraent; and 2) accuracy assessment is

timely and economically expensive.

In this paper we present a reference sample datatm®loped by the Remote Sensing Unit
(RSUV) of the Portuguese Geographic Institute (I®P}the accuracy assessment of medium
spatial resolution land cover products in Portuddle database was initially conceived to
support an ongoing research work that aims at deiry a systematic classification
methodology for the regular production of user einvand cover products from medium
spatial resolution satellite imagery. However, tifort was lengthened in order to provide
reliable and up to date reference sample data tsed in the framework of other national
and even regional/global land cover programs. Tded & to focus interest in the accuracy
assessment of land cover products, thus reinfortingmportance in the dissemination of
reliable land cover data to end users. The datalwaseproduced for the reference year of
2005 and each stored observation represents thailprg land cover occupying a square
area of 300 m at Earth’s surface at that time. W& aurrently adapting this reference
database for 500 m pixels area. The effective egfptin of this database has already been
experienced in the comparison of land cover praddetrived from MERIS and MODIS
single date images [6] and on the validation ofaadl cover map derived from the
classification of multi-temporal MERIS imagery [/Next we introduce the land cover

nomenclature, the database design, and providefaabalysis of database features.

8.2.Land Cover Nomenclature

Database observations match up to a certain geuigedpspot within the Portuguese
territory and are organized according to the laoekec that best portray that area. There are
23 classes composing the adopted nomenclaturey @mfitted LANDEO, which were used

to describe land cover within each sample obsemwafihe cover types were planned by the
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RSU to be used in the production of land cover matpsational scale, and were defined
through the Land Cover Classification System (LCG8m Food and Agriculture
Organization (FAO) [8] (Table 8.1). The rationalehind the development of the
nomenclature was three-fold: (1) a nomenclaturd thawell adapted to the type of
landscapes existent in regions with characterisiicslar to the Portuguese mainland, (2) a
nomenclature that is compatible with establisheesde.g. CORINE Land cover) in order to
turn possible the comparison between our maps #mefousing different nomenclatures,

and (3) a nomenclature that matches the spatialutés of used satellite imagery.

Table 8.1. Land cover classes and respective nuafloedlected sample observations. See Table 8.2dlumns

titles.
Land Cover Class L1 L2 MC1 MC2
11. Continuous Artificial Areas 25 26 4 3
12. Discontinuous Artificial Areas 43 40 64 62
21. Rainfed Herbaceous Crops 113 79 88 109
22. Irrigated Herbaceous Crops 38 32 66 45
23. Rice Crops 29 25 12 0
241. Permanent Evergreen Crops (Trees or Shrubs) P0 23 46 59
242. Permanent Deciduous Crops (Trees or Shrubs) 15 18 33 27
25. Mosaic Cultivated and Managed Lands 74 76 - -
311. Broadleaved Closed Trees 85 67 31 16
312. Broadleaved Open Trees 76 85 35 55
321. Needleleaved Closed Trees 99 80 54 24
322. Needleleaved Open Trees 27 34 6 8
331. Mixed Closed Trees 46 49 58 30
332. Mixed Open Trees 30 42 18 18
34. Closed to Open Shrubland 203 211 110 126
35. Closed to Open Herbaceous Vegetation 62 107 34 56
36. Sparse Vegetation 31 34 6 14
38. Recently Burnt 62 38 26 25
37. Mosaic Trees/Shrubs/Herbaceous 18B 148 - -
41. Mosaic Cultivated and Managed Lands/Natural @emhi-natural
areas/Artificial Areas 459 459 ) )
5. Permanent Wetlands 13 13 4 5
6. Barren 8 22 8 13
7. Water Bodies 152 152 18 28

8.3.Database Design

The process of doing the reference database foadberacy assessment of medium spatial
resolution land cover products in Portugal invoheedetailed review of the state of the art.
This phase guide us in the definition of a numbérfundamental steps required to

accommodate the necessary information for futumieggions of the database. As a result,
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the database production process can be describednassting of two main parts: 1) the
survey sampling, namely the definition of the refere sampling observation and the
selection of the most adequate sampling desiggdographical random sample collection;
and 2) the so-called response design [3], whiclsistsion the evaluation of the variable of
interest at each sampling observation, i.e. reterdand cover labels identification by visual
analysis of high spatial resolution aerial imagétgxt we detail each of these components,

providing a synopsis of the main aspects takenantmunt during database construction.

8.3.1.Reference sampling observation

The reference sample observation serves as the elsnent of comparison between the
land cover map classification and the referencétroe” classification. Sample observations
can be a point or an area and their various formdsralative advantages and disadvantages
for land cover maps accuracy assessment are exarmingetail by [3]. In the context of
large-area land cover cartography assessment,edefrom pixel-based classification of
medium spatial resolution satellite imagery, theglg observation is usually the minimum
mapping unit of the map (i.e. pixel), which dimemsis identical to the spatial resolution of
the source imagery [9, 10]. In accordance, eachpkagnobservation in the database was
labeled as the most distinguishable land coversclals a specific geographical spot
representing a nominal area of 300-by-300 m athEasurface. The selection of a reference
sample observation with this specific square araa @stablished to be in accordance with
the original purpose of the database, i.e. to ewalthe accuracy of national land cover

products derived from 300m spatial resolution MERé&el 2 Full Resolution imagery.

8.3.2.Sampling design

The first step in this phase was to define the gmate technique to geographically select
the reference sample observations that will canstithe reference sample. The set of rules
that must be used in this process is entitled sagmlesign [11]. In a random sampling
design the inclusion probabilities are known fdreééments in the sample and are non-zero
for all elements in the population [4]. A statistly rigorous sampling random design (e.g.
simple random, stratified random, cluster, and ewstic sampling) contributes to a
scientifically defensible accuracy assessmentmd lzover products, and such designs must
be used because of their objectivity [3]. If thi not the case, overall and per class
accuracies estimates become entirely dependenssarmgtions and, as such, will be very
difficult to defend in a confrontational setting].[8Basic sampling designs, such as simple
random sampling, are frequently appropriate fodlaaver maps accuracy assessment [12].

Often, however, it is impractical to follow suchhgaling procedures. This is because there is
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a need to ensure specified sample sizes per lamt ctass to achieve more precise accuracy
estimates for rare strata, and sample does notreenttiat all classes are adequately
represented. Stratified random sampling must béiexpprhen there is a need to ensure a
minimum sample size in each stratum to derive peeaccuracy estimates for all land cover
classes presented in the map [11]. Moreover, Stiradi by mapped land cover classes may
be used to achieve more precise estimates thardvib@ubbtained from simple random or
systematic sampling without stratification [4]. Theesented complexity of this process is
that if design includes an unequal probability skmgp e.g. stratified sampling with equal or
optimal allocation, then the inclusion probabibtief observations determined by the design
must be known and incorporated in the estimatibthd inclusion probabilities are known
and its presence is recognized, then the consisteniterion of statistical rigor is readily

satisfied in practice by incorporating them in #fteuracy estimation [3, 11, 13].

To produce a reference database large enough tareemsecise per class accuracies
estimation for all cover types presented in LANDEBOmMenclature, it was necessary to
perform a stratified random sampling selection b$ayvations. The difficulty inherent to
this approach was the a priori inexistence of & leover map including the same classes to
be used as strata. Thus, we decided to automgtipatiduce a primary map based on
MERIS Level 2 Full Resolution imagery data from Aigg2005 to serve as strata for sample
observations allocation. This map was producedguaiset of approximately thirty sample
observations per class that served as input tigidata of a Maximum Likelihood (ML)
classifier. Overall map accuracy was assessed asimgdependent sample of approximately

the same size of the training set and estimatedbast 63%.

The next step was to define the appropriate sasipke to be collected per mapped land
cover type. In general, the larger the sample thiegegreater the confidence one can have in
assessments based on that sample. Several ausiversurggested methods and guidelines to
estimate the appropriate sample size. The goal jisdvide accuracy estimations preferably
with small variance estimates at some high levetasffidence. Along years, main authors
have used an equation based on the binomial appatixin to the normal distribution to
estimate the required sample size for the accumasgssment of land cover maps (e.g. [14]).
Reference [13] states that this approach is dtatilst sound for estimating the sample size
needed to estimate the overall accuracy of a €ieatsbn or the accuracy of a single land

cover category.

An absolute precision of 10% in per class accuestimation is sufficient to prosecute our

requisites. This implies a collection of 100 sampleservations per class to provide that
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precision at 95% level confidence, even if per <lagcuracy is 0.5 [15]. Thus, we
guaranteed that 100 sample observations were tallger mapped class. Note that for the
accuracy assessment of upcoming maps with differever types we can still use this data
to estimate overall and per class accuracies. Heryabsolute precision of estimates may be
larger than 10%, according to the spatial distrdyutof those cover types, from now on
entitted domains. For a detailed description on howestimate overall and per class

accuracies based on domain estimation, pleasg16hd

8.3.3.Reference imagery data

The identification of the cover type most typical éach sample observation requires the
visual analysis of high spatial resolution remotased imagery or even field check. The
former is timely and economically expensive, sodeeided to use high spatial resolution
aerial imagery to identify the most adequate laadec type at each sample observation.
Reference land cover labels were derived by vianalysis of orthorectified aerial images

acquired during the years of 2004, 2005 and 2006 @vering the whole Portuguese

territory; these images have the following chanasties: four spectral bands in the blue,

green, red, and infrared wavelengths; and 50 crtiabpasolution. The bounds of sample

observations, randomly selected for each cover, tyeee identified using a 300-by-300 m

fishnet covering the entire Portuguese territory.

8.3.4.Image interpretation

This phase may be considered as the most impoatadhtfrail of the reference sample
database production. At this stage, four imagepnéters were escorted in the identification
of the most reliable land cover type characterizagh sample observation. Reference [12]
suggests that an uncertainty in the confidenceirgfles class labeling using the available
reference data can significantly influence the a@paaccuracy of a classification. Thus, to
avoid confounding classification and location esrgorimary and alternate reference land
cover labels must be identified and characterizedigual interpretation of aerial images for
each reference sample observation. This processdmaas in a blind format in that the
interpreters did not have knowledge of the primagp classification for each observation.
After image interpretation training, performed smuce individual subjectivity in reference
label assignment, image interpreters collected amymand alternate reference land cover
labels for sample observations and surroundinglgiXéis process was executed repeatedly
for each observation by all image interpreters éduce uncertainty whenever the label
identification was not clear. When this happenathge interpreters altogether examined

critically the situation and jointly decided forethmost adequate label. Additional auxiliary
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information, such as intra-annual time series offhadized Difference Vegetation Index for
each sample observation, was used to complemeritaie visual analysis of single date
aerial imagery. Nominally scored interpretation dadation confidence ratings (ICR and
LCR, respectively) were also specified for eacheobstion, as suggested by [10]. These
ratings allow the use of a scale of error in theuaacy assessments rather than simple and
perhaps overly severe interpretations of groundh dao]. In Table 8.2 we present a
description of the label and auxiliary informationllected for each sample observation

recorded in the reference database.

8.4.Database Analysis

In this section we briefly present some statistiescribing the reference label of sample
observations integrated in the database and af thgpective attributes. Recurring to Table
8.1, we perceive that the number of observatiorkeated per reference class is quite
different from the 100 established per map classs & due to some classification errors in
the primary map that was used as strata, but itneil affect the effective utilization of the
reference database in future applications. Thercepsion is that absolute precision of
accuracy estimations for other maps may be latger the foreseen 10%, as stated by [16].
Independently, these outcomes reveal the importahdke stratified sampling design for
sample selection. Some classes, such as ContirArtfisial Areas and Barren, are not too
abundant in the Portuguese landscape, and woulbenprevalent in the final sample if a

simple random sampling design has been used feeléstion.

Table 8.2. Attribute Information Collected for Inteeting Agreement Between Map and Reference Data.
Adapted from [12].

Information from Reference Source
(1) Primary reference label (L1): land-cover lattelught to be most correct by image interpreter.

(2) Alternate reference label (L2): land-cover labat might also be considered correct given imiation in the aerial
image. An alternate reference label must not beiged if the image interpreter's primary referetedeel is believed
unambiguously evident.

(3) Most abundant cover type within a mosaic obestion (MC1) and second most abundant cover typledrsame mosaic
observation (MC2).

(4) Other information on land cover, such as: cteds; mineral extraction sites; construction sitesl salines.

(5) Image interpreter confidence rating (ICR): noatiranking of image interpreter’s certainty inritliéying the primary
reference land-cover label. Rank values range frdnot confident) to 3 (very confident).

(6) Location confidence rating (LCR): nominal sctelocation of sample pixel: 1 = on the edge hestwtwo land-cover
classes; 2 = homogeneous area of land cover; arfieBrogeneous area of land cover.

(7) Date: day, month, and year of aerial image Bitipn.
(8) Notes: entries for any other factors that mfégcaimage interpretation (e.g., temporal change).
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We now proceed with the analysis of ICR and LCRDb{&a8.3). Statistics show that
reference label interpretation of sample obseruatizvas very often considered as “very
confident”. This is due to the fact that all sampheservations were successively interpreted
by the four image interpreters, thus reducing theettainty in reference labeling. Location
confidence ratings do not present any predispositieflecting the fragmentation of the
Portuguese landscape, ranging from homogeneougptessively heterogeneous land cover
areas at a 300-by-300 m spatial resolution. Howetves may anticipate a truly difficult
task, i.e. the automatic characterization of theugpiese land cover with medium spatial

resolution satellite imagery.

Table 8.3. ICR and LCR statistics for reference dawmbas

Code ICR LCR
1 396 632
2 164 707
3 1340 561

8.5.Conclusion

A reference sample database for the accuracy assetsof medium scale land cover
products was produced for the conterminous Porsgteritory. The development phase is
concluded, but the database will be continuousijatgd — depending on the availability of
reference data — to be timely effective. This dasabis presented in the website of RSU

(www.igeo.pt/gdr) and can be provided by request.
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Carrdo, H., Aravjo, A., Gongalves, P. and Caetdvlo,(2008). Multitemporal MERIS
images for land cover mapping at national scale:d#fise study of Portugdhternational

Journal of Remote Sensirg be published.

Abstract

Medium spatial resolution satellite images alrequgved successful in the automatic
production of global land cover maps. However, rtheperational use for land cover
mapping at national scales was not yet well suasked/e claim that reasons are not data
source dependent, but due to adopted land coveremdatiures properties, regional
landscapes specificities and used methodologigatoaghes. The goal of this paper is to
evaluate the suitability for national applicatiasfsland cover maps derived from automatic
classification of medium spatial resolution satelimages. To tackle this issue, we produced
a land cover map of Continental Portugal from ntesttiporal MEdium Resolution Imaging
Spectrometer (MERIS) Full Resolution satellite ima@f 2005 and evaluated its accuracy.
For the accuracy assessment of the final map wepetad unbiased estimates of overall,
user’'s and producer’s accuracies using an indepeéridsting sample collected through a
stratified random sampling design. Overall accuratyfinal map was of 80% with an
absolute precision of 2% at the 95% confidence lletigh independent accuracy
assessment results demonstrate that medium speg@ltion satellite images can be used
on an operational basis for annual production oidl@over maps suitable for national

applications.

Keywords: Land cover classification; multitempoMERIS images; Linear Discriminant

Classifier; Portugal.

9.1. Introduction

Automatic production of land cover maps for globablications is in constant expansion.
The reasons are clear: medium spatial resolutiosass, such as the Moderate Resolution
Imaging Spectroradiometer (MODIS) and the MEdiuns®ation Imaging Spectrometer

(MERIS), exhibit high spectral and temporal resohs, wide geographical coverage and

improved atmospheric correction. Indeed, the langenber of spectral bands turns it
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possible to identify more detailed land cover aaswith higher accuracy than would be
possible with data from elder sensors with simiéanporal and spatial resolutions, such as
the Advanced Very High Resolution Radiometer (AVHRorak and Strahler 1999).
Besides, they also outperform sensors collectiregtspl data at higher spatial resolutions,
such as Landsat, which are not adequate to auiatigtand efficiently derive comparable
land cover products for large areas (DeFaesl. 2000). Data from satellites with higher
spatial resolutions have incomplete spatial coweragfrequent temporal coverage with
inevitable cloud contamination, and the associddege volumes are not practicable in an

automatic land cover classification context.

