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Abstract

Understanding the habitat requirements and distribution of a species igalrior its conservation,

as it can inform us of its needs for survival and where to target conservation action. The Alaotran
gentle lemur Hapalemur alaotrens)jds a critically endangered primate confined to a single site, the
marshes of Lac Alaotra Madagascar. It is therefore of great importance to develop methods that
improve our understanding of which parts of the marsh are of highest conservation value for this
species and help us delimit them in space, thereby assisting conservation efforte grotimd in a

place under strong human pressure.

This studycontributed to this effort by modelling the suitable habitat of the Alaotran gentle lemur
and by exploring factors thatmay influence its distributionThe studyshowed the feasibility of using
Landsat7 images in order to create a map of suitable habitat for the Alaotran gentle lemur with the
method of maximum entropy, using a relatively small set of observations collected during fieldwork
as training dataAll the predictor variablesvere derived from satellite imagery, as other variables
typically used in habitat modelling (such as climatic and topographic) are not melevtene case of
Alaotra marsh, demonstrating the usefulness of remote sensing datd directly for habitat

modelling.
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1 Introduction

1.1 Habitat suitability model ling in conservation

A comprehensive knowledge of the ecological and geographic distribution of species is of key
importance for prioritising and designing conservation actidirzel et al., 2006and isessentialfor
conservation planning(Wintle et al., 2005)and for assessing thehreat from a range of
anthropogenic factors, like when conductify/A(Akcakaya & Atwood, 1997However, detailed
distribution data sufficient for designingound conservation measures is often lacking, and field
research is frequently costly and labour intensiVhis lack of data is even more relevant in the case

of developingcountrieswith high biodiversity levels, where it may seriously hinder conservation
efforts (Gaston & Rodrigues, 200&)neway of overcoming this data shortfall is to build models to
estimate aa LJS Gsait8bie Qabitatand distibution. There are two mainvayways todo it. Firstly, a
mechanistic approackiGusan & Zimmermann, 2000hcorporates the knowledge of mechanisms
that limit the species physiologicallifKearney, 2006) This approach is usually limited by our
incomplete understanding of the complex mechanisms involved. Secondly, and more commonly
used, are correlative models, which statistically reldbe species distribution to the spatial
distribution of some environmental predicto(Soberén & Peterson, 20Q5Jhis is achieved through
guantifying the relationship between field observations and environmental variables that are
expected to reflect some key aspects of the spebi@sitat associatiorfHirzel et al., 2006which is

then used to create spatial predictions of the suitability of the habitat for that species.

The concept of ecological niche ¢entral to habitat modelling. Hutchinsqii957) defined the
fundamental ecological nichef a species athe set of environmental conditions which allow the
species to survive and persidthe geographical expressianf the fundamental nichedescrbesthe
areas with suitable environment fax species,in terms ofabiotic factors The realised ecological
niche (Hutchinson, 1957huilds on the fundamental niche by taking into account biotic factors, such
as the interactions with othespecieslt represents the potential distribution of the speciésnally,

the actual distribution of a species takes into account a further facttre accessibility ofa
potentially suitable habitat patch througtiispersal. In other words, a speciemy be present in a
location with theright environmental conditions andn appropriate group of interacting species
present (or absenf)and which is situated within the reach of the spe€lesigin (Soberén &
Peterson, 2005Habitat suitability(HS)modelstherefore attempt to model theecological nichend
thenprojecti KS aLISOASAQ NBIj dzA NBY Sy i & map/olistitatiehabiaitl LIK A O
is worth highlightingthat in the strict sensdhe resulting predictive mapeflectsthe geographical

distribution of theconditions that the model finslsimiar (within the given environmental variablgs



to the ones where the species has betgtected It isthus at bestat LILINR EA Y GA 2y 2F
fundamental niche (suitable conditiopsvhich might not coincide with the acdistribution of the

species. Therefore, caution must be exercised when usingse predictions as maps af species
distribution (Soberon & Peterson, 2008) S@S NI t GF NAF GA2ya 2F GKS 02y 0!
exist with slightly different scopes, including environmental niche models, habitat suitability models,

species distributn models and resource selection functigB®yce et al., 2002)

Due to thepotential utility of habitat suitability mapsand the increasing availability of computing
power and resources, there are currently manyfelient methods available for modelling thebitat
suitability of a speciefGuisa & Zimmermann, 2000)nitially most researchoicused on models that
use both presence and absenseabundance data as input. Whitsiis is useful in regions that have
been systematically sampled, for most species oaliable presence data is availly includingdata
sources such amecords from museums and herbarislore recently severalmethods have been
developed based on presenomly datg or using presenceplus information extracted from
randomly selected points from thieackgroundstudy areasometimes called pseudabsencegElith

et al., 2006) A last but crucial step is to evaluate the relative performance of the different methods
available, which remains a challenge and is at the nminaam active area of researdAradjo &

Guisan, 2006)

Although the most typical environmental layers in habitat modelling are related to climate and
topography, remote sensing data acquired from planes or satelitg@® a great potential to improve
the predictive performance of such mod€Buermann et al., 200&)nd their use is not uncommon in
studies of speciebabitat relationshipsThs is particularly valid for remote or ioeessible regions of
the world, suchasthe Amazon basiiSaatchi et al., 2008)r the Arctic(Jepsen et al., 2002nd in

data-poor regions that require urgent assessme(@ottschalk et al., 2005)



1.2 Aim and objectives

The aim of this research was to increase our understagdif what constitutes a suitable habitat for
the Alaotran gentle lemurHapalemur alaotrens)s a critically endangered primate dadagascar

(Ganzhorn, 2000Q)and thus contribute to the conservation of this species in the stes of Lac

Alaotra, home of its entire wild population.
The study hadeveralobjectives

x  To explorethe performanceof Maxent as a tool fomodellingpotentially suitable habitat of

the Alaotran gentle lemuo W! ,[n[th@ dontext of a limited set of psence data

x To identify the factorsassociated withthe Alaotran gentle lemudistribution, through a
model of suitable habitat based on presence recordgbtained during fieldwork and

environmental information extracted from Landsat7 multispectral imagfdbe area.

x To investigate the potentiatontribution of satellite imagego habitat modellingand their

limitations.
x To explorehe effectof scale of study on the predictions of the habitat suitability model.

x Tomap the location of suitable habitat fahe Alaotran gentle lemur in the marshes of Lac
Alaotra, from which recommendations for the conservation of this speeiese extracted.
The protocol developed will help in the identification of areas of highest conservation value
in the marsh and wilkllow the maps to be updated periodically as more recent satellite

images become available and more presence data gathered.

This studytacklesan uncommon combination of factors in habitat modelling: a) a relatively small
geographical extent; kg speciexonfined to amarsh; c)it did not usethe typical predictor variables
(such as climate, topography) used in most studies; d) all the predictor variabies model were
either raw satellite images or variables derived from thehfe protocol obtainedni this study will

allow rapid assessments to be conducted, producing a habitat suitability map for the Alaotran gentle

lemur directly from Landsat images and a limited numbeguresence points.

10



1.3 Thesis structure

Chapter 2 gives a backgroutm habitat auitability modelling with a description of some techniques
available. Italso presents concepts related to remote sensing and satellite image processing and
interpretation, with a particular emphasis on the application to conservation. Finally, it ir¢esdu
the species of interesHapalemur alaotrens)sand the study area (Lac Alaotra maralgngwith its

conservation issues.

Chapter 3describes the methods used the study startingwith the protocol employed during the
fieldwork at Lac Alaotra to dect Hapalemur alaotrensigresencedata, an essential input fonabitat
suitability modellng. Landsat? satellite images of the regiware analysedto derive explanatory
environmental variablesonsidered in thenodek. The habitat suitability modellingrocessfollowed

in this study is themxplained in detail.

The results of the study are shown in Chapter 4, from the environmental layers created to train the

models to the resulting habitat suitability maps.

Finally, thediscussion in Chapter places tlem in the broader contextof previousresearch
examinesheir limitations and evaluatesthe potential applicationof habitat suitability modellingo

the conservation of thGL

11



2 Background

In order to create habitat suitability models that can suppoohservation decisions and action,

three basicelements are required:
x  Point locations of where the species of interest has been found present or absent
x  Environmental éita to characterise th@abitat requirements of the species
x  Amethod or algorithm that wi use the pevious data to build the model

The following sectiondiscuss the different types of input dataquired in habitat modellingcoming
both from the species under study and its environmenith a particular emphasis on the use of
remote sensig data.The modelling techniques are then introducetiile the end of the Background

section is devoted to the study site, the Alaotra marsh, and the Alaotran gentle lemur.

2.1 Input data for h abitat suitability modelling

2.1.1 Species input data

HSmodelscan beclassified according to the type of species data they. &mme requirepresence

and absence datayhile others are preseneenly or characterise the background in addition to the
presence points (presence/background). Having data of where a speciesfisundtis a pwerful
source of information, bt a great deal of care has to be taken with such absence information when
modelling habitat suitability. An apparent absence can be in reality a case edateation, a true
absence due to historical reasornikel hunting (even if habitat is suitable) or a true absence due to
non-suitable habitat(Hirzel et al., 2002)t is only the later that should be used as input to madds|

False absences or pseudbsences can seriously bias the results. How reliable absences are will
depend on several factors, including the biologyhef species, its abundance and how the survey is

implemented.

12



2.1.2 Environmental input data

The information about a species habitat required in HS models can come from field surveys, remote
sensingdata and printed or GlSlerived mapsThe environment infomation used in the modelling
varies greatly Climatic variablesre often used usually related to temperature and precipitation
(Tsoar et al., 2007hut also others likesolar radiation and moistur@Hirzel et al., 2006Dther typical
source of infomation is Digital Elevation Model$rom whid topographic variables likeerrain
ruggednesgElith et al., 2006)elevation, slopeand orientation can be derive(Hirzel et al., 2002)
Geological information such as maps of soil composition has also beerfilghcet al., 2006)Many
d0dzRASA AyOf dzRS @I NAland tofer: Mdflandictsses petcentageSf tkd 6 A G | (
cover(Saatchi et al., 2008xnd Vegetation Indice@.u et al., 2004kexplained in sectio2.1.4 Many

of these variables arderived from sagllite images but others can be obtained through GIS, such as
distance toroads, human settlements or the coaftong et al., 2008)Table2.2 in section2.2.1
displays some moreexamplesof HSmodels and th& environmental variablesThe following section

discusses remote sensing data as a source of information for habitat models.

2.1.3 Remote sensing and the use of satellite images in conservation

Remote sensing refers to the acquisition of information about an object, area or phenomenon
without direct contact with it(Lillesand et al., 2008Most remote sensing is performed by measuring
reflected electromagnetic energy, for example visible light, infrared or radar electromagnetic waves.
The physical attributes of iatest for that surface can then be estimated from these measurements.
From the first photography taken from a balloon in 1858, aerial photography flourished when
cameras were taken onboard planes. The next step was the use of satellites for remote sétising
earth from space, starting a few decades ago, which spread from purely research activities to the
current use in a broad range of applications, from science to private industry. For a thorough
discussion about the physical principles behind the rehdi steps that characterise the process of

remote sensing see Schqf007)

Modern remote sensing has many applications, frbasic cartography, to geology, archaeology
hydrology, oceanography and agricukurto mention a few(Lillesand et al., 2008Being able to
obtain remotely sensed data over large areas and even over hiaseobvious advantages also for
monitoring land use, land use change (e.g. deforestation) and the environmeithe@mound direct

data collection over large areas would often be impractical if not simply too costly. This has also
obvious implications foconservation: we can monitor changes on the earth and try to infer how

these changes affect life on it. Even if it is usually not possible to go down to the level of identifying

13



individual plant species, some characteristics of the landscape like the¢atiegestructure can be
measured, and thus remote sensing has been used to produce land cover maps since the 1970s
(Bradley & Fleishman, 2008d&emote sensing has been applied to vegetation monitqigrgdley &
Fleishman, 2008b)including spread of invasive planfginderwood et al., 2003)to measuring
fragmentation of natural communitieand monitoring changes over tinf¢/ang & Moskovits, 200;1)

to conservation planningMuldavin et al., 2001)and even to monitoring of marine ecosystems

(Dustan et al., 2001)

Remote sensings also an invaluable source of information feaibitat modelling, eitherby the
creation of land cover map$ibson et al., 2007}hrough derived parameters related to vegetation
(Buermann et al., 2008, Zerger et al., 2006)y using more direct approaché®econchat et al.,

2002, Wittmann et al., 2002\Ithough habitat suitability modelling has oftéeen based on climatic

data, these kind of variables cannot inform about such important processes as land use change.
Remote sensingata could also beanticularly useful in the case @fidespread species in relatively
homogeneous climates, as well as in general when moving from a broad continental scale to a
smaller regional scale, where vegetation and landscape features need tokba tato account

(Buermann et al., 2008)

From all the remote sensing satellites currently operatirgndsaits probably the most widely used

source ofremote sensing data in habitat suitability modellifgs an example, Landsat was the data
source in 80% of over 120 studies of Hirabitat relationship using satellite image reviewed by
Gottschalk et al(2005) Landsat isa U.S. earth remote sensing satellite program that has been
running since 1972. Its seventh mission, the Landsat 7 satellite, was launched in 1999. The earth
observing sensor onboard this latest mission is the Enhanced Thematic Mapper Plus (Elé+).

2.1 shows the different spectral bands of the ETM+ sensor, which include the colour part of the
spectrum and span to thermal infrared.y’ WHnno GKS aedadisSyQa aoly tAyS
then the raw images have a zigggng empty gap along the satellite track. These gaps are usually

filled using one or several images obtained in near dates.

14



Table2.1: Landsat 7 ETM+ bands

Band Wavelength Pixd resolution Spectral band
TM1 0.45n ®p H 30m Blue
T™M2 0.52n ®c n 30m Green
TM3 0.60n ®c ¢ 30m Red
TM4 0.76n ®don 30m Near Infrared (nIR)
TM5 155mM ®T1 p 30m Mid Infrared (mIR)
TM6 10.4MH ®p 60 m Thermal Infrared
TM7 2.08H ®0 p 30m Mid Infrared (mIR)

8 052nddn 15m Panchromatic (greeto-nIR)

2.1.4 NDVI and other vegetation indices derived from remote sensing data

Active green vegetation strongly absorbs visible blue and red light due to chlorophyll and other
pigments in the laves. At the same time, near infrared wavelengths are scattered because of the cell
structure. This spectral pattern is typical from green biomass and differentiates it from other
common materials on Earth: rock and bare ground have similar reflectandminbands while
clouds, water and snow reflect more neld® than visible lighfLillesand et al., 2008Based on these
properties, several Vegetation Indices have been defined. They are often used in the analysis and

mapping of vegetatiomand are derived from remote sensing data

Themost popular is théNormalised Difference Vegetation Index (NDMWiefined as:

. e Y 1M
v e O+

In the case of Landsat ETM+ sensor, it would be calculated as:

"V4+"Y)3

It is more commonly used than a simple ratio of the near IR and red bands since it helps compensate
for changing ilimination conditions, slope and other factofisillesand et al., 2008NDVI is thus a

YSI AdzZNBE 2 F W3 NEB S yiyeb egetatedrazebs Wil Igice oosilive NSvalues up to 1,
while the index for bare rock and soils would be around zero, and negative (cle$gftor clouds,

water and snow. NDVI is a reliable estimator of vegetation status, although it can béveettsi

atmospheric conditions, sun position and background reflectdReansey Ill et al., 2002)

15



Other increasingly complex Vegetation Indices have beemeloped, either using only two
wavelength bands (typically red and near infrared), or more. They can be simple ratios between the
two bands, normalized ratios or more complex indices (ho@ar or even taking into account the
topography or vegetationayer). For a review of different Vegetation Indices, §8eng et al., 2003)
and (Lu et al., 2004) NDVI and similar indices are among the few satell@ggved variables

commonly used in habitat suitability modéBuermanret al., 2008)

2.2 Habitat suitability modelling techniques

Many differentcorrelative methodsexist to model the habitat suitabilitgr fundamental niche of a
species. These models atgpically static in nature since the dynamic response to environmental
change has beentudiedfor few speciesn enough detail to construct dynamic models. Therefore
there is an assumption of equilibrium (or at least psewedpilibrium) between the observed species
distribution and its environmenbehind static habitat suitaility models(Guisan & Zimmermann,
2000) A wealth of statistical approaches toadelling habitat sitability has been created, which

include

x  Variantsof regression: Least Square regression, GLMs (Generalised Linear Models) and GAMs
(Generalised Additive Models).

x  Classification techniques like CART (Classification and Regressign Trees

x Environmental envelopes, where a speespecific environmental envelope is fitted to the

multi-dimensional environmental space, with modéke|BIOCLIM, HABITAT and DOMAIN
x  Ordinationtechniques based for example oRrincipal Component Analysis (PCA)

x Machine learning techniques, like Artificideural Networks (ANN) and maximunentropy

(Maxent)

x  Other various approachesncluding Bayesian methods, Ecologiddiche Factor Analysis

(ENFA) or genetamigorithms (GARP) @ combine different approaches

Forathorough review of the different methodand references, sefGuisan & Zimmermanr2000)

and (Elith et al., 2006)
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Several studies have compared the performance of different methods for habitat suitability/species
distribution modelling({Guisan & Zimmermann, 20Q@Begurado & Araujo, 2004Elith et al., 2006)
Newer methods tend to outperform the older simpler ones like environmental envelgt®ugh it
might depend on some specific characteristics of each situatnmdelled Some reviews hae
addressed relevant issues likihe effect of the sample siz@Hernandez et al., 2006, Pearson et al.,
2007) the type of geograpbial and environmental distribution of the specigegurado & Aradjo,
2004) the choice ofmeaningfulthresholdsto convert continuous suitability indices into categorical
predictions(Liu et al., 2005he sampling strategf{Hirzel & Guisan, 2002nd sampling biaéhillips,
2008b) Some authors have alsmentified the need of a more explicit mapping of prediction
uncertainty (Ray & Burgman, 2006¢specially when H®apsare used as input to other processes

like PVA or when decisiemaking shouldhot be riskneutral (Elith et al., 2002)

The following sectiondiscuss in more detaiine habitat suitability methodMaxent, as well as some

issues related to the evaluation of mhetive performance.

2.2.1 Maximum entropy : Maxent

The Maximum Entropyapproach (WaxentQ is a well known generalpurpose methodused for
characterizing probability distributions from incomplete informati@n concept thatoriginated in
statistical mechanic¢Jaynes, 1957)The underlying principle is simple: the estimated distribution
should agree with the known dat@ set ofsamplepoints) while avoiding making assumptions not
supported by it. In other words, the method attempts find the distribdion of maximum entropy
closst to the uniform distribution within a set ofimposedconstraintsin the form of WF S| { dzNB & Q
whose expectations are forced to equal thaiveragesover the sampleoints. More details about

the mathemati@al backgroundof Maxentcan be found in(Phillips et al. 2006) When applying
Maxent to HS modelling the sample points are the occurrence localities of the species, the
geographical area of interest defines the space of the distribution and ftla¢ures are the
environmental variablesThe method does therefe not require absence data, although randomly

selected information from thenvironmentalvariabless usedo characterise the features

The maximum entropy approach tohabitat suitability modelling has been implemented athe
softs | NB  Wa(PhiliSsyefi 8., 2005)which can be downloadedfreely from the website

http://www.cs.princeton.edu/~schapire/maxent/
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Maxent is relatively new, and has not been intensively tested like other traditional techniques such
as GLMsMaxent developers have also noticed that the method is vulnerable to biases in the input
data (Phillips et al., 2004Furthermore, the maximum entropy concept is prone to ofiging the
training data(Hernandez et al., 2006¢specially when there is only a small number of samples. In
order to avoid this effect, a regularisation parameter is introduced in Maxent thakesldahe
constraints on the distribution and compensates this tendency to -fitting (Phillips etal., 2004)
Finally, an apparent issue of low transferability is mentioned by Peterson (@08I7) although this

has been contestedPhillips, 2008b)and will require more testing (see sectidn4 for further

discussion)

On the other handMaxent beneits from the advantages inherent of a presermsckground
method, such as the immunity to false absencégart from this, Maxent has been shown to
perform well when compared to other modelling methodsluding inthe review byElith et al.
(2006) the most complete review to datd.obo, 2007)On top of this, everal comparative studies
(Hernandez et al., 2006, Pearson et al., 2007, Wisz et al., B8@&) that Maxentalsoshows a good
performance when little presence data is availabieaking it especially attractive in dapeor

regions.