MODIS data already proved successful in the pradaocof a global land cover map,
MODIS Land Cover (MOD12Q1), with principal objedatito improve our understanding of
the extent and of the distribution of major worldeiland cover types (Hodges 2001, Friedl
et al 2002). Similarly, MERIS data will be used to puod a global land cover map for year
2005/2006 in the framework of the GlobCover initiat(Arino et al. 2007). This land cover
product of 300 m spatial resolution will update ammmplement other existing global land
cover products, such as the Global Land Cover A@I0C2000) derived from Systeme
Probatoire d'Observation de la Terre (SPOT) VEGEION daily 1-km data for the year
2000 (Bartholomé and Belward 2005).

Although these land cover maps were optimized foba applications (Giret al. 2005),
they are regularly updated and used as primarytidata for national applications. For
instance, it is the case for analysis of land c@langes that violate international treaties,
like Kyoto Protocol (Wuldeet al.2006). However, the use of global land cover potsléor
particular areas of interest may not meet usegglirements. According to Giet al.(2005),
global land cover products present high overallnmaitch (41%) with detailed land cover
classes and moreover agreement is highly variableng regions. Such divergence can be
explained by differences in the definition of lamdver classes, input data sources,
classification methodologies, and spatial detadeduin image classification (Gigt al.
2005). Moreover, it is reckoned that these glolatipcts present smaller overall accuracies
for certain particular areas of interest than depidy producers. For example, MOD12Q1
producers claim overall accuracies between 75-8BWb €t al. 2005), whereas the validation
of this product for Portugal does not exceed 57ty (Cerdeirat al. 2006). In addition,
comparison of MOD12Q1 with Co-ordination of Infortic@ on the Environment
(CORINE) Land Cover map for 2000 (CLC2000, EEA 200&ithin the same region,

showed an only 50% agreement between the two prodQaetano and Aradjo 2006).
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To meet users’ needs for regional and nationaliegins, several research studies focused
on the automatic production of land cover maps froedium spatial resolution satellite
images. MODIS data was used in several regionaraxental applications: production of a
landform map of North Africa (Ballantinet al. 2005), regional land cover mapping to
monitor biological conservation in the Great Yelkiane Ecosystem (Wesselsal 2004),
and land cover classification over the Yellow Ribasin, China (Matsuokat al 2004), to
cite but a few. Similarly and most recently, MERI&ta was also used for: land use-land
cover mapping in Spain (Garcia-Gigoebal. 2007), land cover mapping in the Netherlands
(Cleverset al.2007), and land cover mapping in Wisconsin, USAget al. 2007). Indeed,
automatic classification is required because opmralt land cover programs at national
scales, that resort to visual interpretation anduahclassification of high spatial resolution
remote sensing data, such as CORINE Land Cover (EBJR), are time consuming and

economically expensive.

The efforts made towards development and desaniptfoautomatic techniques for land
cover classification are promising, but the accyrassessment of derived maps is either
insufficient or incorrectly reported. Land coverogucts are frequently assessed using
“unseen training sites”, e.g. Dagh al. (2007). In this situation, map accuracy measures
become entirely dependent on assumptions and,chs da not provide users with unbiased
estimates of map overall and per class accuraSiehiran 2001). Similarly, rather than an
accuracy assessment exercise, authors often contipaireland cover maps with other
existing land cover products in order to identif§yfetences and/or obvious errors, e.g.
Garcia-Gigorroet al. (2007) and Clevergt al. (2007). This approach, referred to as a
“confidence-building approach” (Strahler 2002), sla®t provide users with information
about the estimated accuracy of the final map. Hefrequently used accuracy assessment
designs are neither sufficient to properly evaluae true accuracy of derived land cover

maps nor statistically sound.

In this paper we evaluate the suitability for natibapplications of land cover maps derived
from automatic classification of medium spatial oletion satellite images. Although

effective accuracy assessments of global land coagss for particular areas of interest
revealed inadequate for national applications, wkebe that data source is not primarily
responsible. Indeed, we claim that origins are igdoin homenclature properties, regional
specificities, used methodological approaches,naoik precisely to inadequate training data
sets. To support our claim, we derived a land caouwap for Continental Portugal from

automatic classification of multitemporal MERIS iges for the year 2005, and evaluated its
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accuracy through a random sampling design. Our edelbgical approach decomposes in

three steps:

Definition of a land cover nomenclature that fitsllWhe landscape characteristics of

our study area and that can be easily paired witbranvomenclatures;

Independent classification techniques for intratehstationary (e.g. artificial areas)

and for transient (e.g. burnt areas and clear tansl) cover classes;

Adequate estimation of final map overall and passlaccuracies.
To complement our map evaluation, we comparedth wireliable land cover map derived
for the Portuguese territory from visual analydishigh resolution satellite data (CORINE
Land Cover map for 2000). This study is the comensive outcome of previous
experimental results attained by the Remote Sendinig(RSU) of Portuguese Geographic
Institute (IGP):

Definition of a land cover nomenclature well adapte Portuguese territory (Carrdo
et al.2007a).

Evaluation of Linear Discriminant Classifier (LD@r land cover mapping with
adequate training data (Carrétoal. 2006a).

Classification gain by using multitemporal imagegta (Carrdoet al. 2007b,
2007c).

Use of vegetation index differentiating technigdes accurate mapping of areas
with intra-annual vegetation decreases (Armas aeta®o 2005).

Application of a statistical random sampling designthe accuracy assessment of

medium spatial resolution land cover maps (Caetfad. 2007d).

9.2.Land cover nomenclature

The Remote Sensing Unit (RSU) of Portuguese Gebgrapstitute (IGP) has recently
recommended a land cover nomenclature (Casé@i@l 2007a) to be used in regular
production of user driven land cover products fadtirscale environmental monitoring in
Portugal. The adopted hierarchical nomenclaturditlesh LANDEO, encompasses 16
comprehensive land cover classes at the most digapgd level (Table 9.1). These classes
were defined using the Land Cover Classificationst&y (LCCS) from Food and
Agriculture Organization (FAO) (Di Gregorio and $an 2000). LANDEO nomenclature
includes land cover types that are consideredadi@sary along the year, e.g. artificial areas,
and others that undergo transient changes, sudbuad areas and clear cuts. In this
nomenclature, the number and the type of clasgesamparable to that of the Global Land
Cover (Bartholomé and Belward 2005) and the Intwnal Geosphere-Biosphere
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Programme (Belwardet al. 1999) nomenclatures. The intentions behind LANDEO
development were three-fold: (1) a nomenclatureithavell adapted to the characteristics of
landscapes existent in regions similar to Portuguesitory; (2) a compatible nomenclature

with established ones to permit comparison witheptimapping products; and (3) a
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nomenclature that can be used with different spegsolution satellite images (Carrébal.

2006a).
Table 9.1. LANDEO land cover nomenclature at thestnaisaggregated level.

Label | Land cover class Class description
The land cover consists of a permanent mixtureasewand vegetation. The

5 Wetlands h ) -
vegetation can be present in salt, brackish, shfieater.
The land cover consists of natural areas withtless 15% of vegetation

6 Bare to sparsely vegetated areas cover during all time of year. It includes are& Ibare rock and sands.
The land cover consists of natural/artificial wadtedies. Can be either fresh

7 Water :
or salt-water bodies.

11 Continuous artificial areas The land cover consists of aruﬂmgl areas (ewgldings, roads). At least
80% of the total surface must be impermeable.

12 Discontinuous artificial areas The land cover consists of artlflmal areas (ewgldings, roads). Between 3(Q
80% of the total surface must be impermeable.

e The land cover consists of rainfed herbaceous ciidpsse crops are
21 Non-irrigated herbaceous crops annually harvested and followed by a bare soilqaeri
’ The land cover consists of irrigated herbaceougscrohese crops are

22 Irrigated herbaceous crops annually harvested and followed by a bare soilqgaeri

23 Rice crops The land cover conS|s_ts of'rlce crops. These caopsinnually harvested and
followed by a bare soil period.

242 Vineyards The land cover consists of permadeciduous crops, namely vineyards.

34 Shrubland The land cover consists of woody vegetation (shrulith more than 15%
cover and with less than 5 m height. Tree coviass than 40%.
The land cover consists of natural and cultivatedb&aiceous vegetation for

35 Grassland livestock feeding with more than 15% cover. Tred ahrub cover is less
than 40%.

38 Burnt areas and clear cuts 'I_'he main layer consists of closed to open treehrbs affected by forest
fires or clear cuts.

311 Broadleaf forest The land cover consists of broadleaf trees witleagt 5 m height and with g
crown cover of more than 40%.
The land cover consists of broadleaf trees witleagt 5 m height and with 4

312 Agro-forestry areas crown cover between 15-40% and with understorycagitiral systems.

321 Needleleaved forest The land cover consists of needle leaf trees witbast 5 m height and with
a crown cover of more than 40%.
The land cover consists of a mixture or mosaicroflleaf and needle leaf

331 Mixed forest trees with at least 5 m height and with a crownec@f more than 40%.
None of the tree types exceeds 80% of the mixtureasaic.

Regarding this last intention, let us mention thigudat our nomenclature does not include

mixed classes. However, at coarse imagery spasilutions land cover homogeneity is

hardly guaranteed within a pixel area, hence mo&igare likely to contain features from

two or more distinct homogeneous classes (Cagtdal. 2007b). Thus, we decided, in
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accordance with Cihlagt al. (1996) and Hanseet al. (2000), to assign mixed areas to the

dominant land cover type within a pixel and notlassify them as mixed.

9.3. Study area

We focused our experiences on the Portuguese méditdaritory. The country has an area of
approximately 89 000 kfrand ground altitudes ranging from 0 to 2000 m absea level.
According to Caetanet al. (2005), in 2000 the agricultural areas occupieblo 33f the
country, closely followed by semi-natural areas%33and forest (27%), while artificial
surfaces comprise only 3% of the total land coRertugal is in a transition region featuring

diverse landscapes representing both Mediterraaeditlantic climate environments.

9.4.Dataset

The data used to perform this study are divided(i):training and testing data: MERIS
images collected for automatic mapping of land caypes; and (2) ancillary data: existing
land cover cartographies and aerial images usedraplementary information for reference

land cover type’s identification.

9.4.1.Source data

MERIS sensor is on board of Environmental Satel{E®NVISAT), an advanced polar-
orbiting Earth Observation (EO) satellite launclgdhe European Space Agency (ESA) in
2002. This sensor allows a global coverage of @ughEn three days, and provides the most
radiometrically accurate data on Earth’s surfaeg ihcurrently acquired from space (Curran
and Steele 2005). MERIS data consist of calibra@dace reflectances in 15 groups of
wavelengths (ranging from the visible (390 nm)he tear infrared (1040 nm)). In addition,
they contain geophysical parameters and qualitysflarovided on a pixel basis, which

address the quality and the validity of surfacéemfnces.

In this study we exploited two different sets of RIS images with 300 m nominal spatial
resolution. Both sets of images were atmospheyicadirrected for Rayleigh scattering,
ozone, water vapour absorption, aerosol content difidrent illumination and viewing
geometries. For stationary land cover classes'tififsation, we used a set of 6 bimonthly
MERIS Full Resolution (FR) images composites, ragdirom May 2005 to April 2006,
freely available from lonia GlobCover website (bfipnial.esrin.esa.int/). Before
compositing, an additional correction scheme wasieg to these images in the framework
of GlobCover project. This correction consistediroproved cloud detection, atmospheric
correction, geolocation and re-mapping, as fullgadibed in Arinoet al. (2007). Then, for

each spectral band, the average surface reflecteamsealculated from all valid observations
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during two consecutive month’s period. Bimonthlyrpwsites were derived for 13 spectral
bands (original bands 11 and 15 were removed dimey address ©Ocontent and water
vapour, respectively) and for tiNormalized Difference Vegetation Ind@DVI). This way,
each sample observation is a time series of 6 himopoints lying in the 14 dimensional
space [0, If x[- 1, 1] corresponding, respectively, to the surface redlezes and to the

vegetation index of a 300 m-by-300 m square area.

For intra-annual transient land cover classes'tifleation we resort to 2 NDVI maps, from
September 2004 and 2005, computed from MERIS L2¥R images.

9.4.2.Ancillary data

As ancillary data we used: (1) orthorectified deifi@ages with four spectral bands in the
blue, green, red and infrared wavelengths, and 8ftltm spatial resolution — these aerial
images cover the whole Portuguese territory anaweequired during years 2004, 2005 and
2006; and (2) five different existing land covertographies that map the entire Portuguese
territory: CORINE Land Cover maps of 1990 and 200DC'90 and CLC2000), 1990 Land
Cover Map (COS’90), National Forest Inventory (IBN) and Forest Cartography
(CFE’'95). CLC2000 was in addition used to completrtbe evaluation of our final land

cover map. Hence, we present in Table 9.2 the CDC28ap nomenclature.

Table 9.2. CLC2000 level 3 nomenclature.

111. Continuous urban fabric 311. Broad-leaved forest

112. Discontinuous urban fabric 312. Coniferous forest

121. Industrial or commercial units 313. Mixed forest

122. Road and rail network and associated land 321. Natural grassland

123. Port areas 322. Moors and heathland

124. Airports 323. Sclerophylous vegetation
131. Mineral extraction sites 324. Transitional woodland / shrub
132. Dump sites 331. Beaches, dunes, sandplains
133. Construction sites 332. Bare rock

141. Green urban areas 333. Sparsely vegetated areas
142. Sport and leisure facilities 334. Burnt areas

211. Non-irrigated arable land 335. Glaciers and perpetual snow
212. Permanently irrigated land 411. Inland marshes

213. Rice fields 412. Peatbogs

221. Vineyards 421. Salt marshes

222. Fruit trees and berry plantations 422. Salines

223. Olive groves 423. Intertidal flats

231. Pastures 511. Water courses

241. Annual crops associated with permanent crops 512. Water bodies

242. Complex cultivation patterns 521. Coastal lagoons

243. Land principally occupied by agriculture, watignificant areas of natural 522. Estuaries

vegetation 523. Sea and ocean

244. Agro-forestry areas
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9.5. Methodology
The land cover map of Continental Portugal derifredh MERIS FR images of 2005 was

developed in five steps that we describe thereaf@stly, we collected two reference
samples characterizing the reflectance of each ¢andr class within spectral wavelengths
measured by MERIS sensor. These samples were negkeindently for training and testing
purpose of our classification methodology. Afterdsarwe identified and removed outlier
observations from training dataset within each lamker class. Then we proceeded with the
map production process in two phases. In the ond,h&e produced a map with 15 intra-
annual stationary land cover classes using thergigpd Linear Discriminant Classifier
(LDC). In the second hand, we produce a map oédiatmual transient land cover classes
and overlaid it with the intra-annual stationarmdacover map. The map production was
concluded with a probabilistic accuracy assessnwntthe final product using the

independent testing sample.

9.5.1.Reference samples collection

We collected two reference samples of MERIS pixietgs were used separately for training
and testing purpose in our classification methogploNe used different processes for
training and for testing sets collection, in ortlemmeet the specificities inherent to each of

these tasks.

For each land cover class of LANDEO nomenclatureegtiof training observations was
deterministically selected using ancillary datsstxata. Transient classes were not included
in this process, since their classification was sopervised. To guarantee land cover
homogeneity within training sample, classes’ obations were selected preferentially in
geographic spots located in the centre of 3x3 MERX8Is of homogeneous land cover. The
goal was to reduce intra-class observations ditmiities due to possible geometric
disparities between multitemporal MERIS images. éttheless, we endeavoured at
spreading as much as possible classes’ observatimrsthe mainland territory, so as to
account for possible regional classes’ differences] to avoid geographic correlation

between adjacent pixels during classifier trairfiigmmond and Verbyla 1996).