Table2.2 showa range ofstudies that use Maxent to build models of habitat abitity or species
distribution for different purposes, both in developed and developing countiieBas been applied
at differentextents and resolutionsyith taxaranging from plants to mammaéndusing a variety of
predictor variables The number of presenceamsiples used for training the models range from less

than 5 to over 200.
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Table2.2: Examples of studies that use MAXENT for modelkifgor species distribution

Study Taxon Extent Resolution Variablesused forMaxent Purposeof the study Sample size
Pearson et al. | 13 species of endemic | Madagascar | 1km’ 20 layerqtemperature, Model comparison, method development, Tatg From 4 to 23
(2007) Uroplatusgeckos 58700km’ precipitation, topography) surveys to discover unknown populations
Gibson et al. | Western ground parrot | 329km”in W. | 25x25m topography, distance to coast & Model comparison, aid in locating a rare speci¢ 96
(2007) Australia rivers, fire history, vegetation cover
Pawar et al. 181 species of 25516&m’in | F ™ 12 Y | 19 layers (temperature, To evaluate performance of PA network and From 2 to
(2007) amphibians and reptiles | NE India precipitation, altitude) identify potential expansion areas 208
Peck(2008) brown-headed spider F MH N EMc| 30x30m 20 environmental variables: Togenerate a species and habitat action plan f| 17

monkey Ateles in Ecuador temperature, precipitation, altitude | NW Ecuador for the browheaded spider

fuscicepy land cover from Landsat monkey
Lamb et al. Otomops martiensseni | SubSaharan | ¥ m{ Y H| 16 variables: topography, climate | Tohelp inunderstandng ecological 60
(2008) (African bat) Africa and and land cover (based on MODIS a| determinants of phylogeographic, biogeograplk

Madagascar SPOT) and genetic structurdor 2 related species

Dransfieldet The new palm species | Western 30x30m Not clearly stated, at least Aid in finding new populans of a newly] 90 samples
al. (2008) Tahina spectabilis Madagascar temperature and geology types discovered palm, known from a single locality | but 1 locality
Ficetola et al. | Trachemys scriptaan Italy 13x18km | Temperature, annual solar radiation Assess distributio factorsin Italy, and transition | 121 feral
(2008) alieninvasive slider LINBOALMKAGE A2y X W from presence of feral adults to breedin pops, 16

turtle populations Explore impact of climate change | reproductive
Fuller et al. 11 species including 71880kn, in 2x2km aspect, elevation, wind, sea level | Aid in conservation planning framework fg From 15 to
(2008) cailibou, polar bear and g Alaska pressure, slope, radiatiomflux, decisions underscenarios of futureclimate | 180

arctic birds precipitation,air temperature changein the Arctic Coastal Plagrof Alaska
Buermann et | 2 birds, 2 mammals and| South America| 1x1km Climate(19), topogaphy (2)remote | Explore the use of optical and microwave remo| From 22 to
al. (2008) 4 trees of Amazonia sensing (10) sensing data from MODIS a@uiikSCAT 180
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2.2.2 The evaluation of predictive performance for binary suitability predictions

It is important to assess thaccuracy of ay predictive model a step called validation or evaluation

A first stepin the procesds to obtain a set ofest or evaluationdata, which would ideally be an

independenty collected data set from the training NJ WOI f A 6 NihofieAcBmyfr@nly Rised | & !

alternative is todivide part of the available dataset into training and test sets. This partitioning can

be done in multiple ways that include fixed percentage bootstrapping, randomizatignk-fold

partitioning or jackknifingd Wt -8nle-# &{(Redrson, 2008)In any case, using theametraining

data for testing should be avoided, since it might iialilt to identify cases of ovditting.

The next step is to define some validation statistics. When binary predictions (suitable/unsuitable)

are obtainedthese statisticare commonly based on theonfusion matrixbuilt from thefrequency

of each of he prediction types after projection of the prediction onto ttest data(Table2.3).

Table2.3: The confusion matrix

Recorded present Recorded absent
Predicted present a (true paitive) b (false positive)
Predicted absent c (false negative) d (true negative)

Several statistical tests have been defined based on the confusion rfRgiaxson, 2008)ncluding:

X

X

X

W{ LISOA T A @ddi & D 2 NPrispardin b dbsedved absences correctly preted
d/(b+d)

Bensitivit®d2 NJ  YL.I2NEHES] A @ Sthe Fohapofidn Aol gh€ed ocurrences correctly
predicted, a/(a+c)

WhYAdaAirzy NIGSQ 2NJ WTldemsifivitylt2 AAGA DS TN OGAZ2Yy Q)

The two last variables avoid the use odcorded absences, but can be misleading if the area

predicted as suitablés very big. In theextreme case, if it encompassdélse whole study area,

sensitivity will be 1 and omission rate 0, but the model isinfiirmativeat all. In order & avoidthis

effect, these parameterseed to be testedhgainst the expected accuracy by chartoeverify their

statistical significance.
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2.2.3 Threshold -independent evaluation: AUC

When modelsproduce a continuous predictioit is useful to use an evaluation method that takes

into account more information of the model and does not require the intermediate steygdeéting

a thresholdto convert it to a binary predictianThe seOl £ £t SR W!I' '/ Q 6! NBI ! yRSNH

method provides such a threshelddependent evaluation statistic of model performance.

Receiver Operating Characterisic w h / Q wereOatidiid@Scieated for ignal processing and
have beerused indifferent kinds of classification problems, includiHgmodelling. A ROC curve is
created byplotting Wensitivityd: 3 | A yad I8 OW(@nlisSidn ledof)or all possible thresholddt
describesgthe relation between the proportion oknown presences correctly predicteas present,

and the proportion of observed absencpsgedicted as presen{Pearson, 2008)The AUC is then
calculated as the area under the resulting curkrguitively, the AUCrepresents the probability of

the model correctly classifying a randomly selected presence point aaddomly selected absence
point. Thus a AUC of 0.5 indicates a prediction no better than random (uniform), while the closer

the AUC values are tq the more perfectly the moddk able topredict.

In the case ofpresenceonly methods like Maxentspecificty cannot be calculated as described
above for building ROC curyesnce there is no absence datastead,it is possible to use pseudo
absence (random background points) instead of abseftellips et al., 2004)In that case the
classification problem consists in distinguishing presence from random, instead of from absence. It is

worth noting that the maximum AUC value witien beless than 1
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2.3 Study site: Lac Alaotra wetland
Lake Alaotra is located in theegion of AlaotraMangoroin Madagascarto the north-east ofthe
capital Antananarivo Thislake of tectonic originis surrounded bynatural marsh and rice paddies

created in former marsh areaas can be seen Figure2.1.
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Figure2.1: Lac Alaotra and related wetland

Situated at 750 m altituel, Lac Alaotrdas an approximate swaa€e of 20,000 ha anid the largest
lake of Madagascar. It aldmarbours the biggest papyrus marsh ihe country, coveringaround
23,000 ha(Ranarijaona, 2007)The climate of the area is characterised by a dry season roughly

running fromMayto October, and a rainy season from NovembeAfwil (Mutschler et al., 1998)
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Picture2.1: View of the marsh from the village of Andilana Atsimo

Severalcritically endangred specieswhich are endemic toMadagascarinhabit the lake and
surrounding marsh the Alaotran gentle lemur Hapalemur alaotrensjs and two birds, the
Madagascar pochardAgthia innonata) and the Alaotran little grebe Tachybaptus rufolavat)s
which areboth probablyextinct in the lakgWilmé, 1994) Other specieso be found thereinclude
two endemicmammals 72 species obirds (7 of them endemicsto the countryfPidgeon, 1996&nd

5 very rare species @fdigenous fisfRamanampamonijy et al., 2003)

The marshvegetation is dominated bpapyrus Cyperus madagascariensSyperudatifolius) and
reeds Phragmites communjs shown in Picture 2.2. Other abundant species include the fern
Cyclosorus gongylodesd the aroidTyphonodoruniindleyanum AnnexA shows some pictures of

typical vegetation assemblag@sthe marsh.

Picture2.2. Mature stands of papyrus (left) and reeds (right), with convolutus creepers
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The human population around the lake has increasedffile since 196(Andrianandrasana et al.,
2005) With 120000 ha of ricecultivationand a production of 30000 tonnes of rice perear, the
Alaotra area ishe most important rice productiomegionof Madagasca(Ramanampamonjy et al.,
2003) It is dsoone of the mostmportant inland fishing ground®f the country(Andrianandrasana
et al., 2005)

The main threats to the endemic faumd Lac Alaotra&come from habitat degradation, overhunting
and fishing, competition by introduced fish speci@sasion @ introduced invasive plantegpecially
Salvinia molestaand Eichhornia crassipesgnd siltation due to erosion from the deforested
surrounding hills(Andrianandrasana et al., 2005Jhe main cause for dbitat degradationis
intentional and accidentddurning ofthe marsh, but there is also some degreéhafvesting of reeds
and papyrus andiraining of the marshfor conversion to rice paddieJhefires are mainly used to
create new fishing groundbut also as a tool forclealing cultivated aregshunting the AGL,
extendngthe areaof rice cultivationor evenas a way of displaying politicdissatisfaction(Copsey,
2007) Altogether,the area ofmarsharound Lac Alaotrdas been reduced from around 60,000

80,000 ha to the current 23,000 lmabout 50 year¢Ralainasolo, 2004)

Two promising positive notefor the conservation of Lac Alaotare the declaration othe lake,
marsh and surrounding watersts (totally 722,500 ha)as a Ramsar site in September 2003
(Ramanampamonjy et al., 200@)ndits recently awardeds (i I G dza 2 F &b 2 dz&Sk § &S
t N2 G SO0 S Rempondd prateEtiontstatu3. Its management has beetelegated to Durrell
Wildlife Conservation Trusuntil its future nomination asa permanent Protected Area. The
management plarior the Lac Alaotra areancludes the zonatiowof different categories of usewith

a core protection area where economic activities are strictly forbid(ieB00 ha) an area of core
protection with fishing allowed (5,600 ha) and the rest as area of regulated usg.