For testing observations collection, a random samgpdesign was preferred. We selected
one hundred observations per mapped class in tvddtain a maximum absolute precision
of 10% in per class accuracy estimation at the 86fidence interval. The rationale and the
statistical justification of this approach is pressl in Cochran (1977, pp. 53). We selected
this sampling design to ensure that all mappedsetasvere equally represented in the

sample. Moreover, stratifying by mapped land cosdlesses’ yields better precise overall
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accuracy estimates than simple random or systensgtropling without stratification
(Stehman 2001).

Following the lines of DeFriest al. (1998), we overlaid a co-registered 300 m fishnet
corresponding to the MERIS FR data grid with theahémages for visual interpretation of
training and testing reference land cover samptesa-annual time series plots of NDVI
were used as auxiliary information to complemer Wsual interpretation of land cover
classes on unitemporal aerial imagery. We themuosgd four aerial images interpreters to
independently confirm our training observationsreap and to identify the most sensible
reference land cover class for each testing piket. every litigious pixel, a consensual
decision was taken by all four interpreters togeth@wever, at this spatial resolution, most
(randomly selected) testing pixels are likely totedn features from two or more distinct
homogeneous classes. Whenever identification ofl laaver types was not obvious,
interpreters collected primary and secondary refeeland cover classes for testing
observations, similarly as in Zhat al. (2000) and Wickhanet al. (2004), to cite but a few.
Primary land cover class is the one consideredeambst correct by image interpreter, while
secondary land cover class can also be considemdct given information in the aerial
image. We considered as correct a match betweenctaap and the primary or secondary
reference land cover class of testing pixels. Ibl@#®.3 we present the reference sample
sizes for training and testing. Note that the nundfetesting observations per class is not
100, because Table 9.3 relates to reference lavet ctasses and not to map classes used as

strata for sample collection.

Table 9.3. Reference sample sizes for training esiihig. Test 1 and Test 2 represent, respectitr@ynumber
of observations per land cover class collectedriasapy and secondary reference.

Label Land cover class Train Test1 Test 2

5 Wetlands 43 23 47

6 Bare to sparsely vegetated areas 45 64 51
7 Water 42 168 162

11 Continuous artificial areas 50 38 30

12 Discontinuous artificial areas 48 85 103
21 Non-irrigated herbaceous crops 59 174 135
22 Irrigated herbaceous crops 50 65 68

23 Rice crops 43 41 29

242 Vineyards 46 42 40

34 Shrubland 68 325 342

35 Grassland 55 338 218

38 Burnt areas and clear cuts - 62 36

311 Broadleaf forest 48 89 115
312 Agro-forestry areas 55 154 277
321 Needleleaved forest 54 133 162
331 Mixed forest 44 99 85
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9.5.2.Detecting outliers and cleaning training sample

Despite all the precision held in the collectiontbé training sample, it was sometimes
difficult to identify the most sensible referenemdl cover class for some observations, even
resorting to ancillary data. In this sense, it was surprising that the preliminary training
data set contained one or few unusual observati@isio not seemed to belong to the land
cover classes in which they were classified. Theswere led to develop some additional
treatment for outliers’ detection and removal frtnaining sample. Johnson and Wichern
(1998) state that based on a single characteristitsual observations data are those that are
either very large or very small compared to theemthlf the number of characteristics is
smaller than three, outliers can be roughly detebtevisual analysis of scatter plots. In the
case of remotely sensed data, where each obsenarcesponds to an image pixel and is
characterized by p-dimensional vectox = [xy,..., xp]T LR® of measurements gmspectral
bands and vegetation indices, outliers identifarattan be more complicated. For these
higher dimensional feature spaces, a more forméhaaefor identifying outliers is based on
the squared generalized distance, or Mahalanobtardie (Johnson and Wichern 1998).
Assume that there aid land cover classes in the adopted nomenclaturelddf; to Cy,
organized as a set of lab&ls= {C,,...,Cy}, and that each sample observation belongs to one
and only one land cover class. Ingtbe the number of observations in our training datZ

from reference classy, g = 1,...,M, andl(z)LUQ be the class label of observatphnZ. The

square generalized diStan(dE‘?rg , is computed as follows:

&2 =z, -y £, -fig)» ] = 1, ....ng, andg = 1, ..., M. (9.1)
The estimate@y multispectral mean is obtained by
A 1
Hg =~ Zzi (9.2)
and the estimated covariance matrix by

~ 1 A A
Eg_ng_ll(Zj)Z:C(ng ”9)(21' ”g)T- (9-3)

Assuming that each trainingrdimensional vector observation@mes from a land cover
classCy with multivariate normal distribution, and botreteample dimension, andng —p
are greater than 25 or 30, each of the squareahdissd’;, d*, ..., 0%y Should behave like
a y* random variable. A prior analysis of the multige normality assumption can be
performed for each land cover class using the ndettescribed by Johnson and Wichern

(1998, pp. 199). If assumption holds, we can comghe squared generalized distances
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results with thee?, distribution at some 100(@)% confidence level. I6%, is greater thag?,
(a), than we can reject the hypothesis that obsenvati belongs to the originally scored
land cover class. Moreover, there exist classes #na naturally heterogeneous. We
intentionally choose a rather loose selection igaite to account for pixels that despite being
borderline are characteristic of physical phenomanderlying those classes. We fixto

0.01 and reject only observations witt larger than?, (0.01).

9.5.3.Supervised classification of intra-annual stationay land cover classes

For the classification of intra-annual stationaapd cover classes we resort to a Linear
Discriminant Classifier (LDC). LDC is a parametdiassifier, derived by approximating the
class-conditional probability density functions f@d Consider that spectral bands and
vegetation indices values for a given pixel of umkn membership are arranged ap-a
dimensional vector. Then,x will be mapped to the clasg;, g = 1, ..., M, that yields the

highest score for the linear discriminant functigndefinedas

1. Totn ,a Te-
hg(x) =2y  Tiig +iig' X7 x. (9-4)

The common covariance matr)x is estimated as the weighted average of the separa

estimated class-conditional covariance matricesreads:
A1
==Y n,X,,Nn=n+...+ny. )
n Z 9“9 1 M (9 5)

Kuncheva (2004) claims that LDC is simple to cadtelfrom training data and is reasonably
robust, i.e. the results might be surprisingly geedn when the classes do not have normal
distributions. Indeed, from our experiments, tHassifier attain results very comparable to
the ones achieved with recently developed supehdgksssification systems, such as Support
Vector Machines (SVM) (Carrédet al. 2006a) or Self-Organizing Maps (SOM) (Careto
al. 2006b). In addition, as LDC is computationallyslesxpensive and involves no extra
parameter to be tuned, it reveals a better chaicaudtomatic land cover classification in an
operational context (Carréet al. 2006a). These results are in good agreement \wéeh t
conclusions published by Wilkinson (2005) on theeasment of the degree of progress
made in automatic land cover mapping between 18892803. He alludes that there is no
discernible difference in the collective land cogkssification accuracy values attained with

parametric and non-parametric approaches.

We used the complete set of 6 bimonthly images ositgs as the input features for

classification. It was experimentally proven in Garet al. (2007b) that combining intra-
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annual multitemporal spectral information for lazwer classes’ discrimination in Portugal
can significantly improve the best overall clagsifion attained with single date spectral
information. Moreover, in the same article it wasown that most pair-wise classes’
discrimination in this geographical region benefiitsn the use of spectral data from at least

one summer and one winter date.

9.5.4.Intra-annual transient land cover classes classifation

The strategy for the classification of intra-annwahsient land cover classes, corresponding
to label 38 in our nomenclature (Table 9.1), fokow set of procedures defined by Armas
and Caetano (2005). The methodology applied totifyesreas with intra-annual vegetation
decreases was the vegetation index differentiatinget al. 2004). In this methodology,
NDVI maps are produced separately for two differgéates and then the vegetation index
difference map is computed. The result is a new midp positive and negative values for
regions where changes had occurred, and null vibueseas of no change. However, due to
the fact that small differences can occur becafisese significant changes of vegetation, it
is necessary to carefully define a difference thoe over which relevant changes are
identified (Jensen 1996). For the threshold dedinjta statistical approach based on the
normal distribution of the difference map is usyalsed. In this approach, it is considered
that a pixel had considerably changed if its NDffedlence exceeds the mean value of the
change map bytV’ (to be defined) times the standard deviation (&abret al. 2000).

To identify burnt areas and clear cuts we prodwgsgghrately two NDVI maps from MERIS
Level 2 FR images of two consecutive years (Septer2b04 and September 2005) and
applied the change detection method based on twesmaps. As the main goal at this phase
was to detect decreases in forested and naturetated areas, we derived an analysis mask
of these land cover classes from the intra-anrtasibsary land cover classes’ classification,
and determined land cover changes only for thesasarArmas and Caetano (2005)
empirically identified the best pre-factom™ to detect changes in forested and natural
vegetated areas in Portugal, using satellite imafj@sedium spatial resolution (i.e. ranging
from 250 to 300 m). Accordingly, we set the valde'ai’ to 1.25. Moreover, Armas and
Caetano (2005) state that the best compromise bateemmission and omission errors in
detecting vegetation decreases is attained withinamam mapping unit of ten contiguous
pixels. Thus, we have discarded all changes smtibr 90 ha from our final map. The
exclusion of these areas was not penalizing bedheseconstituted less than 10% of 2005

total burnt area in the Portuguese territory (DGRB5).
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9.5.5.Accuracy assessment of final map

In order to evaluate the accuracy of the final magndard measures, i.e. overall accuracy
(P), user's accuracy ;) and producer’'s accuracyPd), were estimated from the
classification of the testing sample. We followdée et of procedures presented by Card
(1982) to properly estimate those accuracy measumdsr a stratified random sampling
design. To improve the precision of our estimates,used the whole map classification as
an auxiliary variable in the estimation proceduse, described in Carraet al. (2007d).
Hence, land cover classes occupying larger aredbeirmap have a larger effect in the

overall accuracy estimation. Let us fix some notadi
N — total number of pixels in the map;
N, — total number of pixels in the map categGry
Ny —total number of pixels in the reference catedoyy
Nhg — total number of pixels in the map categGrthat intersect reference categQy
Nnn — total number of pixels in the map categGrythat intersect reference categQiy,
n, — number of pixels in the test sample collectechap categorg;
ng — number of pixels in the test sample collecteefarence categol@y;

Nhg — NumMber of pixels in the test sample collectednap categoryC, that intersect

reference categoi@;

N — number of pixels in the test sample collectedniap category fthat intersect

reference categoi@y-.

If a testing sample of, observations per mapped land cover cl@gsh = 1,..., M, is
randomly collected on the map and the referenceé taver categoryCy, g = 1,..., M, is
determined for each observation, then the estinatedall accuracy of the map is computed

as

P ii b 9.6
N — nh ( " )
and its respective estimated variance

TETUR < Nh ) No =P | M| 4 _ Phn

e _;[ N j Nifh | M ! v 0.7

The estimated user’s accuracy for each land cdass @ the map is
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n
By = (9.8)
h

and its respective estimated variance
V(B =Tt My e ). (9.9)
" Npny | My My '

The estimated producer’s accuracy is the ratibefestimates of, andN,

5 — Nhh
P N, (9.10)
and its respective estimated Mean Square Error (MSE
N ’ NN n, n,
ey =[] 32 Moy e,
g [Ng] é{ N Ny, ) g N, ) °
, (9.11)
| N (ﬁ)z[—'\lh ~ M J%(l_%j(l_ |5g )2
Ny N Nyn, ) ny N,
The unbiased estimatesNf, andNy can be calculated as
~ _N
Nhn :Thnhh (9.12)
h
M
- N
Ng :;Th nhg (913)
and their respective estimated variances
Ao _ 2 Nh—nh % _%
V(Npp) = Ny, N {nh (1 n. H (9.14)
M
5N = 2 Np = | Mhg (4 Thg ||
wmy;m Wmhilmﬂ (9.15)

A confidence interval for eachP, at the approximate level &- is computed
asp + zl_a/z[\i(ﬁ)]“, where z_,,is the constant exceeded with probabilitg/2-by theN (O,
1) random variable. In accordance, the absoluteigion d(,s) of each estimated is

computed azl_a/zp(ﬁ)]l/z.
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9.6.Results and Discussion

In Table 9.4 we introduce the percentage area éedymer mapped land cover clads)(
and the 95% confidence intervals for the percentaga occupied per reference land cover
class Ny), overall accuracyR), user's accuracy”;) and producer’s accuracy). Overall
accuracy of the final map was estimated at 80% aiitlabsolute precision of 2% at the 95%
confidence level. Estimated user’s accuracies werealmost all classes, superior to 60%
and the respective absolute precisions estimatesdrl0% at the 95% confidence level.
Point estimated producer’s accuracies vary betv&geand 85%, while estimated absolute
precisions range from 10 to 30% at the 95% con@iddevel. In Figure 9.1 we present the
land cover map of Continental Portugal derived fnmuititemporal MERIS FR images for
2005.

Table 9.4. Percentage area occupied per mappedadaed classN;), and 95% confidence intervals for
percentage area occupied per reference land ctassr @), overall accuracyR), user’s accuracyP,) and
producer’s accuracy(). Absolute precision is representedddy

Land . A . . A . . A .
cover N, | N, O[R, -d(R,),K, +d(R,)] | B, OB, -d(B,).B+d(B)|| P, O, -d(P,).P, +d(P,)]
class

5 0.8 [0.5, 0.9] [0.7,0.9] [0.6, 1.0]
6 5.3 (3.3, 4.7] [0.5, 0.7] [0.6, 1.0]
7 05 [0.5, 0.7] [1.0] [0.7, 0.9]
11 |03 [0.4, 0.8] [0.8, 1.0] [0.3,0.7]
12 |39 [3.5, 4.2] [0.7, 0.9] [0.7, 1.0]
21 |12.9 [13.6, 13.8] [0.9, 1.0] [0.7,0.9]
22 |o7 [1.8, 3.2] [0.8, 1.0] [0.1, 0.4]
23 |03 [0.6, 1.6] [0.8, 1.0] [0.1, 0.4]
34 |17.8 [16.0, 18.6] [0.8] [0.7, 1.0]
35 |18.3 [16.0, 19.0] [0.6, 0.8] [0.5, 1.0]
38 |28 [2.2,3.2] [0.6, 0.8] [0.5, 1.0]
242 |42 [2.5, 3.9] [0.5, 0.7] [0.5, 1.0]
311 |71 [5.7, 7.7] [0.6, 0.8] [0.5, 1.0]
312 |15.2 [12.2, 15.0] [0.6, 0.8] [0.6, 1.0]
321 |35 [4.6, 6.2] [0.8, 0.9] [0.3, 0.8]
331 6.6 [4.9, 6.5] [0.6, 0.8] [0.6, 1.0]
Overal POl -d(P),P +d(P) [0.78, 0.82]

accuracy

In Table 9.5 we introduce the proportion of matchesveen map and reference classes as a
percentage of the total study area. Water (7) aetlands (5), Artificial areas (11 and 12),
and Agricultural areas (21, 22, and 23) are thesela that show smaller out-diagonal row
values. Indeed, given the specific spectral prefdéthese classes along one year period, it

was reasonably expectable that using temporalrrdton in the classification feature space
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Figure 9.1. Land cover map for Continental Portutgalved from multitemporal MERIS images of 2005.

would improve their particular classification perfances. Looking at per class confusions
from Table 9.5, we perceive that natural land cdypes show the higher out-diagonal row
values that largely contribute to the overall clésss. Two different mismatch situations

presented in Table 9.5 must be distinctively reguhir{1) map classes that get confused with
similar reference land cover classes; and (2) pitg#d land cover confusions, i.e. between
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dissimilar land cover classes. Regarding the §itstation, we stress, for example, the mix
between Bare to sparsely vegetated areas (6) aas$lands (35), as well as the mix between
Mixed forest (331) and Needleleaved forest (321)ese confusions occur because these
classes are constituted by similar land cover featthat only vary upon different proportion
arrangements within a pixel area. These classessemt the same land cover features, but in
different proportions within a pixel area. In adul, these classes have contiguous
geographical distributions and coexist in transgioland cover regions in the Portuguese
landscape, which reinforce their mix. However, doethe similar classes’ conceptual

definition, their mix is not really problematic froa user’s perspective.