Andrianandrasangers comm).
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Figure2.2: Coreconservationareas in Lac Alaotraew protected area

2.4 The Alaotran gentle lemur ( Hapalemur alaotrensis )

The Alaotran gentle lemuH@palemur alaotrensjslocally known a8andraQ > n édndemic primate

of Madagascar, classified by IUCNGagically Bdangered(Ganzhorn et al, 2000 here is some
unresolved controversy ovets taxonomic status, with some researchers considering it a subspecies

(Hapalemur griseus alaotrenyisf the grey gentle lemuHapalemur griseygFausser et al., 2002)

Picture2.3. Closeup of an Alaotran gentle lemur and a typical sighting in its naalihabitat
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Hapalemur alaotrensiforms small family grges with ameangroup size of 8 individuals andh
maximum of 9, which defend one exclusive territory and travel toge{hevergelt et al., 2002)
Territory sizeranges from 0.6 to 8 ha(Mutschler & Tan, 2003with an estimated average territory
of 2 ha(Mutschler et al., 1994)t is cathemeral, being especially active during the first hours of the
day and last hours of the evenifiglutschler et al., 1998)The speciess exclusively folivorous, with
over 95% of the feeding time spentamly fourplant speciesCyperusPhragmitesand two specis

of grassegMutschler, 2002)It is highly cryptic and elusive, easily hiding imetdense papyrus and

reed stands ofhe wetland, which makemonitoringit an extremelydifficult task.

The marshes of Lac Alaotra are suffering from strong human pressurdstgetatly reducinghe

availablehabitat for the AGL The dramatic reductionfanarshextent has been the most important
historical factor for the decline of the Alaotran gentle lemur populat{dtutschler & Tan, 2003)
More recently, fires in the marsh have been a major driver of population dedfires in 2004

destroyed almost 50% of theemainingmarsh habitat(Ralainasolo et al., 200@nd although the
marshappearsable to recover from firgelatively quicklyit is likelyto have hada substantial impact
on the population ofAGL(R. Youngpers. comn). Poaching, especially by inhabit@nof the villages
of Anororo, Antanifotsy and Ambodivoara. (Andrianandrasangyers comm), also probably still

occurs

Durrell Wildlife Conservation Trug¢Durrell) has conducted surveys of the Alaotran gentle lemur
since 1994 (Ralainasolo et al., 2006ps well as participatory monitong since 2001
(Andrianandrasana et al., 2005jargeted at raising awareness of environmeal issues The
populationof AGLhas beerndecreasing rapidlyfrom an estimated11,000in 194 (Mutschler et al.,
1994) to possibly around2000 ndividuals in2006 although it is unknown how reliablehese
abundanceestimates are due to théntrinsic difficulties in monitoring this specie®R. Young, pers

comm).

The criteria(lJUCN, 1994Yor the IUCN classificatiomf the Alaotran gentle lemums critically
endangered reflect the facthat the main threats are considered to be exploitation (A2d) and
reduction of habitat extension and quality (A2B1+2c) which highlights the importance of
understanding the requirements dhe species in terms of habitat in order to inform conservation

action on the ground.
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3 Methods

The following sections describe in detail the methods used forrtéisarch Figure3.1 shows the
different steps in the process leading to the development of a habitat suitability map foA@ie
Data for this analysiscame mainly from two sourcesAlaotran gentle lemurpositions collected

during fieldwork in Madagascar and Landgaatellite imagefrom the study area

Exploration of
otential Calculati
Landsat 7 Generation P I Ay a. on
) contribution Model of habitat
ETM+ |—>| of candidate —> . L
. bl of the selection suitability
images variables different map
variables
Lemur A
sightings

Figure3.1: Overview of tre complete protocol, from the raw information to the prediction map

3.1 Data collection: fieldwork in Lac Alaotra

Fieldwork for data collection was carried out in Lac Alaotra (Madagascar) from the end of April to
the beginning of June 2008. The sampling feasissedon the south western part of the lake, which
contains the largest area of marsh and is thst stronghold of theAlaotran gentle lemurAnother

small population is suspectdd inhabita small patch of marsh, isolated from the main one, at the
northern shore of the lake(Mittermeier et al., 2006)As he AGLis such a cryptic specid&arbutt,

2007) concentrating the effortri the south weseérn populationmaximigd the numberof presence

samplesobtained.

Four villages were used as bases for the data collection: Anororo, Andilana Atsimo, Ambodivoara
and Andreba GareThese villagesre alsoused by Durrell for their participatory monitoring
(Andrianandriasana et al., 200%yhich facilitated the practicalities on the grourtseveral transects
radiating from these villages were selected, totalling approximatelkri0The transed followed
existingchannels in the marshhat were normally used by fishermerThey were repeated several
times (between 3 and 11y pirogues The selectiorof the transectavas done based on local expert
knowledge ofthe lemurpresence, easef accessas well askeeping in mind the need for repetition

of the transects forrelated research on detectability b@urutzeta GuilleraFieldwork effort was
shared with herfor mutual benefit, since we together manaty® cover a larger area using separate

pirogues.Figure3.2 shows thesefour villages and the transects.
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Figure3.2: Location of the study sites and the transects.

The position of eacHirect sighting ofAlaotran gentle lemarsand thetransecttrackswere recorded
with a GPSeithermodelD I N Ay u [ S$3 Sy B GPS6BAIl datdIva3pro)edtetitg UTM
(Universal Transverse Mercatapordinate system (zone 39S) with datum WG&8d storedas

shapefileq.shp) for furtherprocessing and use.

3.2 Remote sensing data: Landsat 7 satellite images

The Landsat 7 ETMmagesusedin this researchwere originally obtained from the Global Land
Cover Facility hitp://www.landcover.org and the pulikher is the U.S. Geological Survéhey
correspond to pth 158and row 72, a Landsatscene thatincludes the whole othe Lac Alaotra and
surrounding marsh and were taken on the 22nd of March 200The imageshave been
radiometrically and geometricallgorrected at sourcend are already georeferenced and stored as

GeoTIFFiles. They are gaffilled using parts okeveral images frorB007 (1st January, 10th of June,
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18th of February, 6th of March and 3rd of Novemb@ife gagfilled stripes present a disntinuity
that is readily noticeable when looking at the images and could potentially have an impact on the

predictions

Thisstudy is based on banddM1 (Blue), TMAGreen), TM3Red), TM4near IR), T (mid IR)and
TMY7 (near IR)with a pixel resolutin of 30 metersAs a reference, the averadeGLterritory (2 ha)
would correspondapproximatelyto 5x5 pixels and the maximunerritory (8 ha)to around 9x9

pixels. They can be seen fnnex B.
Some image prprocessing was requidsbefore being able tause the raw images:

x A constant shift of around 100m between the raw satellite images and the positions
recorded with the GPS was manually identified and corrected for all bands. The available
AYF3Sa R2 y2i KI@S (KS KAIKFAIO2NBBOHTI A 2¥FQ LR

restricted to U.S. Government and affiliated users.

x  The marsh area was identifiadsuallyin TM5and aW Y | RE Krépped version of all the
bandsextracted with ArcGIS9

x There were somescattered clouds over parts of the marshand an unsupervised
classification (see next section for detai#s} & dza SR do2d n@NIsCemide them W

from all the bands

Landsat images used in this study were taken in March 2007 while fieldwork was performed in
spring 2008. With a system asrmymic as the Alaotra marsh, there might be changes in the structure
or quality of the marsh that are not reflected in the older imagEarthermore, the fires that
occurred in late 2007 do not appear in the available March 2007 imadgsugh the impacbof

these issuesvas notevaluatedduring this study working with images closer in time to the data
collection and if possible selecting them with a minimum amount of clouds over the study area

would improve the mentioned problems.

3.3 Environmental layers fo r habitat suitability modelling
In this study, environmental variables typically used in HS models such as topographic and climatic
were uninformative as we were dealing with a relatively small area of marshith constant

elevation and littlemeaningfulclimatic variation. Therefore, theandidate predictor variabledor
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this researchwere extracted from the available remote sensing data and other GIS lasich, as

locationof villages.

The sixavailable raw bands of Landsaere expected toconvey somalegree of information about

the vegetation composition and structure, but not allas likely relevant tothe AGL habitat
suitability. Some bands might be informative by themselves (for exampleaseasy to differentiate
open water from vegetation in thnfrared bands). But@ne image processing on the raw bands
aided inbuilding layers thatcould provide better information abouthe Alaotran gentlelemurQ a
habitat preferences Derived variables can sometimes be better predictors than the raw ones
(Wintle et al., 2005)Thepredictor variablesreated asnput for the HSmodelsare explained in the

following sections.

3.3.1 Vegetation Indices
Vegetation Indices can be calculated based on the ETM+ béafsgiisg ArcGIS9, NDVI andet
following indices werereated.More detail about these indices can be found/@ong et al., 2003)
and(Lu et al., 2004)
x  Nonlinear vegetatiorindex (Nt M
Y 42+ 3

x Renormalised Difference Vegetation Index (R

x Mmﬁbd&mmeRmb(MSR%%%%%i

") 4 229 3+ 1
x H M H DAD -
Atmospherically Resistant Vegetation Index (Ar\,\,t,,). 2% 3 D 1

x Albedo YW1+ "V2+ "VYW3+V4+"V5+"V7

x W, NR 3J @isgediap K1)
0.304*TM1+0.279*TM2+0.474*TM3+0.559*TM4+0.508*TM5+0.186*TM7

x YpDNPBSaaQ o6¢laasSt SR OFLI YCHUY
-0.285*TM1-0.244*TM2-0.544*TM3+0.704*TM4+0.084*TM5-0.180*TM7

x Ya2AadddaNBEQ o¢taasSt SR OFLI YCoOY

0.151*TM1+0.197*TM2+0.328*TM3+0.341*TM4 -0.711*TM5-0.457*TM7
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3.3.2 Principal Component Analysis

Principal Component Analysis (PCA) was performed with ArcdS&d on NDVI arttie raw ETM+
bands which created a new set ofriables,orthogonal to each otherand such that the maximum
amount of information is packed on a few principal components Geeelli & Ellison2004)and

Lillesand et a]2008)for a more thorough discigson of PCA).