Table 9.5. Estimated proportiorﬁ:hqg) of matches between map and reference classegeasentage of the total

study area.
Reference land cover clas<y)
5| 6| 7| 11| 12| 21| 22 23 34 33 38 242 311 312 B21 B31
5 | 06 0.1
33 01| 03| 0.1 03 09 o o1 o1 01 1

7 05

11 0.3
|12 03| 31 0.1 0.1 01 o1
S| 2 11.8] 02| 02| 01 0.] 0.5
[%]
s | 22 06| 0.1
§ 23 0.3
g 34 |01 02 02| 0. 140 07 of 03 o9 08 04
8|3 |01] 02 05| 07| 04 11 125 03 03 Q4 06 D485
§ 38 0.2 01| 03| 21 0.1 0.1

242 0.1 03| 02/ 04 01 03 26 o1 o 0.1

311 01| 06| 03 01 50 04 05 02

312 13| 02| 01| 03] 22 01 04 106

321 03| 02| 0.1 2.9

331 0.1 01| 02 04| 03 083 02 o0 45

Looking at prohibited land cover confusions, we bBagize the mix between Shrubland (34)
and Needleleaved forest (321), and also the miwdoet Broadleaf (311) and Needleleaved
(321) forests. According to Caetano (2000), Shmitda(34) and forests get confused
because the existence of shrubs under open foaestpies typically provokes forest to

reflect similar to Shrublands (34). The confusiostween Broadleaf and Needleleaved
forests (311 and 321) is not so easily explainedr Quess is that some of the forested
reference pixels may contain unidentified treesnfieveral species. Therefore, they may be
contaminating the spectral reflectances of tespixgls identified as single forest species.
Indeed, it is sometimes difficult to identify théfdrent tree species within forested pixels by

visual analysis of aerial images, hence the exigt@fi some errors in the reference database.
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The analysis of the estimated producer’s accura€iedle 9.4) shows that there is a
difficulty in mapping some land cover types, such Axtificial continuous areas (11) or
Irrigated herbaceous crops (22). Still, these elmsse mainly mapped as similar land cover
classes. For example, the first is being extenginepped as Artificial discontinuous areas
(12). This confusion was somewhat expected becthesdand use is the same, but land
cover differs within pixels according to the propan of impermeable areas. Irrigated
herbaceous crops (22) are being largely mappedassiands (35). This confusion is due to
the fact that some of Grasslands (35) individuagsiaigated during summer for livestock
feeding and have intra-annual phenological trenldstical to Irrigated herbaceous crops
(22).

We present now a detailed comparison between ogr and the CLC map for 2000. In
Table 9.6 we depict per class intersections betwieenwo products, as a percentage of the
total study area. Intersections smaller than 0.18tevdiscarded from this comparison, thus

contributing to an omission of approximately 2%l total study area.

From the analysis of Table 9.6 we can state thatr@p is in accordance with the CLC2000
map. Minor disagreements are due to differenceébdminimum mapping units (MMU) of
products, while major disagreements are essentilly to land cover dynamics between
2000 and 2005. CLC2000 has a MMU of 25 ha and, uaé,smost polygons are not
homogeneous because they result from manual adgmegand generalization of smaller
polygons of different land covers. Moreover, CLCQO® a land use-land cover map
(LULC), whereas our product is merely a land cawap. Hence, a single land cover class in
our map can have different uses properly depicte€dliC2000 map. For example, CLC2000
classes 332 (Bare rock), 333 (Sparsely vegetaesmkgr331 (Beaches, dunes, sand plains)
and 131 (Mineral extraction sites) correspond ®ngle LANDEO class (Bare to sparsely
vegetated areas (6)). In this sense, we highligintddble 9.6 the cells that correspond to an
obvious and admitted agreement between the two raapsnomenclatures. From this
agreement, we show that at least 75% of the langercon the territory is similarly
represented by both cartographies. Note that #ilisevdoes not include possible land cover
dynamics between the two dates, such as forestiiegdanto shrubland, but only stationary
land cover areas. Indeed, per class agreementsaalyows that major disparities between
the two maps correspond to Shrublands (34), Grads|é85) and Bare to sparsely vegetated

areas (6).

154  The contribution of multitemporal information framultispectral satellite images for
automatic land cover classification at the natioseéle



Hugo Miguel Saiote Carrdo

Table 9.6. Comparison between land cover map difigen 2005 multitemporal MERIS images and CLC2000.
Each cell represents the classes’ intersectionrn(¥@lation to the total area of the territory.drgections with
correct agreement between the two nomenclaturas &ad face.

Classes from MERIS derived map for 2005
5 | 6] 7] 12| 12] 21| 29 23 34 33 d8 282 1 Fi2 B21 331

111 01 0.1

112 01] 1.3 0.2

121 01] 0.2

122

123

124

131 0.1

132

133

141

142

211 0.2 02| 7.0 03| 20 03] 0.4 20 0.1
- 212 01| 06 | 0.4 05 0.2 0.2
ﬁ 213 0.1]| 03 0.1 0.1
o 221 0.1 01| 01 01| 0.6 15 0.1
2 222 0.1 02| 03 0.2 0.2
g | 223 0.1 01| 07 04| 04 03 01 11
g 231 0.1 0.2
2 241 0.1 04| 0.6 04 | 2.2 0.1 0.4 0.4
5 242 0.2 05| 06| 01 06| 29/01|09]|01] 08 0.2
§ 243 0.4 03| 06 17| 26| 01] 02 04 1d o] op
g 244 1.8 03| 01 03| 37
< 311 0.2 01| 03 29| 06/03]01]41| 41|01 10
g 312 0.3 0.1 22| 09|05 0.3 21| 1.2
Q 313 0.1 0.2 08| 08|04 09| 02| 03] 21
‘é 321 0.6 0.1 05| 06 01 0.1
S 322 0.7 0.1 13| 1.0 03 02|01 01
@ 323 0.1 0.1 1.7 0.2
a 324 1.0 02| 0.2 37| 19| 08/ 01| 08| 06| 07| 08
(@) 331 0.1

332 0.3 0.1

333 0.4 01| 0.2 | 01

334 0.1 0.1] 0.1

411

421 0.2

422 0.1

423

511 |01 0.1

512 | 0.1 0.1 0.1 0.1

521

522 | 0.1 0.1

523 | o041 0.1
Overall 07| 09| 03 03 39 106 o5 03 102 121 P.6 [266 | 14.4| 32| 55
agreement
N, (Table9.4)| 0.8 | 53| 05/ 03 39 120 o0l7 03 178 183 P8 W21 | 152| 35| 66

Let us now compare our classification results witbse from other maps recently derived

for particular areas of interest from automaticssification of MERIS FR images. Clevess

al. (2007) produced a map for the Netherlands witteserelevant land cover classes for
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2003 with multitemporal MERIS FR data. Classificati results were evaluated by
comparing their map with the Dutch land use dawlfa&N) — a map with 25 m cell size
derived from automatic classification of higher tsgdaresolution satellite images. The match
between both maps was of 67%. Garcia-Gigetral. (2007) have presented specific land
use-land cover (LULC) maps for two Spanish provinosing MERIS FR images from a
single date. The nomenclature of these maps wasedeusing the LCCS of FAO and
consists of eleven land cover types similar to ribenenclature of our final map. Overall
accuracies of presented maps were of approximd@#¥y. The estimated accuracy of our
map follows that attained in previous studies, kergnforcing the aptitude of land cover
products derived from medium spatial resolutioreltitsg images for national applications.
However, since our map was assessed through apendent test sample, collected through
a stratified random sampling design, we statidticdiemonstrated the assertions from
previous studies, which were simply based upon idente-building approaches and/or

unseen training sites.

9.7.Conclusion

This study confirmed that land cover maps derivedhfautomatic classification of medium
spatial resolution satellite images are suitableniational applications. To assert this, we
produced a land cover map of Continental PortugahfMERIS FR multitemporal images
of 2005, evaluated its overall and per class acgurand compared it with a reliable land
cover map derived for the Portuguese territory freisual analysis of high resolution

satellite data. In the sequence, we followed a odlogical approach that involved:

(1) The definition of an exhaustive land cover nomec&awith 16 land cover classes
that comprise the most important landscape chaistits of the study area —
derived through the LCCS of FAO;

(2) The use of distinct classification strategies furd-annual stationary and transient
land cover classes’ characterization — these giesténcluded, respectively, a Linear

Discriminant Classifier (LDC) and a vegetation eiffntiating technique;

(3) The accuracy assessment of the final map usingndepéendent testing sample

collected through a stratified random sampling giesi

An 80% overall accuracy for the final land coverpmaas estimated with an absolute
precision of 2% at the 95% confidence level. Thisuit statistically confirmed the assertions
from previous studies on automatic land cover diaation from MERIS FR data for

particular areas of interest, e.g. Clevetsl. (2007) and Garcia-Gigoret al. (2007), to cite
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but a few. Indeed, our estimated overall accuraoyroborated that medium spatial
resolution satellite images can be used to autcalbtiderive consistent land cover maps
comparable to those with exhaustive nomenclatwegh are regularly used for national
applications. On the other hand, estimated ove@uracy of our land cover map largely
exceeds the estimated overall accuracy of glolnal éver products derived from automatic
classification of satellite images with similar spal, temporal and spatial resolutions for the
same study area. We showed that accuracy discriegametween our map and those global
maps for the Portuguese territory are due to metlogital constrains, namely the
ontological definition of land cover classes andgdd classification strategies, and not due
to satellite images characteristics. Overall andcpass accuracy estimates for the final map
confirmed that our methodological approach proweztessful in discriminating between the
land cover classes that better characterize tristape of the study area at sensor’s spatial

resolution, whereas global land cover productsagrovide so reliable information.
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10 A NONLINEAR HARMONIC MODEL FOR FITTING SATELLITE
IMAGES TIME SERIES: ANALYSIS AND PREDICTION OF LAND COVER
DYNAMICS

Carrao, H., Gongalves, P. and Caetano, M. (2009)oilinear harmonic model for fitting
satellite images time series: analysis and prexdictdf land cover dynamicslEEE

Transactions on Geoscience and Remote Sersilbgnitted.

Abstract

Numerous efforts have been made to develop modelg multispectral reflectances and
vegetation indices (VI) time series from sateliiteages for diverse land cover classes. The
common objective of these models is to derive aofemeasurable parameters able to
characterize and to reproduce the land cover dysamf natural- and human-induced
ecosystems. Good-fitting models should thereforacimadifferent waveforms and be
insensitive to sharp and localized variations, gahedue to atmospheric disturbances. In
this paper we propose a model-based approach mtifidend predict important dynamics
for indiscriminate land cover classes. Our methas on an original nonlinear harmonic
model that remarkably matches intra-annual timeesef multispectral reflectances and Vls
obtained from satellite images. The proposed m@&dé) parsimonious, comprising only 5
parameters; (ii) readily identifiable (in the maxim likelihood sense) from only few
observations; (iii) robust to noise; and (iv) veiteasince it can reproduce a wide variety of
intra-annual land cover dynamics as a determinfstiction of time. To demonstrate the
relevance of our approach, we use a time serid8QiDIS 8-day composite images acquired
in Portugal over a one-year period at a 500 m nahspatial resolution. For 13 different
land cover classes, representative of Mediterrateraatscapes, we evaluate the data-model
adequacy of our model and compare it with sevettaéroapproaches. We then address a
particularly interesting and promising applicatiof our method using rice crops and
shrublands as case studies. We not only show tteatgbogical attributes can be accurately
estimated from the fitted time series, but we @lemonstrate that it is possible to make early
predictions of phenological attributes dates andymitades from our expected model

adjusted to only few anterior observations.

Index Terms: Curve fitting, intra-annual dynamitad cover, nonlinear harmonic model,

phenology, prediction, remote sensing, time series.
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10.1.Introduction

The spectral, temporal and spatial information aimad in satellite images time series offers
unique opportunities for monitoring and managingl@over dynamics from local to global
spatial scales [1]. Because satellite images timges provide temporal and spatial
consistent spectral measurements of Earth’s sutfetecorrelate directly with annual cycles
of vegetation growth, i.e. phenology, they offesignificant insight into the response of
vegetation to short-term environmental forcing effe both natural and anthropogenic [2],
[3]. Nonetheless, to effectively track continuonosa-annual dynamics of land surface, such
as vegetation phenology, error-free remotely-sendath acquired at appropriate time
instants are stringent conditions rarely met incfica. Indeed, satellite images time series
correspond to discrete, possibly non-uniformly slmehpneasurements of spectral variations,
which moreover, can be corrupted by atmospheriomgdric and radiometric disturbances
[4]. Therefore, to reduce imprecision on phenolabattributes estimation, we must resort to
denoising procedures and fill the gaps betweenllisatenages acquisition dates with a
pertinent continuous interpolating function [4].daeding noise, smoothing techniques (e.qg.
running averages, running medians or compound $mog)tare commonly used to suppress
local artifacts in time series [5], [6]. As for @rpolation, more sophisticated mathematical
models make it possible to estimate phenologidabates from the functional analysis of
continuous time evolutions of land cover specteslponses, e.g. [3], [5], [7]-[10]. Indeed,
these functions increase the spatial and temporaistency of satellite images time series
used to derive phenological attributes [11]. Neweldgss, remote sensing estimations of
phenological markers are available only at imagapiiaition dates [4], thus delaying the
identification of land cover dynamics and the ndtign of negative stresses on the

environment.

In this paper we propose a model-based approacthéidentification and prediction of
phenological attributes from satellite images tiseries. Our main goal is to derive
phenological attributes in early time to serve rgsut for decision systems (e.g. forest fire
prevention and mitigation operational systems, sash WFAS [12] in the US and
PREMFIRE [13] in the EU) and support policy makevghin their decision-making
frameworks (e.g. agricultural programs, such asMuaitoring Agriculture with Remote
Sensing (MARS) programme of the EU [14] and theiégture and Resources Inventory
Surveys Through Aerospace Remote Sensing (AgRISTAR$e US [15]). We believe
this is an innovative approach: while previous Esithave focused only on the identification
of phenological key-attributes by fitting the eatmnnual time series, what we address here

is the early prediction of phenological attributesm few anterior observations. Our method
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relies on an original parsimonious nonlinear hanmanodel that we previously proposed
[16] to match intra-annual time series of multidgpacreflectances and Vs obtained from
satellite images. The paper is organized as follawsSection 10.2, after listing most
standard models for fitting satellite images tineeiess, we present the analytic form of our
nonlinear model and discuss its identifiability pedies. In Section 10.3, we test the
robustness and the flexibility of this parametriodal on MODIS time series corresponding
to multispectral reflectance and VIs measuremeotgiieed in Portugal for 13 land cover
classes with distinct intra-annual variations. His tSection, we also focus on a particularly
seducing application. From the modelled time semes identify and predict phenological
key-markers that are highly relevant for the unded land cover classes. We end in Section

10.4, with concluding remarks and future work.

10.2.Satellite images time series fitting

Before elaborating on our original model, we sthig Section with a brief survey of some of
the most standard approaches currently used foelimgl satellite images time series. We

stress the main advantages and weaknesses offdhels® models.

10.2.1.State-of-the-art

Because annual phenologies of vegetation have rs&lagaths, simple harmonic oscillators
and Fourier-series are among the principal modsdsl o fit satellite image time series [3],
[10]. However, while simple harmonic oscillatorsl fa reproducing nonlinear waveforms,
Fourier series approaches implicitly assume rebulspaced time series and underlying
components that are truly harmonic [3], [5], [1Thus, these functions are too constrained
to satisfactorily model multispectral reflectandesa wide range of land cover classes. To
overcome these difficulties, refined piecewise4uedi functions were recently proposed for

fitting land cover time series derived from satelimages.

References [5] and [17] presented a new method dbase piecewise-defined local
Asymmetric Gaussian (AG) functions for extractirgasonality information from NDVI
time series data. In this algorithm, local modeidiions with seven parameters are fitted to
data in intervals around maxima and minima in theetseries and used to build a global
function that describe the annual cycles of vegmiain the same vein, [9], [11], and [18]
proposed piecewise-defined local Double Logistit)(unctions to identify land cover time
trajectories from VIs time series. The local mofieictions rely only on six parameters, but
have the same general form of the former and ceml@@ merged to build a global function
that describe the annual seasons of land coves.typenerically, the global AG and DL

models functions have the form:
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H
F()=D"cin +C2n0(t Ay) (10.1)
h=1

whereH designates the number of local model functioms,the number of extrema values
(minima and maxima) of the time series to be medellhe linear parametetg, andc; ,
determine, respectively, the base level and thdiame of the local functio, whereas the

nonlinear meta-parametay, = (a,...,a;), determines its shape. The AG type basis function

has the form [5]:
ex;{—(t_alj] if t>a
a

g(t;ay,...,a5) = o (10.2)
ex{—(al_tj ] if t<a
ay

In this function,a; determines the position of the maximum (or minimwhg; a, andaz

(respectivelya, andas) determine the width and flatness of the righsfectively left) half
of the function. Accordingly, the AG global modelsha total oHx7 parameters. Regarding
the DL type basis function [11], it reads:

1 1

1+ex{a1 —tj 1+ex{a3 —tJ (10.3)

wherea; andas determine, respectively, the position of the &ft right inflection points,

o(t;aq,...,a,) =

anda, anda, fix the rates of change at those points. Therefie DL global function has a

total of Hx6 parameters.

Albeit superior to standard harmonic analyses, ehewthods still suffer from severe
constrains that hamper their effective use. Inigalgr, these models are not totally versatile
as they are always adopted to the upper envelogieedime series [5], [11]. Thus, the fits
are subjective when there is no clear seasonalitsrid cover time series (e.g. urban areas,
water or barren) or the time series being modetedother than VIs. Moreover, growing
season variations that do not coincide with thepehaf the Gaussian or Logistic curves are
not wholly captured [11]. AG and DL functions aret mobust to noise and can only fit
smoothed time series [5]. When the noise leveligh Hsuch as for the corresponding
satellite image time series), these methods arerghy not successful because there is a
difficulty for estimating the timéy, corresponding to the occurrence dates of extreahees
(minima and maxima) of the time series to be medelMore importantly though, since

three consecutive annual time series are requibegroperly estimate the intra-annual
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functions corresponding to the central year [5 timodel parameters are not easily
identifiable. Finally, as local contributions ofetliime limited functions are non-adaptive,

phenological attributes for specific land coversskes can not be early predicted.

10.2.2.Nonlinear harmonic model

Definition

In this study we recall the model we proposed iprevious work [16] to fit intra-annual
response of land cover multispectral reflectances\ds obtained from satellite image time
series. It consists of a trigonometric parsimonidwsction that describes the nonlinear

harmonic solution of a chaotic attractor [19]:
{S)(t)=M + Acodwot + ¢ +acodwot +¢)). 606} (10.4)

In words, it is a sinusoidal parametric model wiin a priori fixed annual

frequencyy, =27T™*, where T denotes a one-year period, and a nonlinear phase
termacos{%t+¢). The latter plays the role of a time warping (dedion/deceleration) to

account for the different regimes in the intra-aameycles of land cover types (e.g. growths,

cuts, harvests, droughts).

The meta-parametét= (M, A, @ a, @) belongs to the parameter sp&e {(M, A, @ a, ¢):
MOOd, A=0, ¢1[0, 2], a=0, ¢0[0, 2}, and each component has a specific action in the

model response:

M is a linear parameter that determines the bas# &fvhe modelled variable and
represents its annual mean;

A is the amplitude for the sine wave that fixes peak deviation from the annual
mean of the modelled variable;

@is the annual phase that allows to reproducephbeifsc seasoning of a given land
cover class;

a controls the nonlinear strength. When= 0, the model reduces to a linear
harmonic oscillator, whereas> 0 introduces non-symmetry in the waveform;

¢ is the annual nonlinear phase that defines the tfp@on-symmetry of the
waveform. This phasallows time to “slow down” and to “accelerate”, ander to
reproduce asymmetries in variations (increaggesdecreases) or in steady state

durations.
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Parameters identification

Given a discrete time serigs= {x(;): i = 1,...,N; 1 < t; < T}, where N is the number of
observations, we want to find the “best” approximass = {sdt;): i = 1,...,N; 1< t; < T}in
a maximum likelihood sense. To this end we assinaédilowing observation model:

x = {X(t) =sdt) + t): i =1,..,N; Lt < T}, (10.5)

where € is simplistic supposed to be a stationary zero-m@aassian noise of unknown
variance 053. Under the hypothesis of independent noise obBeng the likelihood

function reads

f(X|Sg)=(2na§)_% ;{ ZZ sg(t)} (10.6)

O i=1

and the maximum likelihood estima@becomes

N
0= ' V=5 (t)2.
argﬂn;mZ(x(tl) sp(t)) (20.7)

i=1

Formally, (10.7) is the solution of the system d@itd by differentiating th&-norm [k - se|f
with respect to each component&fand equaling the results to zero. However, becafise
the trigonometric form defining (10.4), we are teda system of nonlinear equations that we
can not solve analytically. Considering well-pog#dblems that involve at least as many
observations as unknowns, we then proposed to meeigrminimize the approximation
error [k - sp|f using a nonlinear least-squares optimization neutiased on the Levenberg-
Marquardt method [20], [21]. Furthermore, as thabpgm may not be convex, in practice we

initialize the solving routine with the heuristtial guess, :
M, is set to the empirical medianxfi.e. (max{(t)} + min{x(t)}) / 2;
A, is set to the maximum deviationxfi.e. (max(t)} — min{x(t)}) / 2;
@, @,,andg,are determined from a least-square regressioneohdmlinear phase
term J(t;) = awt; + @+ a codwgt; +¢) in (10.4).

Let us recall that we purposely consider a one-yeaiodic model. Shorter phenological

periods, like the pseudo half-period of bi-annuaps, are accounted for by the non-linearity

% Although simplistic and sub-optimal in practickistGaussian assumption allows for calculating the
likelihood function and to express the MLE estimafod in a close form.
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ind(¢;) . Therefore, to cope with intermediate phase shifts must properly unwrap the
instantaneous phaS@):cos‘l((x(ti)—l\ﬁo)//:\o). We then use a geometric criterion to keep
phase continuity at global extrema, and to letathgle increase beyondti2 (k =1, 2,...), at

local extrema. The parameter set:(éb,éo,éo) that belongs to the parameter space

o:{(éb,do,ﬁo):g&)m[o,zn], Gy 20, ﬁom[o,zn]} is finally initialized to the solution of the

minimization problemé = argDngini((ﬁ(ti) —woti)—(q?b +dy codaa; +¢o)))2 .

o i=1
Model identifiability
The model’s identifiability and robustness addréss following two questions: 1) is it
possible to exactly retrieve the parameter valdea given model simply from a finite
sampled sequence of its time response? 2) givenodelnresponse generated under
controlled experimental conditions (notably regagdihe sampling process and the Signal to
Noise Ratio (SNR)), can the parameters of the mbeastimated with acceptable precision?
A standard practice for studying identifiability af parametric model is then to consider
multiple known input datasets which are then comgdo the corresponding fitted models
[22]. The input datasets are model outputs compwttda priori known parameters values.
Thus, for different values of the meta-parameteiof (10.4), test signals4{t) were
synthesized over a one year peridd=365). Experimental conditions are summarized in
Table 10.1.

Table 10.1. Model parameters used to synthesiz geries data.

M| A a @(rad) ¢ (rad)
0| 1| 0:0.12:3| 0:1/3:2rt | 0: T¥/3:2m

First, to assess model identifiability as functaiN, we sampled the synthesized test signals
s«t) on regularly spaced time lattices with= {5, 6, 8, 12, 16, 24, 46} observations. For

each combination oN and the meta-parametéin Table I, we determine the maximum

365

[bb)-stfa

X
365-1 P[s6]’

likelihood estimaté® and compute the fitting errorey =

expressed as a percentage, as a measure of agrdmtvezen our functional model and the
synthesized signals. In Figure 10.1 we present dlierage fitting error, <ey >y

corresponding to the sarhe
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Figure 10.1. Averagfitting error (%), <ey>4 corresponding to the sarie

From Figure 10.1, we see that the average fittingredecreases as long as the number of
modelling observations increases and that, indegprahd of their magnitude, the model
parameters are perfectly estimatedNl6. A closer view at the corresponding time series
indicates that this result is not due to methodeokgconstrains, but because of data
restrictions. The model failed at matching the tiseeies only when the quantization step of
the synthesized signal was bigger than the resetttra-annual variations, i.e. the model
parameters could not be perfectly estimated wherlicrete time lattice was insufficient to

properly describe the underlying continuous signal.

Next, to simulate different input SNR values, wenpked the synthesized signals on 8-day
spaced time lattices, i.8l = 46, and a stationary zero-mean white Gaussi&e &) with

variable poweg? is added to the time series,

Pls
SNRnput = 1O|0910 0[_291 ! (108)

£

For each combination of the meta-paramefieand of different input SNR values, we

determine the maximum likelihood estimatnd define the output SNR as:

Pls
SNR iput = 10|oglo[5[%]} : (10.9)
{2 0

We choose to assess identifiability of the modebulgh the SNR gairy = SNRupu —

SNR,pe Alternatively, we could also compare the exadtigaf the meta-parametéito its

estimated. However this approach raises the issue of definiconsistent metric to evaluate

170  The contribution of multitemporal information framultispectral satellite images for
automatic land cover classification at the natioseéle



Hugo Miguel Saiote Carrdo

the distance between vectors whose componenta li#fferent spaces. Figure 10.2 shows
for four different input SNRs, examples of genedateisy time series superimposed to the

corresponding fitted models.

no SNR SNR =10 SNR =5 SNR =0

)
L]
[

Signal
—e—F1 Dy — — — Signal with noise

“dan Jan Jan Jan
Time (9 Time (9 Time (4 Time

Figure 10.2. Nonlinear model fits for time serigathesized with different SNRs.

From our experiments, we first observed that fgiven input SNR, the output SNR does
not significantly depend on the values@fThis led us to the interesting conclusion that th
sensitivity of our maximum likelihood estimationopedure is independent of the magnitude
of the model parameters. That is the reason whyeTERh2 presents only the averaged SNR
gain, <y>, corresponding to the same input SNRs. In allcdees, not only the underlying
model parameters are reasonably estimated, buttlds@&NRs systematically increase by
more than 10dB! Given also the relatively low comapional cost of the method, a reduction
by a factor 10 of the disturbance intensity, isibssantial improvement within the context of

satellite imaging.

Table 10.2. Mean SNR and SNR gain for model fitsyut time series with different SNRs.

Input time series SNR Mean SNR (dB) for model Mean SNR (dB) gain for model

(dB) fits fits

-10 1.7 11.7

-5 6.8 11.8

11.6 11.6

17.1 12.1

10 22.9 12.9
0 200.9 -
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10.3.Case studies

In this section we introduce the proposed modetthagproach for phenological attributes
identification and prediction. To demonstrate @fability, we followed a rigorous process
in three main steps. Firstly, in Section 10.3.1,describe the study area, the remote sensing
data and the land cover classes used to asseswathod. Then, in Section 10.3.2, we
evaluate the goodness-of-fit of the model to nooatmed MODIS spectral bands and Vls
time series for 13 representative land cover ctagsdortugal. In the course of this, we
compare the goodness-of-fit of our model with tbhtwo different standard approaches.
Finally, in Section 10.3.3, using rice crops andublands as case studies, we show how to
accurately estimate phenological key-markers friitad responses and how to early predict
important phenological attributes dates and magegurom our expected model adjusted to

only few anterior observations.

10.3.1.Study area and experimental data set

Study area

We focused our experiences on the Portuguese méditdaritory. The country has an area of
approximately 89 000 kfrand ground altitudes ranging from 0 to 2000 m absea level.
According to [23], in 2000 the agricultural areascapied 37% of the country, closely
followed by semi-natural areas (33%) and foreseqR Avhile artificial surfaces comprise
only 3% of the total land cover. Portugal is imansition region featuring diverse landscapes
representing both Mediterranean and Atlantic clenanvironments. The study area is
particularly well suited to evaluate data-model qaey and to gauge the reliability of
model-based approaches for identifying and predicphenological attributes. Indeed, it
encompasses hatural and managed land cover typ#s different phenological
characteristics, which are subject to differentndliic, topographic and human induced

forcing effects.

Earth observation data

Our study relies on the MODO09AL1 product, an 8-dasnposite of seven surface reflectance
images, freely available from MODIS Data Productbsie (http://modis.gsfc.nasa.gov).
This specific product is an estimate of the surfspectral reflectance imaged at a nominal
spatial resolution of 500 m as it would have be@asared at ground level if there were no
atmospheric scattering or absorption. The appliadection scheme compensates for the
effects of gaseous and aerosol scattering and @tbmar for adjacency effects caused by

variation of land cover, for Bidirectional Reflentae Distribution Function (BRDF), for
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coupling effects, and for contamination by thirraes [24]. We used a set of 46 MODO09A1
images for each of the seven spectral bands, cwyerifull year observation period, from
January 2005 to December 2005. In addition, twowlse also calculated for each date and
used as additional band information, namely thenidized Difference Vegetation Index
(NDVI) and the Enhanced Vegetation Index (EVI).

As complementary information for reference sampledl cover type’s identification, we
used orthorectified aerial images with four spédieads in the blue, green, red and infrared
wavelengths, and with 50 cm spatial resolution. sehaerial images cover the whole

Portuguese territory and were acquired during y2agel, 2005 and 2006.

Land cover classes

The thirteen land cover classes (Table 10.3) useklis study were derived from LANDEO
nomenclature. This nomenclature was recently recemal@d by The Remote Sensing Unit
(RSU) of the Portuguese Geographic Institute (IG&R)e used in regular production of user-
driven land cover products for multi-scale enviremtal monitoring in Portugal [25]. The
classes used in this study correspond mainly teta¢gd land cover types because we want
to demonstrate the relevance of our model-basedoaplp for the identification and
prediction of phenological attributes. Nevertheldesllustrate the flexibility of our model,
we also included land cover classes without inimasal seasonality, namely Water (7) and

Continuous artificial areas (11).

For each of the land cover classes presented ife T&b3, we deterministically collected a
reference sample of time series observations. Baservation corresponds to a MODIS
pixel with 500 m nominal spatial resolution. Foliogy the lines of [26], we overlaid a co-
registered 500 m fishnet corresponding to the MOB&& grid with the aerial images for
visual interpretation of reference land cover obsgons. To guarantee land cover
homogeneity within each sample, observations fgivan class were selected preferentially
in geographic spots located in the centre of 3x3IM®pixels of homogeneous land cover.
The goal was to reduce intra-class observationsindiigirities due to possible geometric
disparities between multitemporal MODIS images. &ftheless, we endeavored to spread,
as much as possible, the observations over thelandinterritory, in order to account for
possible regional specificities of the classes, emdvoid geographic correlation between

adjacent pixels [27].

By analogy with the medical imagery domain, we ocalkel the time evolution of a
measurement within a given pixel. In our case, amsiderp=9 simultaneous measurements

x9, j=1,...p, corresponding to the reflectances in seven sgelsnds and to two VlIs. We
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designate byx® = {xO(t) : i = 1,..N; 1<t < T} the j-th voxel and we group all the
observations related to a pixel in jdimension vectorial time series noteg'(x",
x@,..x"). As we use 8-day composite satellite images, aweN=46 measurement points
uniformly spaced along &365 days period.

Table 10.3. Land cover classes, label and resgentimber of collected reference observations.