3.3.3 Unsupervised classification

An unsupervised classification involves an algorithm that, without any training data, examines the
pixels in an image and aggregates them in classes based only on the image(hilessnd et al.,
2008) In this study, NDVI and the raw ETM+ bands were used as inpuinfamsupervised
classificatiorwith 20 classescarried outin ArcGISSignature files were created and then applied in a

maximuntlikelihood classification of all image pixels.

3.3.4 Measures of habitat heterogeneity
It is reasonable to expect that habitat heterogeneity will have an impacthen AGL habitat
preferences, atleast at some range of geographical scales. In order to incorporate habitat

heterogeneity into the analysiseveralpossibilities were explored:

x  Shanno® diversity index (a measure of the entropy of the image, Seannon(1948) was
calculated for a kernel &k pixelsas:
1 €0
0= — s o B
q & & G
Q1
Where nis the number of pixels ofth valuein the k*k kerneland S the total number of
classesApplied to the classified image, it was an indicator of tregerogeneity created by

the alternation over the landscape of different classes, more or less suitable for the AGL.

x Wl A3IK FNBI dzSy O base8 grthdliad thabd anyima§e/ itk Epid chaesg in
neighbouring pixels will have a highamount of energy inthe high frequenciesof its
spectrum For each pixedn the NDVI rasteithe energycontained on the higher part of the
2D frequency spectrurfor a kernel ofk*k pixels around itwas calculatd usinga 16point
Fast Fourier Transforifsee Proakis & Manolak{2006)for a theoretical background otie

frequency domain)
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x  Percentage of pixelsn a k*k kernelthat belong toa certainhabitat class based on the
unsupervised classification described in the previous section. Variables can be created for

percentge of pixels in each class

x  Semivariogramof the NDVI raster, which describes the spatial correlation of the pixels that
lie ata certaindistanceof each other For a distance d, it is calculated as half dherage
difference squared between the value$ all combination of pixels located at distance d. In

this study it was calculated within a kK kerne| as:

Q= 0.52% o6 Q oH(R?
where N wasthe total number of pixel pairs used the calculatiorand DN(i)the numerical
value of pixeli.

Thesemethods were programmed in Matlab, a numerical computing environment and@noging

language

3.3.5 Distance to villages
¢tKS OINARIFIO6tS WRAalUlIyOS (2 @GAttl3SaQ O02dzZ R LINR OGS
A GIS layer wacrated based on a shapefile provided by Dunéth all the villages around the

marsh
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Table3.1 summarises thecandidate predictor variablesreated forthe HSmodelling. The layer

names in the first column are usée@reafter in this study.

Table3.1: List of layers used as input for Maxent habitat suitability modelling

Layer name Layer Reference
TM1, TM2, TM3, | Raw Landsat7 ETM+ bands Section3.2
T™M4, TM5, TM7
NDVI Normalised Differential Vegetation Index Section3.3.1
ARVI Atmospherically Resistant Vegetation Index Section3.3.1
MSR Modified Simple Rtio (Vegetation Index) Section3.3.1
RDVI Renormalised Difference Vegetation Index Section3.3.1
NLI NontLinear vegetation Index Section3.3.1
KT1 ¢l aasSt SR OFLI GNIyaF2NNI GA 2y Section3.3.1
KT2 ¢l aasSt SR OFLI GNI yaF2NNI GA 2y Section3.3.1
KT3 ¢l aasSt SR OFLI GNIY yaF2NNI GA 2y Section3.3.1
ALB Albedo (Vegetation Index) Section3.3.1
PCAY7 7 Princi@l Components from PCA on NDVI and raw ETM+ by Section3.3.2
uc20 Unsupervised classification (20 classes) based on NDVI an Section3.3.3
ETM+ bands
H3x3 { KIyy 2y QaindéxA(@tsopi forl theclasses in UC2| Section3.3.4
performed on a 3x3 kernel (heterogeneity)
E3x3 WOYSNHE 2y KAIK FTNBIj dzSy OAr S 4 Section3.3.4
PQL_3x3, PQ2_3x3 Percentage of pixels in a 3x3 kernel that belong to class 1/2| Section3.3.4
PQ3_3x3 a 3class unsupervised classification (heterogeneity)
SV1 _3x3 Semivariogram value for distance 1 pixelcoéated on a 3x3 Section3.3.4
kernel (heterogeneity)
D2v Distance to villages (GHased) Section3.3.5

3.4 Processing of the Alaotran gentle lemur

points

The recordedAGLsightingsobtainedcorrespond to the position from which the animals were seen.
Since the GPS reading were taken from the pirogue while on a channel or lake edge, the
corresponding pixel valuex the images will invariably dme kind obverage of theeflectane of

the habitat where the animal was seen anfithe body of waterfrom which t was seen. Therefore
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the pixelvalueis not a pure representative of tifie S Y dzhiiati To compensate for this effect, the
AGLpoints were manually moveperpendicularly tahe trackthree pixek away from the actual GPS
reading Since the average territory is abobx5 pixels, this ensures that a pure pixel is sampled at a
place which falls within the same territorm which the animal was detected\fter creating the
cloud mask from the Landsat image, sevdeahur points had to be removedsthey were located

under clouds or less than 3 pixels away from them.

A final consideration taken into account was that data used for habitat modelling should avoid
having spatial cordation (Guisan & Zimmermann, 2000)hereforein order to avoid pseudo
replication only onesightingpositionwas kept if severalbservationdell in the same pixel or within
neighbouring pigls, since these would send theisleadingmessage to the model that that habitat

is very suitable while in reality corresponding to the sdereur group, thus bringing no real new

information.

3.5 Habitat suitability model ling
Due to the low detectability of the Alaotran gentle lemur in its natural haki@arbutt, 2007the
available absence dataas highly unreliablegven if some transects were repeated several times.

Therefore a preseneenly method was preferred as the tool for modelling suitatdditat.

3.5.1 Maxent

Maxentsoftware (version 3.2.1as used to obtaitdiSmodels by the method of maxium entropy

which has been shown to perform well compared to other methods even inada conditions
(section 2.2.1). Recommended efault values of convergence threshold (0.00Q0f)aximum
number of iterations (500) and blaground points (10000) weralwaysusedwhen building models
(Phillips, 2008a)

3.5.2 Effects of the scale on the analysis

One pixel of the Landsat images represents an area of 30x30 metres, which is smallénethan
minimum territory size of the Alaotran gentle lemur. Therefore likisly that landscape features will
affect habitat suitability at different scale$o investigate this effect, several of the environmental

variables were calculated at differentades

SveralW I @ S N\ND\AXaRableswere createdwith ArcGIS%y averaging the original NDVI over
circular windovs of increasing radiusvariableswere created using radii of 30m, 45m, 60m, 75m,

90m, 120m and 150mThe generation of severafariableswith different sizes wasepeated for
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other variables includingthe Shannon Diversity Indexalculatedover square kernels 08x3, 5x5,

7x7 and X9 pixels) (i K éhergl on high frequenci€¥kernels of3x3 and 5x3.JA ESt 40X WLISNDSYy
samplesofclass = H YR 0Q 61 SNySt aAi S48 oEoX pEpX TETZ
distance 1 and 2 pixels (kernel sizes of 3x3, 5x5 and Aridigx Gummarises thdayers created to

investigate the effect of the scale

3.5.3 Variable exploration, m odel selection and habitat suitability map

Onceall candidate predictor variablesere createdMaxent models were built based on them to
compare theirrelative prediction performance.Thescale at which each variable predicts best was
also studied.Maxent generatd curves of training and test ROC from which AUC figures were
obtained to assess and compare their contribution to the prediction of suitable habitataid this
exploration processagkknife tests were also run with Maxent, where the modelling wasatguk

first excluding each variable in turn, and then using only one variable in turn. Based on the results,
the best predictor variablest their optimum scalewere selected and used to create a set of

competing models.

Test AUC figures weadbtained foreach ofthe models comparedeserving a randomly selected set

of presence samples fdesting and used for selecting a final mod&kest AUC is preferred over

training AUCfor the purpose off 2 RSt O2 Y LJ NR & 2 gerfoanrantépedictng t&s®2 RSt Qa
samples reflectsts capacity to generalisbetter (Phillips, 2008a)In other words validation with
independent test data is generally preferred owarificationwith training data(Aradjo & Guisan,

2006) A map of habitat suitability of the marsh for the Alaotran gemdismur was finally produced

based on the selected model and the contribution to the prediction of each variable was studied.

3.5.4 The issue of transferability

W¢ NI y & FibaNdredictivie nddel €efers to its ability to correctly extrapolate the predictiom

a calibrationareato another unsampled aredPhillips, 2008b)It can refer to spatial transferability
(i.e.from one geographical region to anothdor exanple when searching for new populations of a
species or predicting the impact of invasive spéciasdtemporal transferability (e.g. when a model
is used to predict future suitable habitat under scenarios of climate chafgaysferability is a
different challenge for &4Smodel than interpolation, and the maximum entropy method has been

criticisedas having pooretransferability than other methodé&Peterson et al., 2007)

In order to test thespatial transferability ofmy model, Itrained the MaxentHSmodel with the
lemur positionsfrom 3 villages andeservedthe pointsof the fourth one for testinginstead ofusing
a randonly selectedpercentageof the samples The training and testing was repeated for each

villagein turn asthe testset, in order to compare the resulting AUC values.
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4 Results

This sectiorcollectsthe results obtained along the chain of stepadingto the developmentof a
habitat suitability map for theAGL (see Figure 3.1), starting from the raw input, the UTM
coordinates of lemur sightings and the Landsat 7 images of Lac Alfmkoaved bythe creation and
exploration of derived predictor variables, the selection of a final model andttbation of a habitat

suitability map.

4.1 Alaotran gentle lemur sightings

In total, 88 Alaotran gentle lemursightings were recordeduring fieldwork in the marsh.These
collected positions were prgrocessed as discussed in SecBoh After manually moving the points
3 pixels awayrom the place where the position was onglly recorded on the pirogue andter
removing the pointshat fell under cloud®n the available Landsat imagas well as thespatially
correlatedones 46 Alaotran gentle lemupoints were leff which were used for the analysiBhey
were unevenlydistributed over the different villges, with 8 samples in Anam 13 in Andilana, 5 in
Ambodivoara and 20 in Andreb@hese AGL sightingsare shown inFigure3.2. More detailed maps

of each of the four study sites and the coordinates of the points caoled in Annex D

4.2 Creation of candidate variables for the modelling
The following sections display the candidaredictor variablesbtained for modelling the suitable
habitat of the AGL In some cases, theariableswere calculated for different scalem order to

investigateits effect inthe prediction as described in sectidh5.2

4.2.1 NDVIand other Vegetation Indice s

ThecalculatedNDVIrasteris shown inFigure4.1. Lighter shades of grey correspondhigher NDVI

values, which reflect high photosynthetic activity. Water and bare ground appear as darker tones.

The other calculated Vegetation Indices can be seefnimexE which also displays the correlation
coefficients calculated for each pair of vdri@s Some indices are highly correlatéal each other,

fA1S b5xL $AGK a{wX w55+L |yR WIAINBSYyySaaQo ¢KAAZ
they are both ways to represent the total amount of radiation reflected. On the other hand, ARVI
(which incorporates information of the blue band) tends to have low correlation with other indices.

NDVI is not strongly correlated with any of the colour bands (TM1, TM2 and TM3), which are
strongly correlated to each other. The same is true for the infrdraads (TM4, TM5 and TM7), but

correlation between pairs of colour and infrared bands is rather weak.
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Figure4.1: Normalised Difference Vegetation Index

4.2.2 Principal Component Analysis (PCA)

AnnexFshow tre 4 first Principal Componentsom the PCAon the 6 raw ETM+ bands plus the NDVI

raster, as well as the corresponding eigenvalu@se Principal Components have a decreasingly
significantN> y3S 2F @l fdzSaz gA0GK (GKS o NRvablr adpikeby i 2
values). The eigenvaluesshow that the four first Principal Components include most of the
information,and PC4 has significantly less variation than the first tifbe predictive performance

of using only the 4 first principal corapents compared to using all 7 was tested with Maxent, and

the results can be seen in sectidr8.1.2

4.2.3 Unsupervised classification

Figure4.2 displays the unsupervised classificatidntloe marsh areavith 20 classesbased on the
raw ETM+ bands and NDVI. The colours were manually seléotéentatively reflect broad
categories flue forlake,shades of green for marskegetation,other coloursfor more open and/or
flooded areashasedon my experience in the marshbut it is worth keeping in mind that this is an

unsupervised classification and there has been no training nor grtrutliing of the resulting
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product, which will thus be used for the habitat modellwihout assumptions b the quality of
SIHOK Oflaa FTNRY (KS fSYdNRa LRAYyG 2F GASgo

48°20'0"E 48°30'0"E
1

e ‘ : E——
Anororo Lac Alaotra

17°30'0"S
17°30'0"S

17°40'0"S

48°20'0"E 48°30'0"E

Figure4.2: Unsupervised Classification based on the raw ETM+ bands and NDVI

A manual exploration of theesulting dendrogramwhich representghe distance (or similitude)
between classesallowed me tocreate anotherclassificationwith only 3 classes, which was used
later on as a base for one of the measures of heterogerie@gFigure4.3 for a classied map of the

marsh) Thetwo dendrogramg20 classes and 3 classeajh be seen idnnexG.
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Figure4.3: Reclassification to only 3 classes

4.2.4 Heterogeneity AT A OAOAOACAA

. $6) 5

Some selectedariables genmted at different scale§¥ 2 NJ (1 K S
KAIK FNBIdzSYyOASaQsr WLISNOSyY Gl HHS 2yfeeniohfgrdinsd Ay |
Wi @S NI 3 &R belsdedn AthexH, offering different points of view of the effedf the scale

through NDVI and measures of heterogeneity.

4.3 Maximum entropy habitat suitability model s

4.3.1 Exploration of candidate layers

{KIyy2y RAGSNEAIGE

For each of the groups of candidate rasters mentioned above, models of suitable habitat constructed

with Maxent were usedo compare their performance through the resulting AUC valddsthe
Y2RSta 4SNB O t Odzt F ISR dzaAy3a |

NB 3 dzf ITieRedultsti A 2y Y

were used in thdollowing step (sectiod.3.2) to create a set of competing models.
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4.3.1.1 Raw ETM+ bands
The contributionof the different ETM+ bands was comparedtksining a MaxentHSmodel with

them and looking at the training and test AUC (with 25% samfir testing), averaged ovef?2

repetitions with randomly selected testing samplefgyure4.4 shows the jackknife test AUC resulting

FNRY dzaAy3d 2yte 2yS @witkPohly brlusing all véridkded gxcept Kré Y2 RS
Ok (i K.ZNdelbiggest contributors when used alone are TM5 and TM7, followed by TM2. TM5 and

TM2 have some informi@an that is not contained in the other bands, since they are the ones that

most reduce the test AUC when left out of the model, although the differencesatirer small.

All
™7
™5
™4
T™3
™2
™1

with only
m without

m with all

0.5 0.6 0.7 0.8 0.9 1
Test AUC

Figure4.4: Jackknife orTest AUQGor the different ETM+ bands

4.3.1.2 Number of Principal Components used for modelling
The effecton the model performancef the number of Principal Componenisedwas assessed

with the training and test AUC (with 25% samples for testing), averaged over Bfitioars with

randomly selected testing sampldsgure4.5 displays the resulting AUC values.

0.90
0.88 ——
0.86

0.84 /

0.82

0.80 //

0.78

0.76 o— Training AUC|_

0.74 Test AUC | —
0.72

AUC

1 2 3 4 5 6 7
Number of Principal Component:

Figure4.5: AUC for different number of Principal Components
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Lookingat the test AUC, the 4 first components give the best value, although it is mostly the 3 first
ones that achieve most of it. This result is consistent withconclusion othe visual exploration of

the PCA variableis section4.2.2

4.3.1.3 Vegetation Indices
The performance test in sectich3.1.1was repeated includin@iDVI, NLI, ARVI, ALB, KT1 and KT3,

Vegetation Indices selecteit the basis of their lower correlatio(see sectiord.2.1), and 4 raw
ETM+ bands (TM1, TM2, TM3 and TKbf)reference Figure4.6 shows the resulting jackknife test
and trainingAUCvalues.

with all
NLI
NDVI
KT3
KT1

ARVI with only
ALB m without

= with all
T™7

T™M3
T™M2

T™M1

0.5 0.6 0.7 0.8 0.9 1
Test AUC

Figure4.6: Test of Vegetation Indices performance

NDVI and NLlwere the best performeravhen usedalone, closely followed by albedo, KT1 and KT3
but with small differences. Sin¢€l'l and AL®ere highly correlatedas hapens with NDVI and NLI,
the variables selected for creating competmgdek were NDVIKT3and ALBThe training AUC was
practically the same for all the models build without one variable, showing that there was
redundancy in the information contained ithe full set of variables and that no one was

irreplaceable.
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4.3.1.4 Averaged NDVI
The same test as section4.3.1.1was run with NDVI and the averaged versions of it on gkl

kernel. The results in terms ofseAUC values are shownFigured.7.¢ KS @ f dzSane2¥d2iNa Wt St
were very similar, pointing out to the existence of redundancy on the information conveyed by the

set of variables. The results of modellingwitnly one variable shosd a slight increase of the test

AUC at a kernel size of arounéb4ixels, although the differences in the means are not too strong.
NDVI5px was therefore selected as variable for building candidate models in addition to NDVI in

order to keep the original information.

0.82 | withX
without

0.80
0.7
0.7
0.7
0.7
0.70

NDVI  NDVI2px NDVI3px NDVI4px NDVI5px NDVI6px NDVI9px NDVI11px
kernel size k (pixels)

Test AUC
(o] (o]

N

N

Figure4.7: Test AUC for different sizes of kernel averaging on NDVI

It is interesting to notice that the best predictor among the averaged NDVI variables is theatne th
is calculated over a kernel of 5x5 pixels, equivalent to 150x18@vich igust slightly larger than the

size of the averagklapalemur alaotrensitrritory.

4.3.1.5 Heterogeneity

¢tKS {KIyy2y RAGSNEAGE AYRSE | yR &hbkgrBeNdivés warg KA 3K
compared with the same method as in previous sections (average of 20 repetitions and 25% test
samples) The results ifrigure4.8 clearly show that the Shannon diversity index performs waitse
predicting the testsefi Ky | NI} yYR2Y dzyAT2NYXY LINSRAOGAZ2Y o60GSai
FNEIjdzSYyOASaQ KI §especid@lySEBBSNI O2y i NA 6 dzi A2y
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Figure4.8: Test AUC for different sizes &krnel onH and E

4.3.1.6 Semivariogram

The same trial was then performed with the semivariogram variablegufe 4.9). The

semivariogam value at distance 1 pixel appearederall better on average at predicting the tes

samples than the semivariogram at distance 2 pixels, although the difference is Shaath.also

appearedto be a downwards trend in the test AUC value for increasing kernel aszthe pixel

values locatednore far away from each othettart to becomdess correlated

0.75
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0.70 ™~
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Figure4.9: Test AUC for semivariogram at distances 1 and 2 pixels
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4317 O0AOAAT OACA T £ PEGAI O T £ A1 AOGO @ Ei OEA EAOI
When modelling in Maxent with the different rasters that correspondit6 S WLISNOSy I 3S 2 7F
Of Fdaa MkHKOQ GAGKAY | 1SNYySt 27F {dghatarhdiefthded = (K S
on PQ1 gavdetter predictiors than when using PQ2 or P@HEgure 4.10). There was also some

difference with kernel sizeithin each of these variablek is interesting to note that the kernel size

with better predictive power for PQ1 is 9x9 pixels, which is equivalent to 270x270m, roughly the

maximum size of the Alaotran gentle lemur territory.