Label | Land cover class Sample
size
7 Water 30
11 grc;r:;nuous artificial 43
21 CNrc:)r;)—sirrigated herbaceous 40
29 grri)%a;ted herbaceous 33
23 Rice crops 37
242 Vineyards 37
2411 | Olive trees 48
35 Pastures 34
3121 Agro-forestry areas 42
34 Shrubland 46
3111 Cork tree forest 40
3112 Eucalyptus forest 34
321 Needleleaved forest 42

10.3.2.Data model adequacy

The primary objective of this section is to demoetst the response of our model-based
approach to diverse spectral reflectances and iis series for land cover classes of
different phenology. We therefore apply our aldomtto the set of seven spectral reflectance
bands and two VIs time series for each of the laowkr classes introduced in Table I, and

evaluate its goodness-of-fit. To position our methoth respect to the current state-of-the-
art alternatives, we compare its performances ¢settof Asymmetric Gaussian (AG) and

Double Logistic (DL) functions presented in Sectidh?2.1.

To evaluate models performances, we use Noemalized Root Mean Square Error
(NRMSE. This measure was previously used by [11] andl {@@valuate the fits of different
models to time series of satellite images and @axpressed as a percentage, where lower
values indicate smaller residual variance and thbstter fit. TheNRMSEfor each sample

individual at spectral band or \lis defined as:
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NRMSE!) = RMSE) f p.
oG i 7 7 P (1049
TheRMSE is calculated as:
' ) 1/2
RMsE!) :[SSé' J (10.11)
N-u

wheressgl) = (x(i)(ti)—sgi)(ti ))2 , andu is the number of unknown model parameters. To

M=

i=1
estimatesé(ti)we start fitting the available time observations {x(ty): k # i; t, # t;} with a

parameter model of expression ((10.4). This stahdewss validation process, usually used
in longitudinal data analyses, yields an estimdtehe expected fitting error when the
respective time observatior(t)) is discarded from the adjusting set. TNERMSE is
normalized on the range of the observed sampleesadt each spectral reflectance band or
VI, and adjusted on the residual degrees of freedbeach model to penalize the models
with more unknown parameters. Let us recall heet for AG and DL, the number of
degrees of freedom depends directly on the numbextoema existing in the time series to

be modelled, whereas it is systematically consaitt our non harmonic model.

To avoid biased error estimates due to atmosplmaige in the time series, we removed
cloudy observations from our sample data set, mfagias in [5] and [11]. This way, the
NRMSEbecomes also an estimate of the fitting errorttier dateg; identified with clouds
and that are never used in the optimization prodgissidy observations were identified with
the surface reflectance quality assessment laydudad in MODO09A1 products (see
http://modis.gsfc.nasa.gov). Alternatively, we abwlso calculate th&iRMSEfrom the

model fitted time seriesé(ti)and a smoothed observed time series (e.g. [28]) [#9an

expertly corrected observed time series (e.g.[[l]). However, these corrections on the
observedx(t) time series were discarded because they mayduinteonew unknown errors

and dampen important phenological features ineéaétime series [30].

Table 10.4 gives the sample averdfeMSE corresponding to the nonlinear, AG and DL
models’ fits to multispectral reflectance and Mied series for each land cover class. As a
general remark, we can state that AG and DL fimudtispectral reflectances and VIs time
series are similar for all land cover classes, Hral the nonlinear model fits generally
overcome the AG and DL fits. Indeed, the overatrageNRMSEfor the nonlinear model
(5.25%) is significantly better than the overaleeageNRMSE for the AG (6.97%) and DL

(6.59%) functions at the 95% confidence level.
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Table 10.4NRMSE (%) corresponding to the nonlinear, AG and DLcfions’ fits to spectral bands and VIs
time series for each land cover class.

Spectral band/VI
'C‘;r;: COVeT | Function | b0l | bo2 | b03 | boa | bos| bos| bo7| NDVI EwvI
11 Nonlnear | 7.52 | 453| 662| 714 588 771 597 1[76 122
AG 10.35* | 6.08* | 9.42¢| 1067% 7.76*| 10231 7.73{ 6| 2.94*
DL 9.79* | 588* | 881* | 937¢| 7.51%| 952¢| 7.42¢ 241} 2.86*
21 Nonlnear | 7.25 | 571| 537 561 618 786 802 3/63 .465
AG 8.41* | 7.02* | 658 | 6.89*| 873*| 989* 920¢ 374 B
DL 8.41* | 667 | 6.41* | 6.76*| 808*| 954¢| 852| 340 @&
22 Nonlinear | 10.20| 836| 7.5 773 841 o6 945  4497.45
AG 16.02* | 10.57*| 10.84* 11154 11.20{ 14.04F 15.07*6.06* | 10.02*
DL 14.63* | 10.44*| 9.45%| 1002+ 10141 12.87f 13.13}5.65* | 8.99*
23 Nonlnear | 6.67 | 7.00| 536| 544 922 930 893  4l19 685
AG 1152¢ | 9.46* | 889%| 938 | 12764 15351 1204f =* | 8.81*
DL 10.03* | 9.05* | 7.69* | 820¢| 11.5417 136* 12081 6| 7.63*
2411 Nonlnear | 571 | 463| 477| 485 557 630 590 2]25 073
AG 6.75* | 568* | 594*| 594*| 7.07*| 7.86¢ 7.3 273} 3.92¢
DL 6.65* | 540* | 567 | 578 | 6.72*| 768 7.11¢ 249 4@
242 Nonlnear | 7.08 | 521| 517| 611 658 746 740 2}22 083
AG 9.33* | 6.79* | 7.01* | 7.84*| 822*| 10014 9.84% 3.26f 4.52*
DL 8.99* | 6.49* | 651* | 7.46*| 7.89*| 951 905¢ 273} 3.96*
3111 Nonlinear | 4.64 | 463| 38| 439 619 672 518 2p0 942.
AG 5.81* | 572* | 482¢| 547¢| 7.54*| 8477 6.33¢ 276 3.99*
DL 5.68* | 555% | 4.74* | 538%| 7.28%| 806 6.21f 254f 3.70*
3112 Nonlnear | 394 | 459| 324 373 528 70p 395 249 753
AG 503* | 590% | 423°| 481*| 681*| 888 515% 3.20f 4.92¢
DL 494+ | 567 | 417¢| 477 | 661¢| 872¢| 502¢| 301} 477
3121 Nonlnear | 531 | 472| 435 471 602 66 645 2]22 073
AG 6.38* | 574* | 532¢| 584*| 7.50*| 803 7.33% 249 .&*
DL 6.34* | 545* | 518 | 569%| 7.18*| 7.79¢| 7.11¢ 2394 .2
321 Nonlnear | 2.77 | 382| 273| 316 446 5256 295 2Jo9 972
AG 3.68* | 473 | 348 | 4.04*| 554*| 6.75¢ 373% 254 @
DL 370 | 452* | 339* | 398*| 547*| 6507 3.69¢ 241 .@*
34 Nonlnear | 4.28 | 393| 340| 405 53¢ 58 463 207 552
AG 5.48* | 520% | 434*| 515%| 6.99%| 7.77*| 593¢ 274} 3.35¢
DL 537* | 501* | 4.29¢ | 499*| 6.74*| 7.51* 572¢ 2.36f 3.15*
3512 Nonlnear | 4.16 | 4.63| 342| 404 642 706 513 1[76 013
AG 6.38* | 6.27* | 463°| 521*| 851*| 844*| 6.20¢ 276 424
DL 502* | 5.86* | 4.24*| 500%| 841*| 869 6.76*| 2.63} 4.42*
7 Nonlnear | 570 | 367| 581 551 500 945 348 747 642
AG 7.78* | 482* | 7.70¢| 7.07¢| 7.02*| 1343{ 483" 893 3.64*
DL 7.20% | 554* | 7.20¢| 6.67%| 7.15*| 12494 4.56% 839} 3.35%

* Significantly different at 5% from the correspa@rd nonlineaNRMSE
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More formally, a closer view at Table 10.4 showattthe averagdlRMSE for VIs time
series fits are better than thlRMSE for multispectral reflectances time series flisese
results are mainly due to the fact that not aludk are identified by the MODIS surface
reflectance quality assessment layer, and some simar localized atmospheric disturbances
still pollute the data classified as clear. Accogly, because Vs are less sensitive than
spectral reflectance bands to cloud contaminatimh @so minimize many contamination
problems present in the spectral wavelength basud) as those associated with aerosol

influences [31], the residuals of the smoothed esiare smaller for VIs.

Now, looking at land cover classes, we see thatrthelinear model fits significantly
overcome the AG and DL fits for Water (7) and Coutius artificial areas (11) because
these functions often fail at reproducing time eenvithout apparent seasonal waveforms
[5], [11]. Still, as AG and DL functions are notllfuversatile and their use is generally
constrained to VIs time series of land cover clasgith seasonal waveforms [5], [9], [11],
[17], [18], we expected those functions to perf@sngood as the nonlinear model for those
datasets. Conversely, we note that the nonlineaehfis to Vis time series for agricultural
cover types, such as Rice crops (23), are signifigguperior to the respective DL and AG
fits. From Figure 10.3, we remark that the AG ardfids describe the EVI data as good as
the nonlinear fits in the time interval around thaximum. At the limbs, however, the fits
are less good than the nonlinear fits. The reasdhat because AG and DL functions are
piecewise, they cannot reproduce the global sebpattarn of the class from a single yearly
time series set of observations. We remark thah@eiAG nor DL functions are able to
depict properly the local maximum (respectively dloaninimum) in the left half
(respectively right half) of the observed curvelisTdrawback was presented before by [5],
which propose the use of three consecutive yeadstaf to correctly model the limbs of the
seasons for the central year. However, if we dohaot data for the surrounding years, this
problem makes difficult the use of AG and DL funas for fitting satellite images time

series.

Importantly also, Figure 10.3 shows that the nadinmodel fits present identical time
patterns for all individuals of the same land caslass, in opposition to AG and DL fits. We
verify this also for natural vegetated land coMasses. For example, AG and DL fits to EVI
time series for Needleleaved forest (321) individuare considerably heterogeneous (Fig.
4). On the other hand, the nonlinear fits to themesdndividuals have consistent time
trajectories and fits are independent of data whsiuces not depicted by the quality

assessment layer. This outcome is extremely imporfar phenological attributes
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identification and land cover classes’ charactéprathrough time series analysis of satellite
images.
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Figure 10.3. Observed EVI time series for three Riogps (23) individuals and the respective nonlinA& and
DL fits.
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Figure 10.4. Observed EVI time series for threedieeaved forest (321) individuals and the respecti
nonlinear, AG and DL fits.

We also perceive that the border values of the @ncwrves fitted by AG and DL functions
do not match (Figure 10.4). We expected the wawegoof natural land cover classes to
present similar EVI values at the beginning andirendimes of the year because we are
dealing with individuals that have recurring seadqratterns across different years — unless
some unexpected environmental forcing effect occumsng the modelled year, which is
never the case here. However, because AG and Ditifims are piecewise, they cannot

reproduce reliable fits using a single yearly tisegies set of observations.
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The nonlinear model fits to VIs time series for inogtural vegetated cover types with slow
time variations, also present significantly lowetirfg residuals. This is the case of, e.qg.
models fits to EVI time series for Eucalyptus faréxl12) observations (Figure 10.5). As
pointed by [11], the reason is that AG and DL fimts often fail at reproducing time series

that do not correspond to the shape of the Gaussikaagistic curves.

0.4 1 04r

EVI

[| © Fitted observations

Observed time series

MNonlinear fit

—=—DLfit

———AGfit
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Time (Weeks) Time (Weeks)

Figure 10.5. Observed EVI time series for two Eygtls forest (3112) individuals and the respeatierlinear,
AG and DL fits.

10.3.3.Phenological key-markers identification and predicion

Identification

Now that we confirmed the ability of the nonlineaodel to fit multispectral reflectances
and VIs time series for diverse land cover classes,will use the modelled curves to
effectively identify phenological measures. Thigisommon approach and several methods
for deriving annual phenological metrics from sniat time series have been proposed in
the literature, e.g. [9], [32]-[35]. These methadm at overcoming data noise corruptions
and at providing a more accurate continuous timglugion of land cover phenological

characteristics that are necessarily discrete @lgarnpled satellite image measurements [4].

Following the lines of [9], we use the first andeed derivatives of our modelled VIs time
series to identify the inflection points of therarannual curves and, accordingly, the
unbiased phenological attributes estimates. Thebeumnd position of the inflection points
depend on the seasonal characteristics of the dawdr class being modelled and on the

respective physical measure used to derive thegbbginal attributes.

To illustrate our approach, we use the Rice cr@33 NDVI time series observations from
our sample database. For example, the minimumefkétond derivative of the modelled

time series is the time for maximum greenness tigading)t" of the crop, while the
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maximum (respectively the minimum) of the first idative corresponds to the ong&t"
(respectively to the offsé?™) time of maturity. In the sequence, we identifg times for
transplant” and harvesting' as the second derivative maxima. An identificataample of
phenological attributes using a Rice crops (23) MDwe series sample observation is

shown in Figure 10.6.
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Figure 10.6. Rice crops (23) phenological attribué@dNDVI time series and respective model fitdaingle
observation; b) first and second derivatives of elled time series as function of time. Verticaldspresent the
times for: Transplanting; Onset of maturitg®™: Maximum greenned’; Offset of maturityt®™; Harvesting

t.

To evaluate the accuracy of our analytical methgelcompared the model-based estimated
phenological times for the Rice crops (23) obséowat of our sample database to the
empirical reference dates provided in PortuguesécAlgural Calendar [36]. More formally,
we followed a rigorous process in two main stepswe fitted each NDVI time series
sample observation (corresponding to geographichdiant pixels) with our smooth model;
2) we estimated three specific phenological kegsldbr each sample observation through
the inflection points of the first and second datives of each continuous fitted curve. The
estimated key-dates, expressed in week of the(Yé@xy) are: the rice crops transplant date
t" (between the I5and the 18 WOY), the maximum greenness tirtte(between the 2%
and the 28 WOY), and the harvesting datfé (between the 33and the 37 WOY). Figure
10.7 shows the estimated Rice crops (23) samplbeapility distributions for the three
phenological dates. In all the cases, not only uhderlying phenological measures are
reasonably estimated, because the mean datespmndeso the theoretical references of
[36], but also the sample estimated phenologicgidates are normally distributed and have

very small standard deviations from the respeaimected date.
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Prediction

Suppose now that we want to predict characteftenological attributes from only a series
of anterior images of the same year. Let usxall{x(t): i = 1,....,n<N; 1<t <T} the
observed intra-annual time series correspondiriige@volution of a reflectance or of a VI in
a given pixel of clas€,. To predict the date of interdg} with t, <t < ty, we start fitting the
available observationswith a parameter model of expression (10.4). Tmecwith censured
datax(t): t > t, that may mislead the initial guess we initialize the solving procedure of
Section 10.2.2 -Parameters identification, with an average meta-parameter
representative of the cla€s (the class model parameters are empirically detexnfrom a

training sample set). Once estimated the fittingcfion sé(t), its evaluation fot > t,, serves

as a prediction for the phenological developmerthefpixel area, and forecasted milestone
dates associated to this particular land coversdanply derive from the variation analysis
of the paths,(t): t>t,.
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Figure 10.7. Estimated Rice crops (23) sample piitityatiistributions for: a) Transplanting tint& b) Maturity
timet™; c) Harvesting time". Vertical bars represent the limits for the phegital reference key-dates
provided in [36] for rice crops in Portugal.

Let us stress that this approach holds only witstbal models that uniformly fit the time
series over a full year period. Analytic modelstioé form of (10.4) naturally meet this
requirement: structurally constrained by definititmey are consistently identifiable from a
time incomplete set of observations, while suffithg versatile to yield patterns able to
match a broad spectrum of land cover classes aysigaih measurements. That is not the
case though with models such as Asymmetric Gaug#i&) or Double Logistic (DL)
functions whose parameters are piecewise constamth&nce unpredictable from one

segment to the next.
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We illustrate the relevance of our model-basediptied approach with two significant case
studies. The first application deals with rice &ophenological attributes prediction.
Reference [29] state that essential rice crop’snplugical stages for evaluating crop
productivity and crop management are the planting, heading and the harvesting dates.
Indeed, vegetation magnitudes at the heading $agedeto potential yield provided that no
accident occurs after that stage [4]. As it seenrgalistic to predict the planting date from
phenological arguments only (it is mainly determdingy human decisions), our analyses
focus on the prediction of heading and harvestetgsl The second application concerns the
prediction of shrubland phenological attributesr @oal here is to predict both the time and
the magnitude of vegetation minimum greenness betoe Portuguese fire season, which
officially starts in June (JOWOY, [37]). Indeed, because fire is sensitivehe guantity of
green vegetation, prescribed burning activities bamefit from the assessment of the
minimum vegetation greenness extent and timing.[38lerefore, if these phenological
attributes are forecasted before fire season, ithefll become easier to plan fire-fighting
activities and to allocate surveillance infrastames in due time. The main difference in
these prediction case studies is related to palittonstrains. On the one hand, agricultural
monitoring undergoes no political constraints, g@mediction can be repeated at any time
during the crop growing season in order to progvess refine phenological attributes
estimates. On the other hand, planning of an efiicforest fire prevention policy imposes

an official date for predicting important phenological attributdsatural vegetation.