0.75
0.70
O
2 0.65 — S L LTV
0 - e - L d
g k _____ ‘_—_ ~~~~"
-
0.60 ——PQ1 [
PQ2
0.55 Q —
- -PQ3
0.50
3x3 5x5 7 9x9 11x11 13x13

kernel size (pixels’

Hgure4.10: Test AUC with only PQ1, PQ2 or PQ3, for different kernel sizes

4.3.1.8 Distance to villages
When constructing models withlA a G I y OS (i 2 , #id fafableagpéasd toobe m gaod

predictor of he test samples (test AU@916 A 1 K wnp: GSad alvyLxsSa FyRrR iT
ETM+ bands and NDW¢learlygiving a higher suitability closer to the villag@is is an artefact of

sampling bias, since most of tidaotran gentle lemusightingscollectedwere indeed seen near
vilagesbutY2aiitf & o0SOFdzAaS (KSe& 6SNBE Ay ! yRNBo6IlQa 0O2Y
access channel near Andilarexes of good quality marshin addition,regions furtheraway from

villageswere not sampled for lemurs. This variable was therefdisearded since it would give the

wrong information that the Alaotran gentle lemur prefers to live near the four villages usettha@s

basesfor the sampling
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4.3.2

Model selection

Based on the testand comparisonsglescribedin the previous sectionghe following variableswere

considered as candidates for the final habsattabilitymodel

X

wké 9¢ab o0l YRaY S W(itBeSUNdleWat af ETME bapds.¢ a T

PCA: the 4 first lfrcipal Components versus allusing PCA versus usiBgM+ with NDVI

Vegetation mdices: one or more from NDVI, NDVI5px, ALB, KT3

Measures of landscape heterogeneityie or more from E3x3, PQ1_9x9, SV1 3x3.

Unsupervised classification: using UC20 versus not using it.

With those variables and comparisons in mirtte tombinationf the layers described ihable4.1

were used to createandidatemodels named m01 to m17.

Table4.1: List of variables of the 17 different candidate models

Model Variables included the model Number
of vars.
mO01 | TM2, TM5, TM7, NDVI, 4
mO02 | All ETM+NDVI5px 7
mO03 | All ETM+NDVI 7
m04 | All ETM+ 6
m05 | PCA(4) 4
m06 | PCA(all) .
mO7 | TM2, TM5, TMANDVINDVI5px, ALB, KT3, PQ1_9x9, SV1_3x3, E3x3, UC20 11
m08 | TM2, TM5, TMMNDVINDVIPX, ALB, KT3, PQ1_9x9, SV1_3x3, E3x3 10
m09 | All ETM+NDVINDVI5px, ALB, KT3, PQ1_9x9, SV1_3x3, E3x3 13
m10 | All ETM+NDVINDVI5px, ALB, KT3, PQ1_9x9, SV1_3x3, BG2® 14
mll | PCA(al)NDVI5px, ALB, KT3, PQ1_9x9, SV1_3x3, 328 14
m12 | PCA(a)l NDVI5px, ALB, KT3, PQ1_9x9, SV1_3x3, E3x3 13
m13 | PCA(4)NDVI5px, ALB, KT3, PQ1_9x9, SV1_3x3, BGZ® 11
m14 | PCA(4)NDVI5px, ALB, KT3, PQ1_9x9, SV1_3x3, E3x3 10
m15 | Al ETM+NDVINDVISpx, ALB, KT3, PQ1_9x9, SV1_3x3,/E239x9, PQ3_11x11,2C | 5
ml6 | TM2, TM5, TMMDVINDVI5px, ALB, PQ1_9x9, UC20 8
ml7 | TM2, TM5, TM/NDV) NDVI5px, ALB, PQ1_9x9 7
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Using a range of models allows us to ask questions such as how well PCA performs versus the ETM+
raw bands; the first 4 Principal Componen&sus all of them; 3 selected ETM+ bands versus all of
them; NDVI only versus other Vegetation Indices; including or excluding unsupervised classification;

using simple models with only 4 variables versus more complex ones (up to 16 variables).

Figure4.11 displays the results of the model comparison in termseragetraining and test AUC
over 50 repetitiond i ' MY WPz 2 F & broetel &y fest ABINGariibs sednithéthere
are greater differencesn the training AUC than in test AU@odel m08 has the largest test AUC

value but several other models such as m15 and m12 have higher training AUC than m08.

3
o
o

ml12

m02

ml6

mO03

3
H
S

3
o
=

mO09

ml17 test AUC

mo5 W training AUC

H

ml13

mO7

MO ——

0.800 0.820 0.840 0.860 0.880 0.900 0.920

Figure4.11: @mparisonof model performance fo the models listed inTable4.1.
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In order to explore the relation between model complexitygd AUC valueshese variables were

plotted against the number of variables used for modelling, as showigure4.12.

0.08 0.92 0.87 .
0.06 P ® o 091 . g 0.86 |4 *
’ -
c . s X 0.90 s 3 S o086 . .
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Figure4.12: Scatterplotsof the number of variableswith p Eaining and test AUC

Theresultsof LIS NXY I y Qa Nibryhg nudemMoNBriaibisverstisytraining and test AUCs,

YR GKS RAFTFSNBYOS o SdtesSAE@nrelisKo@ryinTabled.2(iThé pvafuasy 3 | |/
indicate a significant positive correlation between the number of variables andthettraining AUC
YR G4KS nz odzi | fF01 2F AAIYATAOIYOS FT2N O2NNEBf

Table4.2: Correlation of AUC values with the number of variables in the model

p-value

Number ofvariablesg n 0.9005 <0.01(H.: no positive correlation’
Number ofvariablesg training AUC 0.8992  <0.01(H,: no positive correlation’
Number ofvariablesc test AUC 0.0247  0.9249(H,: no correlation)

This pattern reflects the madng of the concepts of training and test AUC. When more good
explanatory varialds are included in the modethe model has a higher chance of fitting more
tightly to the training data, even at risk of oviiting it. Basically, the model will be able poedict

the training samples with less total predicted arda explainedin section3.5.3 it is better to use

the test AUC than training AUC for model selectiimerefore model m08 was selecteals the best
modeland was subsequently used for creating habitat suitability malps.riodel has the best test
AUCwhile still having aelatively high training AUC able4.3 summarises the variables used as
predictors in theselected modelwhich include 3 original ETM+ bands, 4 Vegetation Indices and 3

variables reflecting habitat heterogeneity at different scales
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Table4.3: Finalpredictor variablesused in the habitat suitaldity model

Variablename Meaning

TM2, TM5, TM7  Raw Landsat7 ETM+ bands

ALB Albedo (Vegetation Index)
KT3 ¢FaasSt SR OFLI GNIyaFT2N¥YIFdAz2y oY U
E3x3 YOy SNHE 2Vy AKHE3IXTIKE kedzéhgi€dogeneity)
NDVI Normalised Differential Vegetation Index
NDVI5px NDVI averaged over a circular window of radius 75m (5 pixel diameter)
PQ1 9x9 % of pixels in a 9x9 kernel from class 1 (out of 3) (heterogeneity)
SV1 3x3 Semivariogram value for distance 1 pixel, on a 3x3 kernel (heterogeneit

Once chosen, the modelling process was run again witAGllsightings used as training samples,
obtaininga training AUC of 0.897 atige training ROC cunghown inFigure4.13.

Training data (ALUC=0.897) ®
Random Prediction (AUC=0.5) ®

Sensitivity (1 - Omission Rate)

I 1 1 1 1 1 1 1 1 1 1
0.0 01 02 0.3 0.4 045 0.6 07 08 049 1.0
1 - Specificity (Fractional Predicted Area)

Figure4.13: ROC curve (sensitivity versusspecificity) for model m08

The jackknife test for the different variables is showifrigure4.14 for the regularised training gain
a measure of goodess of fit to the training data. The overall gain is larger than any of them,
showing that the different variables have complementary useful information and obtain a better fit

as a sethan individually.
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Figure4.14: Jackknife of regularised training gain

Figure4.15 showthe dependency of the prediction with the different variablesed in isolation, to
eliminate the effect of possible correlation between thethrough curves that show the predicted

suitabilityfor the range of input values of each variable.
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Figure4.15: Responsef the model m08(predicted suitability) forthe predictor variables
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There are more or less pronounced peaks of importance for the ETM+ bands TM2 (green), TM5 and
TM7 (mid IR). NDVI and NDVI5px, whichvey information derived from TM3 (red) and TM4 (near

IR) and represent® ANBESyySaaQ 2N @S3SGlGA2y @AI2dz2NE KIF & |
Albedo, the total reflection of light, shows a peak at intermediate values, since both ends of the

range reflect habitat which is intuitively unsuitable (open water reflects little light while fields reflect
Y2NB (KFy @S3aSilraAzy Ft2FdAy3a 2y gl GSNO®d Yco 2N
could reflect that fact that flooded areas are not talnle for the Alaotran gentle lemur. For the
percentage of pixels in a 9x9 kernel of class 1 (which collects the related classes of the original UC20
unsupervised classification where the lemur was seen), there is an almost linear increase as this
percentaye increasesMeanwhile, the two measures of habitat heterogeneig3&3 and SV1_3x3

had the opposite responseyhich seemedto indicate thatHapalemur alaotrensiprefers more

homogeneoudabitats, when looked ahat scale

4.3.3 Evaluating the effect of i and the number of testing samples

The modelwas tested for different values of the regularisatiomultiplier (i ), which controls how
tight the model fis the data used for training. The results can be seekigure4.16 (values are
averages over 50 repetitions, using 25% of the samples for testiagivhiskersindicate £1 SHor

the AUGsamples.

1.00 °
o ¢ train AUC
0.95 |
—a—test AUC
0.90 DY
0.85 + M
O
D
< 0.80 1 1
0.75 1
0.70
0.01 0.1 1 2 5 10

regularization multiplierq |

Figure4.16: Test and Train AUC for differemégularisation multipliers.
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It can be seerthat there is a bigger difference between training and test AUC at laakres of ,
where there isstronger ovetfitting of the model(Saatchi et al., 2008)The value chosen fany
modellingwasi =1, which coincides with theecommendedvaluein the literature (Phillips, 2008a)
The training AUC & that pointlower than the maximum possiblgvhich can be seen as an artefact

of the overfitting to the training datajut the model is morgeneralist yielding a higher test AUC.

4.3.4 Maps of suitable habitat

Once thebest model selectedthe last stepin the processs to obtain a map of habitatgtability
based on the model trained withll the availale AGLpresence samples | ESy & Q& 2 dzii Lddzi Y
be displayed in severautput formats (Phillips & Dudik, 2008, Phillips, 2008ahe easiest to
interpret intuitively is the logistic format, whicllirectly gives an estimatedndex of habitat

suitability.