Rice crops (23) case study: In Section 10.3.3 ddentification, we considered a set of NDVI
time series sample observations representativecef arops, and for each of these we
estimated the phenological dates of matutifyand harvesting”. We now use these
estimates as the target values that we want tagbred

We remove from our dataset all observations tledbdiyond the current datg and we apply
our prediction procedure to all time series cerguie this way. We notet,’f1
(respectively,'f ) the predicted values to make their conditiongdethelence on observations
up to datet, explicit. The prediction erroeT™ =t™ —tM (respectiveleT" =t" -t") is a
random variable whose statistics (mean, variafjcassess the relevance of our model
through the quality of its prediction.

In Figure 10.8, we present tiRoot Mean Square Prediction Erro(@RMSPE for the dates

of maturity ¥ and for the dates of harvestitijas functions of,. RMSPE were computed
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for all Rice crops (23) sample individuals and fgpet" -k k=1...10 weeks (respectively

t, =t" —k,k=1...10weeks).
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Figure 10.8. Rice crops (23) samR®ISPE for: a) dates of maturit)f' as function of,; b) dates of harvesting
t" as function of,,.

From our experiments, we notice that the prediceorors for botht andt" estimates
decrease dsdecreases, i.e. 45— t" (respectivelyt, — t"). More importantly though, with
six weeks of antecedence (ile= 6), we are able to predict the dates of matutityith +
1.1 weeks of precision; in the same way, RMSPEfor forecasted dates of harvestifids

of approximately + 1.3 weeks when forecasting seveeks ahead (i.&.= 7).

Assume now thaNDVI™ denotes the maximum greenness for Rice crops a8jple

observations at the estimated phenological datesaéirityt", and NDVI,’?I refers to the

forecasted maximum greenness values based on d fittmidkon observations up to date

Consideringk = 6 for all observations, we compute the samplémastd probability
distribution for the maximum greenness predictionore eNM = NDVIM —NDVI,QVA‘, and

present the results in Figure 10.9.

From Figure 10.9, we see that the estimated sapnplEability distribution for the maximum

greenness prediction errors is normal and apprdeinazero mean, with a standard

deviation of 0.05. Moreover, considering that therage sampleNDVI™ is 0.79, then the
estimated standard deviation is only 6% that valtlés result confirms that our model-
based prediction approach provides 6 weeks ahemisprcrop development information for

time-specific crop management.
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Figure 10.9. Estimated Rice crops (23) sample pridityathistribution foreNr':’I , Wheret | =tM -6,

Shrublands (34) case study: Now, consider that we want to predict the minimgraenness
value NDVI™ for Shrubland (34) observations and its respeatate t™ of occurrence based

on a model fitted only to tn past observations e NDVI time series. In our case, the
prediction process is limited tg = 20 past observations to respect the time canstrathe
forest fire prevention program in Portugal. Follagithe same strategy as for rice crops, we
estimate the reference phenological dates of mimingreenness™ and the respective
minimum greennes8IDVI™ for Shrubland (34) sample observations using awalygical
method based on the first and second derivativeshef modelled time series. In the

sequence, we calculate the estimated sample pfibpattistributions for the prediction

errorseT) =t™ -tJ andeNy = NDVI™ - NDVIJ) (Figure 10.10).

0.2 10
8
0.15
E& sg ©
T 01 %
= =
g g ¢
0.05
2
@ (b)
0 \ . > 8 . . .
10 5 0 5 10 02 0.1 0 0.1 0.2
1l gl
eTzo eNzo

Figure 10.10. Estimated Shrubland (34) sample fiéiyedistributions for: apT,3; b)eNy.

The minimum greenness time prediction erretg, for Shrubland (34) sample observations

have an estimated zero mean normal probabilityiligion with a standard deviation of +2

weeks. Considering that the sample avergbés 10 weeks after the prediction détg we
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can state that the estimated standard deviatiothéoprediction error is small and that the
prediction is accurate. Moreover, the minimum gresss prediction errorsNy, have an

estimated zero mean normal probability distributvath a standard deviation of 0.03. We

remark that this value is only 9% the observedayeDVI™ , thus confirming thaiDvID

is precise and can effectively be used for firdHigg planning strategies.

In Figure 10.11, we present ti¢DVI time series model fits for two Shrubland (34)
observations and the respective predicted timesHDVILt), t > too. The visual analysis of

forecasted time series suggest that the model-bareelictions do not mislead the planning
actions to be performed for Shrubland (34) obsémat with divergent greenness

magnitudes.
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Figure 10.11NDVI time series model fits for two Shrubland (34) indials and respective model predictions
for t,,. The rectangles represent the standard deviaftiosT,g andeNy .

10.4.Conclusion

In this paper we proposed and evaluated a modeldbagproach for the identification and
prediction of vegetation phenological attributeheTnethod relies on a consistent, whereas
very simple, nonlinear parametric harmonic modat the developed in a related work [16]
to fit intra-annual multispectral reflectances anfd time series from satellite images. The
identifiability study revealed that the model paetens are easily and perfectly estimated
from a single yearly time series set of observati@md that the sensitivity of the estimation
procedure is independent of parameters magnitude. d&monstrated that the model

parameters are reliably identified from continusigsals sampled on different time lattices,
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as long as the intra-annual time variations of whelerlying signals are captured by the
quantization step. Moreover, the noise power of ehdids to time series synthesized with
different SNR values is always lower than the npiseer of the respective input data, thus

indicating that the model is able to diminish dibances intensity in time series.

The goodness-of-fit confirmed that the nonlinearnt@nic model is sufficiently able to
match multispectral reflectances and VIs time sederived from satellite images for
disparate land cover classes. Moreover, the nanliharmonic model can be used on all
time series data sets without supervision and pesting, because it does not need to be
tuned for specific land cover classes and rematehsed measurements. From a general
viewpoint, the nonlinear harmonic model confirmedbe more versatile than AG and DL
functions to yield a broad spectrum of physical sseaments describing the intra-annual
time evolution of land surface characteristicspéarticular, the nonlinear harmonic model
performed even better than the other fitting altpons for some unexpected situations, such
as for modelling Vs time series of vegetated lander classes, which are the focus of AG
and DL functions. The nonlinear harmonic method,oaflined in this paper, holds the
additional advantage that the time series is fitteer a full year period. Piecewise functions,
such as AG and DL, fail at accurately matchingglubal waveform of numerous time series

because they rely on the linear combination ofllacd independent intra-annual functions.

The original model-based applications presented farthe identification and prediction of
phenological key-attributes revealed extremely essful under particularly difficult

experimental conditions. The identification of pbkgical key-markers using first and
second derivatives of the nonlinear harmonic mquleled reliable and functional for the
study cases. From our experiments, the estimatgdatkebutes perfectly match the
respective reference values for the study area.eMomortant though, the prediction
approach revealed that the model is consistendptifiable from a time incomplete set of
observations and flexible enough to allow for fargs of different phenological attributes
for a broad spectrum of land cover classes. Thiticpdarly interesting and promising

application allowed for the prediction up to tenek®e ahead of important phenological
attributes for agricultural management and preaeaglanning of forest fire fighting

activities and surveillance from only few anteridaservations.

Furthermore, we remark that the model can be apjtienumerous different applications.
Because the five model parameters contain infoonasibout the continuous intra-annual

variation of cover types’ reflectances, we can thigemodel for reducing the dimensionality
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of satellite images time series and the model pat@rs for multitemporal land cover

classification.
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11 CONCLUSIONS

The technologies and methods of remote sensing deskved dramatically to include a

suite of sensors operating at a wide range of intagicales and time frequencies with
potential interest and importance to planners amdl Imanagers. Coupled with the ready
availability of historical remote sensing data, ttegluction in data cost and increased
resolution from satellite platforms, remote sendiaghnology appears poised to make an
even greater impact on planning agencies and laadagement initiatives involved in

characterizing and monitoring land cover at a warid spatial scales. Clearly, however, the
fast-paced developmental nature of remote sensititnblogy often overlooks the needs of
end-users as it continues to outpace the accumnlafiexperience and understanding. As a
result, effective real-world operational examplet land cover characterization and

monitoring from satellite images remain relativedye.

In this research we aimed at giving response toesofmthe land cover characterization
problems endorsed to the Portuguese Geographitutas{IGP) in the framework of the
national land cover mapping program launched in4269 the Portuguese R&D National
Strategy for Space, namely the planning of stratefpr the regular mapping of land cover
distribution and analysis of land cover dynamicsthet national scale. The goal of this
investigation was aimed primarily at developing tRa®bservation (EO)-based products
responding to real IGP needs. The definition, imq@atation and validation of these
products was carried out in close collaborationhwihis end-user organization, and in
agreement with its standards and practices. Tolgatte land cover characterization
problems, we focused on the study of multispedina series data sets of medium spatial
resolution satellite images covering the whole Ryuese territory. We followed a rigorous
process in three main steps: 1) assessment of ulidgemporal information contribution for
land cover classes discrimination at the natiooales 2) definition of an exhaustive land
cover mapping protocol for the automatic productaina land cover map with a set of
multitemporal satellite images and respective amuassessment; and 3) development of a
model to fit time series sets of multispectral Bis@emages for optimizing time information

usage for the characterization of land cover distion and land cover monitoring.

11.1.Main outcomes

From a general viewpoint, the analysis of the ¢bation of multitemporal satellite images
information for land cover classes’ discriminati@@hapter 2) revealed that multispectral

data acquired at indiscriminate intra-annual tidess not significantly improve the overall
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classification accuracy from single date multispganformation. The small contribution of

multispectral information acquired at different éisnfor the overall classification accuracy is
mainly due to the fact that only the discriminatioetween a small number of cover types
benefit from the use of multiple input time featurélevertheless, the combinatorial use of
multispectral information from multiple dates, ndyene summer and one winter image,
demonstrated to be important for the discriminabbepecific land cover classes. Therefore,
as long as the classifier supports the featuresiedsion of the input data set, the

classification results gain with the use of muitiporal data.

In the sequence, we confirmed that the spectrakimdition from satellite images is more
important than the respective temporal informatifor broad land cover classes’
discrimination in the study area (Chapter 3). Iotfdrom the viewpoint of the overall
accuracy, as long as the whole multispectral infdiom for the most discriminant yearly
time (i.e. summer in the case of our study areajsed as input data for the classification
task, the multitemporal information can be disredgdr More importantly though, the results
indicate that the overall land cover classificatiarturacy attained with an intra-annual time
series set of a single spectral measure is alwaysfisantly lower than the accuracy
achieved with the complete multispectral data eetaf single date. This outcome suggests
that even resorting to yearly time series sets aiklde images, it is impossible to
discriminate between the cover types of intereitafappropriate spectral information is not
available. Indeed, we verified that it is necessaryse a complete yearly time series set of
at least three spectral measures to match theifidagen accuracy attained with the

complete multispectral data set for a single date.

From a user’'s perspective, these results are eglyemmportant. The fact that we do not
need all of the yearly images composites to effeitiimprove the discrimination between
cover types, facilitates the land cover classiftwatasks. On the one hand, the use of fewer
input features for classification makes possibke uke of standard classifiers that do neither
need to be tuned by end users and are availalm®# widespread Earth Obervation (EO)
data analysis software. On the other hand, satéttinges processing times are reduced, as
well as the associated images acquisition, stagagecorrection costs. Moreover, the size of
the training sample that is required to deal winaller input dimensional feature space, in
the context of a supervised classification, is alsduced. The reduction in the training

sample size corresponds to a reduction in the saaggjuisition time and cost.

Nonetheless, for other types of EO-based applicgtie.g. forest fires prevention and crop

yields estimation, there is the need to use a cetmphtra-annual time series set of satellite
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images as input features. In Chapter 10, we focusedhe development of a nonlinear
harmonic model for fitting multispectral and vedaia indices time series from satellite
images. The goal was to enhance the contributionudfitemporal information from satellite
images for the land cover characterization, whéducing the subjective involvement of
non-expert end users. From an operational viewpthiet model is consistent, very simple,
parsimonious, readily identifiable, robust to not®d versatile. These properties make it
advantageous over other standard modeling appreaéhe continuous multispectral time
trajectories of land cover individuals can be sumipea into five model parameters that
contain the key time discriminant information frahe whole original discrete time series
datasets. Because the number of model parametpesdgnonious, the model outputs are
effortlessly handled from a computational viewpaimd may be straightforwardly used in
the framework of classification tasks performedwgtandard classifiers. Moreover, because
our nonlinear harmonic model is global and unifgrifils the time series over a full year
period, it is consistently identifiable from a timiecomplete set of observations. The
experimental results suggest that the model canused as an approach to derive
phenological attributes in early time, to servarmgmit features for decision systems, and to
support policy makers within their decision-makifigmeworks. We can use the model-
based prediction approach for the effective estonatin early time, of phenological
features: to derive crop yields estimates; to sevénput for agro-climatic models; and to

detect abnormal crop development cases.

We suggested also that the use of standard smgagehniques for the correction of local

disturbances in satellite images time series mesavoided or at least specifically planned
for each application (Chapter 10). The problemhet it is generically impossible to know

the true signal magnitude under the noise shogssnfor some pixels’ areas that are also
monitored at the surface. Thus, local correctiomshe time series, performed with standard
smoothing techniques, may introduce new unknowworgrand even augment the noise
magnitude. This is always the case in denoisinglpros. Yet, people keep working on new
techniques for it is a very challenging issue .hiis tlissertation, we invoked two solutions to
deal with this problem: 1) to use a model that makgobal fit of the time series, such as our
nonlinear harmonic model; 2) or simply to remove tffected data from the time series
based on satellite images quality assessment laybeslast solution is not as good as the
first because it will reduce both the size of thatad set available for land cover

characterization and the range of analyses thatbeaperformed from an incomplete and
irregularly spaced time series data set. Thus, nwepte the use of the nonlinear harmonic

model to reduce the intensity of disturbances attime series. As the model converts the
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discrete time series measurements into a contino@asurement that is a simple function of
time, it will in addition ease the estimation oetphysical measures magnitudes for dates

that were removed or not recorded by the satelitesor.

Other important contributions of this research @wncthe approach for the automatic
production of a land cover map for Continental Bgal from medium spatial resolution

satellite images and the respective accuracy assesstrategy (Chapter 9). Specifically, we
developed a land cover map with 16 land cover eldsr the study area with an overall
accuracy of 80% * 2% at the 95% confidence levebrddver, the estimated user's

accuracies were, for almost all classes, supenoi6@% and the respective absolute
precisions estimates around 10% at the 95% cordaldéevel. These results suggest that
medium spatial resolution satellite images can ffiecévely used for the automatic land

cover mapping at the national scale. Indeed, the#tic accuracies estimated for our map
are consistent, after nomenclatures synchronizatidth the accuracies of land cover maps
produced by visual interpretation of high spatiesalution satellite images for the same
study area, such as the CLC2000. The success afalris due to the result of numerous
independent investigations performed in the previGhapters, namely: the selection of the
most adequate set of EO data (Chapter 4); theifitas®n strategy (Chapters 5 and 6); and
the definition of an adequate sampling protocol docuracy estimators computation and

testing sample collection (Chapter 7 and 8).

Regarding EO data, we used a time series set @lfisatimages acquired by MERIS sensor
for the year 2005. In Chapter 4, we confirmed RIS data are more suitable than
MODIS data for discriminating between the land coekasses that best characterize the
Portuguese landscape. The results indicate thatditierences in land cover classes’
discrimination are mainly due to the differencesthie spatial resolutions of the images
acquired by both sensors (500 m for MODIS and 300mMERIS). The land cover classes
that frequently mix at MODIS spatial resolution d@he®se that have contiguous spatial
distributions at the national scale and frequeh#lye overlapping borders in the study area
(e.g. grasslands and shrublands; mix forest standspure forest stands). Therefore, those
land cover classes are generally better depictddBRIS data because the geographic areas
they occupy are generally smaller than the spegsblution of MODIS images. Moreover,
we verified that land cover classes that are ctutetl by the same cover type elements, but
in different area proportions (e.g. open foreshdsaand grasslands), are as well better
discriminated with MERIS images. We believe thathis situation the spectral information
of MERIS images is prevailing for the discriminatiof these vegetated land cover classes,

namely due to the spectral wavelength data relaitdthe “vegetation’s red edge”.
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Now, looking at the classification strategy, we dis8 methodological approach that
combined the classification of static land covegrety with a Linear Discriminant Classifier
(LDC) and the classification of intra-annual dynanand cover types with a vegetation
index differentiating technique. In Chapter 5, warfd that by reducing the remotely-sensed
data set through LDC, it is possible to achieveraVand specific land cover classification
accuracies that are quite similar to those attaimiid recently proposed machine learning
approaches, such as the Support Vector Machinelsl{Shhis holds true as long as the land
cover nomenclature and the training sample are golpdelineated for the landscape

characteristics of the study area and used sat@tiges.

In this study, we showed that the SVM does notrfeaercome more standard parametric
and non-parametric classifiers. The machine legroinly performed better than the other
competing algorithms when using high dimensionpbtrmultispectral remotely-sensed data
sets and training sample sizes of reduced dimensiternatively, LDC does not need to be
tuned and the user interaction in the process isinmal, thus reducing the inherent
subjectivity associated with the SVM classifierdéed, we found that SVM are extremely
difficult to tune for the optimal definition of theyper-planes of separation between the land

cover classes of interest.

In Chapter 6, it was also demonstrated that the@gjanizing Maps (SOM) are not as good
as LDC for the land cover classification problerattive wish to resolve. On the one hand,
the classification accuracy attained with the S@GNbwer than that attained with LDC, and
on the other hand, the complexity inherent to thaing of the SOM is not practicable on a
regular mapping production context. Therefore, fram operational viewpoint, the high

overall and per class thematic accuracies provadfdC is a good option for the automatic
land cover classification task, as long as therotlbenponents of the mapping protocol are

correctly defined.

We now would like to elaborate on the sampling gieshat we applied for the computation
of accuracy point estimators, absolute precisiostimates and for the testing sample
collection. It is important to insist on the fabat the validation of land cover products must
be based on a random sample collected throughsin@fusome probabilistic sound design.
This is imperative to correctly publish the resbaresults to the science community. It is
easy to carry out an accuracy assessment prokesthis and it should be implemented in
each land cover mapping program. In this studypm@osed the use of a stratified sampling
design to estimate the overall and per class aciesraf our land cover map (Chapters 7 and

9) and to collect the testing sample (Chapter 8ati8ed sampling must be used to collect
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the testing sample when there is a need to ensuieismum sample size in each stratum, i.e.
to derive specific absolute precision estimatesfioland cover classes presented in the map.
In our case, the goal was to achieve absolute gioes inferior to 10% for all classes
(Chapters 7, 8 and 9). Because the strata sizes kmewn, i.e. the areas occupied per land
cover class in the map, the stratified samplinggieastimators were used also to derive an
overall accuracy absolute precision estimate moeeige than would be obtained from
simple random or systematic sampling without dicaiion. We achieved an absolute
precision of only 2% for map overall accuracy (Clea®). Moreover, there was also a gain
in the estimated overall accuracy because the ibatibn of accuracy estimates from the

individual classes was weighted according to tlea accupied per each class in the map.

Our assessment strategy improved the precision ajf wverall accuracy estimate and
guaranteed that the precision of accuracy estinveeées adequate for all land cover classes,
even for those occupying a small proportion in Botuguese territory. It is important to

mention that the time and human labor used to imefd this accuracy assessment protocol
were smaller than those that would have been nagessattain the same results by using a

different sampling design.

11.2.Main difficulties

The outcomes of the different stand-alone manus;rigresented in this dissertation, were
derived from experimental research works performehl satellite images acquired over the
Portuguese territory. The land cover classes ofnthmenclature are well adapted to the
landscape characteristics of Continental Portugdha national scale. Yet, the proposed
methodological approaches are valid and can befosedher nomenclatures, territories and
image data sets. However, it is important to mentlwat the biophysical conditions that
characterize the Mediterranean landscape of théudarse territory influence the time
contribution of spectral information for land covelasses’ discrimination. Therefore, the
ordering of the spectral bands and dates that wtbleshed for the automatic land cover

classification in this region can not be used ghrdiorwardly within other regions.

It is also important to remark that there are défeces between the samples used for testing
the classifiers performances, and those used &ssidhe thematic accuracy of land cover
maps. To train the classifiers and compare thalividual performances, we resort to a
sample of image pixels per land cover class that dederministically selected. To evaluate
the thematic accuracy of land cover maps, we saleatrandom sample collected all over
the mainland territory using a stratified samplihgsign. The standard differences in the

samples collection were established along withgba@ls of each specific study. Therefore,
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because we used different samples within differes¢arch works, it is expected that some

of the final accuracy results do not match betwerstand-alone manuscripts.

Another limitation faced during this research iated to the quality of the previously
guoted reference sample data sets. Note that saesples were used for the analysis of land
cover classes discrimination, classifiers evaluatéend selection, and for the accuracy
assessment of the derived land cover maps. We ssertathat the whole research is
grounded on the sample data sets that were calldstevisual interpretation of very high
spatial resolution imagery, namely orthorectifiegtia images with four spectral bands
covering the whole Portuguese territory. The hyptitial occurrence of errors during the
labeling of observations can bias the outcomesefseveral studies. Indeed, there are at
least two factors that may affect the quality @& thaining and testing sample databases: 1)
the misregistration between the aerial images &edntedium spatial resolution satellite
images used in the different studies; and 2) thagestivity inherent to the labeling of the
reference sample observations by visual interpogtaif the aerial images. Nevertheless, the
medium spatial resolution satellite images werenggddcally corrected to match as good as
possible the orthorectified aerial images, andréference sample database was recursively
collected by several interpreters to reduce thgestibity inherent to the particular visual

interpretations and labeling of land cover classéservations.

Because this research was focused mainly on tHgsemaf time series sets of multispectral
satellites images, the probability of atmosphemis@ incidence in the data sets is high.
Moreover, observations of the same land cover daasbe corrupted by atmospheric noise
at different times and this also disturbs the regalassification process. In addition, because
we focus on the classification of the whole Poregguterritory, it is obvious that individuals
of the same class that are located at distant gpbgr locations will certainly be affected by
different atmospheric disturbances. This is a sepeoblem that needed to be corrected in
order to tune the intra-annual multispectral timefifes of land cover classes for posterior
analyses. Therefore, to identify and remove thetrimoportant disturbances in the images
data sets, we used the MODIS and MERIS surfaceatefice quality assessment layers.
Nevertheless, it is predictable, and it was vetifie practice, that some minor radiometric
errors are not identified by the quality assessnegrrs and still remain in the data sets. If
this noise is not removed, then the land cover s@iaation results attained with
multitemporal datasets can be biased due to tiraeHp contaminations of classes’
observations. As these disturbances are simil&inith to a shot noise superimposed to the
relevant signal, we tried to correct them throughwse of smoothing techniques (Chapters 2

and 3). However, these corrections on the obsetivesl series may introduce some new
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unknown errors in the real time series and thus tha performed analyses (see Chapter 10).
A good alternative to tackle this issue is the mm@r harmonic model we presented in
Chapter 10. However, because of the research andswapts publication timings, it was
not possible to use the model for the time sermesection tasks performed in Chapters 2 and
3.

We would like to remark that we always performegl@al assessment of the contribution
of the temporal and spectral satellites images rinédion for land cover classes’

discrimination. We did not investigate the differes in land cover classification accuracy at
the individual level for different experimental abtions. Therefore, it is possible that some
interesting and important outcomes were not totalealed during the several experimental
trials. Indeed, the McNemar test can be more itigthan the simple standard analysis of
the difference between two proportions to complee dccuracy results of two classifiers

that have been run on the same testing data.

11.3.Recommendations and future work

At the end of this dissertation, we would like tmirg out some recommendations about the
automatic mapping of land cover distribution ane #malysis of land cover time evolution
using multispectral time series sets of mediumiapedsolution satellite images. Moreover,
we would like to indicate some future research witkt may improve the outstanding

results that were already attained during thisstigation.

In the framework of an automatic classification tpoml for mapping the land cover
distribution from satellite images, we guess tia ¢lassifier is as much important as the
other parts involved in the process. Because eldsifier has its own specificities that
restrict the framework of its application, thera@ single “best” classifier. Indeed, the same
classifier applied to different problems and traineth different data performs differently.
There are other components in a practical work tike that also have an important part in
the whole process. For example, it is extremelyortgnt to perform a deep analysis of the
landscape characteristics and select the most atketand cover nomenclature to represent
them. It is impossible to distinguish between |laage features whose extent lie below the
spatial resolution of the used satellite imageis #xtremely difficult to distinguish between
land cover types that are constituted by similadlaover features. Thus, land cover maps
producers must be reasonable and do not expecttéonatically distinguish between land
cover features that are not separable within tlaiedp spectral and temporal resolutions of

the used satellite images. Indeed, they must répegthat many difficulties in the
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classification process are associated to numesaers that do not depend only on the used

classifier.

Furthermore, the classification approach can aésmbre important than the classifier itself
in the whole mapping process. The classifier dagsieed to be innovative or perfect (note
that there is no classifier like this!); standalassifiers work well under clear classification
approaches! Instead of looking for the best clessive should look in the first place for the
best classification strategy. This is the case,d.the classification strategy that we used to
distinguish between intra-annual static and dyndamd cover classes (Chapter 9). We used
different classifiers to map each of those classebthen find a simple way to combine the
outputs of each classification into a unique fimap. We suggest the producers to focus on
these analyses and split the classification proggsssimple tasks, which results can be

merged at a post-classification stage.

The reference land cover samples collected fanitrgiand testing the classifier are the basis
for the whole work. However, producers discard ithportance of this task and often the
land cover sample observations are not properlgceld because: the ancillary information
used for the reference sample collection (e.g. higholution aerial images) is not
contemporaneous with the satellite images useth®automatic classification; the spatial
resolution of ancillary information is not fine argh for visual identification of the correct
land cover observation label; the image interpseége not experts in discerning land cover
types through visual analysis of remotely-senseadlges. These difficulties may introduce
noise in the sample, change the land cover clasiasistics and penalize the effective
classification results, which are independent ef tised classifier. Therefore, one suggests
the producers to give special attention to theffeculities instead of trying to augment the

classification accuracy by using the same traisegple and simply changing the classifier.

We must insist on the fact that the collected mgstamples are simple representations of the
truth and not the real reference data. Accordintjlg, disparities between the classification
results and the sample observations can occuraleerdrs in the sample database and not
due to the more usual classification errors. Theesfto enhance the accuracy assessment of
land cover maps, we suggest the use of confidemtoggs collected during the labeling of
sample observations. This approach was presente@hapter 8 and the goal is to
complement the traditional map evaluations. Thdidence ratings attributed by the image
interpreters to the observations labels serve pstifor the development of assessment

techniques based on fuzzy sets.
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For future research, we recommend the use of ma$asses in the nomenclature. These
classes, such as agriculture with natural arepsesent independent landscape features that
are characteristic of the Portuguese landscapdeatspatial resolutions of MODIS and
MERIS images. Indeed, these classes are includétkinomenclature that we proposed for
mapping the study area (Chapter 8), but they weseeghrded during the classification
process. The problem is that these classes cabendassified as similar as the remaining
intra-annual static land cover classes of the naha&re. Because the pixels of mosaic
classes contain small area features of several penemus land cover types, it is likely that
a standard discrete classifier will automaticadlipdl the individuals of those classes in one
of the homogeneous land cover types and vice-v@veadid not investigate this situation,
but we think that the use of sub-pixel analysegzyutechniques and especially of
continuous classification schemes (e.g. regressier algorithm) that categorize the
percentage of different homogeneous land coverstypithin each pixel, are excellent

approaches to deal with this issue.

During this study it was not possible to combine thptical spectral wavelength data,
acquired by MERIS and MODIS, with other remotelysed data, such as those acquired by
radar systems. In the past years, this task wasmetsy because these data were acquired
by different satellites, at different times, witliferent spatial resolutions, and with different
standards of geometric correction. Therefore, taenbnization of both types of spectral
wavelength data was difficult and clearly the dfesstion results would not benefit from
this union. Nowadays, the ENVISAT satellite carreesadar system onboard (i.e. ASAR),
that acquires spectral wavelength data with theesapatial and temporal resolutions of
MERIS images, and with the same geometric cormecsiandards. Therefore, the use of
radar data for land cover mapping and its fusici wiese medium spatial resolution optical

images is now easier and promotes the developmeesearch studies on this subject.

We suggest that the nonlinear harmonic model canefbectively adjusted for the

identification and prediction of environmental didtances that harmfully modify the natural
ecosystems. For example, in Portugal, we can racatiuple of challenging issues that may
benefit from the use of the model-based predicipproach, e.g. the monitoring of the
quantity and quality of habitats available for tie@roduction of the Iberian lynx; and the
monitoring of the extension of stubble fields fretder agricultural areas for the nesting of

the great bustard.

To close this manuscript, we would like to summarthe key contributions of this

investigation and to elaborate on the experiencglieed during the PhD work. To do this
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research we needed a problem, and to solve outepnolye needed a motivation. From a
general viewpoint, we wanted to turn possible avst-effective the regular mapping of land
cover distribution and the land cover monitoringle national scale from satellite images.
This is necessary to support numerous real-worlgliggiions, namely for forest fire
prevention, natural resources assessment, crofsyiéstimation and carbon sink prediction.
Current approaches to automatic land cover charzaten from multispectral and
multitemporal satellite images often fail due t@ thelected EO data, used data analysis
methods and algorithms, and accuracy assessmednt@i® In practice, we learned that the
fast development of remote sensing technology d@s®nd the methods and algorithms
used for land cover characterization. Thereforesnesesorting to recently proposed data
analysis techniques, we are not able to cope Wiémtassive EO data acquired by enhanced
satellite sensors. To tackle this issue, our gyateas to simplify the data in order to serve
as input features for current pattern recognitiod machine learning methods. We proposed
and tested two different approaches for two diffe@pplications: to perform an extraction
of the most important information from satelliteages for land cover mapping; to use a
parsimonious model to compress into few informatfeatures the whole information
contained in the enhanced satellite images dasafeethe identification and prediction of
phenological attributes. Both approaches were egpin real case studies and revealed

successful, thus promoting their future applicationoperational programs.

This dissertation was not intended as a compreberssirvey of the state of the art of the
design and analysis procedures for land cover ptedaccuracy assessment. However,
during this investigation, we confirmed that thelemtions of land cover products that are
published in the literature are either insufficiemt incorrectly reported. Despite the
widespread acceptance of accuracy assessmentasiedructures of a statistically sound
accuracy assessment are not recognized. Our gaaloadiscuss options available for land
cover products evaluation before being used imsieinvestigations and policy decisions.
Moreover, we recommended the use of a clear, titatly sound and adequate accuracy
assessment strategy to support the utility of laoger products for diverse national

applications.

Numerous research directions were always open glthia course of this investigation and
some are still open. The most difficult part insthesearch was to select the appropriated
path to follow during the whole investigation. Timember of open doors was immense after
solving each particular and difficult issue. We poge that many points were neither studied
nor solved during this study. Therefore, we redlitgat the end of this investigation is just

the start for a future line of research.
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