Figure 4.17 shows the Maxent logistic map of habitat suitability created with the final set of
variablesin model m08 The predictive map is consistent with my intuition of habitat quality and
suitability for the species, based on thransects used during the surveys, some pictures taken from

two high vantage points around the lake (hills in Andilana and Ambodivoara) and the knowledge and
SELISNASYOS 2F 20t SELSNIad ¢KS OKFIyySt ySIN !
high suitability and the marsh is indeed of very high quality. On the other hand, the long transects

that stem south out of Anororo go through rather degraded habitspécially a very large area of

recently burnt marsh in Tananatsimo channel¥actalso reflected in theHSmap.
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Figure4.17: Habitat suitability map corresponding with the best model

It is generally better to avoitiinary prediction maps (suitable/unsuitable)nless the model is well
calibrated or it is essential for the applicatiqiVintle et al., 2005) If such map is requiredy

threshold must be selected, above which the habitat will be considered suitslaleent calculates
some thresholds based on the training data and ROC curve. For this,ntogldébllowing logistic

thresholdswere defined
x  Threshold 1The minimum prediction that corresponds to a presence recOrd45

x  Threshold 2: Equal training sensitivity and specificity: 0.287
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x  Threshold 3: Maximuraum of training sensitivity angpecificity: 0.329

The selecion of a thresholds anarbitrary operation and must take into account the specific target
use of the produced categoricenap. Threshold 1 would be moappropriate if we want to make
sure thatthe map reflects the habitat where the focal species can survive. But wheetiiagg
conservation planning, it might be more appropriate to concentrate efforts in areas of higher
suitability (using thresholds 2 or 3), where the chances of surenallikely to behigher. As an
example,Figure4.18 shows thesuitable/unsuitable habitat map produced using thresholdThe

total area of suitable habitat according to this classification was 18696 ha.
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Habitat Suitability
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0 25 5 10 15 |:| Unsuitable

I N | km 1
T T
48°20'0"E 48°30'0"E

Figure4.18: Predictive map of Suitable/Unsuitable habitatith threshold 1
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If the requirements for the map allow it, it issuallymore reasonable to create a map with more
than simply 2 categoriesAll 3 thresholdsexplained abovevere usedto createthe 4-category map

of habitat suitabilityin Figure4.19.
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Figure4.19: Predictive map of habitat suitability (4 categories)

Some useful figures can be extractednfi the habitat suitability mapTable4.4 shows thearea of
marsh that belongs to each suitability categarylfectares and percentage of the total marsh grea
Thearea of theclassA RSY A FA SR | & invtBeluBsyperdidedi chdsificationt (UQ26) dvas

subtracted from the lowequality category before calculating the figures.
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Table4.4: Percentage of marsh surface in each category of suitability

Suitability category Area (ha) Area (% of total)
Very low suitability 13658ha 42.2%
NormalLow suitability 11703ha 36.2%
NormalHighsuitability 1097ha 34%
High suitability 5896ha 18.2%

One potential use bthe habitat suitability map would b& estimate the maximum number of

territories thatcouldbe harboured within the aa considered suitable (or some level of suitability if
more than one category). As an examplaple4.6 show the figures obtained by taking into account
the range of territory and group sizes discussed in se@idrand a binary map produced using the

lower threshold in sectiod.3.4(0.045), which gavetatal suitable area 018696ha.

Table4.5: Estimated marsh capacity in number of territories and individuals for threshold 0.045

Maximum Average Minimum
Number of territories 31160 9348 2337
Number of individuals 133988 40196 10049

Sinceit is possible that thdower thresholdindicated low suitability or evermarginal habitat the
calculation for the next threshold (0.28Avhich gives a suitable area 6093 ha, providedthe
figures shown imable4.6.

Table4.6: Estimated marsh capacity in number of territories and individuals for threshold 0.287

Maximum Average Minimum
Number of territories 11655 3497 874
Number of individuals 50117 15035 3759

As shown in sectiof.4, the estimated number of Alaotran gentle lemurs has dropped from 11,000
(1994) to around 2000 individuals (2006). The more recent figures point out in the direction of the
lowest figure inTable4.5 and Table4.6, 3759 individuals, whickborrespondto the largest territory

size and threshold 2.
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4.3.5 The issue of transferability

In order to testthe transferability of the model, the modelvas tmined using all the samples

belonging to three villageswhile the data from the fourth was reserved for testing. This was

repeated for all 4 villages in turn as testing sites. The resukire compared with the standard

practice of using a random percegg of the total sample sdor testing In order to compare them

in a fair way the percentage ofandom samples used wasjual to the percentage of samples that

belonged to the testing village, since theseere very different from village to villageTraning and

test AUC valueare shown irFigure4.20 (froml @SN} 3S 2F ¢ NBLISGAGA2YyazT Al

[ [ T | [ [ [ 1
Random 11% Random
test 28% test
test AUC test AUC
Ambodivoara m training Andilana W training
0.4 0506 0.70809 1.0 0.4 05 0.6 0.7 0.8 09 1.0
[ [ [ 1 [ T 1 |
Random Random
43% test 17% test
test AUC
test AUC
Andreba m training Anororo m training
AUC
test test AUC
0.4 0.5 0.6 0.7 0.8 09 1.0 0.4 05 0.6 0.7 0.8 09 1.0

Figure4.20: Test of transferability, reserving each village in turn for tegin

Since the percentage of testing sampleas different for each village, the AU&luescould notbe
directly compared from village to village but the comparisould be donebetweenthe $andonQ
and Willaggrases. When training with samples from one area and testing in a different tme test
AUCwas always reducedIn general, ti was easier for the model to predict when traéd with
samples froma broaderarea than predicting the samples in one village with training from the
others The case of Ambodivoara is particularly striking, vethest AUCbelow 0.5 (worse than
expectedwith arandom prediction) and a training AUC sligtitigher thanwhen using a random set
of samplesThesetestsseenedto point out to an apparehissue of transferabilitpetween areas of

marsh
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5 Discussion

This study showedthe feasibility of using dndsat7 images in order to create a map of suitable
habitat for the Alaotran gentle lemuwith the method of maximum entropysinga relatively small
set of observationgollected during fieldworkit alsodevelopeda new protocoland a practicalool

to inform conservatiormanagementecisions in the area of Lac Alaotkandsat images have been
used in the past for modelling species distributi@ottschalk et al., 2005but they aretypically
accompanied by enronmental layers such as climatic and topographic variabesheyhave been
shown to be useful in complementingaim (Buermann et al., 2008Most studies that usesatellite
images generally enogpass a large geographical amad use samplelcated in distant sitedn a
broader ecological context. The case of the Alaotran gentle lemur is of a very differenEksily,

the range of this specids limited to the marshes of Lac Alaotra, which means that the scale of the
study is substantially smaller than in otheases in the literatureOn top of thisthe traditional
climatic variables antbpographicinformation are of little use in the cas#f a flatand featureless
marsh.| could not find any other study thatxplores the use of maximum entropy method for
habitat suitability analysis in such a small geographical extent, using only satetitved
information. Nevertheless,this study showd after extensive model exploration thaiseful
predictors can be identified from satellite imagery. Thewnged from the raw ETM+ bands to
derived Vegetation Indices and measures of heterogeneity at different séafesal model was built

with Maxent wsingthe best predictors.

The following sectiondraw some lessons from the exploration of predictive variables, discuss ways
forward in terms of additional predictor variables and sources of data, put this study and Maxent in
the context of the current deate over habitat suitabilitymodelling and finally give some
recommendations for theuse of habitat suitability maps to aid theonservation of Hapalemur

alaotrensis in the marshes of Lac Alaotr

5.1 Lessons from the exploration of candidate layers

Some gearal conclusionsan be drawn from theexploration of the raw and derived predictor
variables @plained in the Results sectioRirstly, it is worth noting thasome selected Vegetation
Indices helped improve the predictive performance tbé habitat modek, which highlights the
importance of the vegetation in determining the distribution of the Alaotran gentle lenaur,
terrestrial mammal thatcompletely depends onplants for food and supportover the water of a
marsh Secondly, te exploration of the inflance of the scale orvariable predictive power

demonstratedthat the scale at which the habitat is studied does mattas has been shown in
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previous research(Gottschalk et al., 2005)The study of the semivariogam indicated that the
correlationbetween adjacenpixel values was more relevant for the habitat suitability than those
further apart. Intuitively adjacent pixelshould be nore relevant for the lemurs ahey measurehe

habitat continuity atthe imageresolution H- 6 A G & FNI AYSydadlt dAazy a4 I+ f
territory size would have an impact on a species that relies on the vegetation for support and for
moving around the marshn general, the model results also showed that more homogeaenaas

were more suitable Finally, he Shannondiversity index appearedto be a poor contributor at
predicting the test dataThis variable neresentedthe class diversity within a kernel, buiddhot
convey information about the spatial distribution thfe different pixel classes, which might be more
relevant for the lemurA simple example can clarify this poiRigure5.1 shows two kernels of 6x6
pixels, with only 2 classes. The Shannon diversity index waljbal in both cases, since the diversity

of pixel values is the same (50% of each type), but the left case might represent a very fragmented
and unsuitable area for an Alaotran gentle lem8hannon diversity might be more relevant in
studies where thepresence of differenK 6 AGF G & GAGKAY limportanyfar Yid £ Q&
survival éee Mestre et al(2007)for an example of distribution model where Shannon index is a

good predictoy.

Figure5.1: The sameShannon diversity index on 2 different habitat spatial configurati®n

5.2 Predictor variables: ways forward
This section discusses some possible ways to improve the models of habitat suitability for the
Alaotran gentle lemur by complementing them with other sources of remote sensing data or derived

predictor variables.
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5.2.1 Resolution and t he use of other remote sensing data

A pixel of the Landsat ETMiagescorresponds to a 30x30m square on the groukidhile the
model of habitat suitability producedn this studyis able to predict relatively well a randomly
selected set oftest samples withthat pixel size the question remains if the model could be
improved by adding information dtigherresolutions.The fact that heterogeneity at the scale of the
minimum available resolution (30x30m) contributed in the model to the ptaxticof suitable
habitat encourages further investigation at higher resolutionBe study of heterogeneity at two
different scales simultaneously cowudsoyield interesting pedictor variables. Some remogensing
satellites have higher resolutiorthan Landsat. For exampldKONOSprovides a panchromatic
resolution ofl m (Lillesand et al., 2008phat could be sufficient tadistinguish vegetatio on the
basis of patterngnd texturesin the images, whiclre averaged out at a 30x30m scaked Pasher
et al. (2007)for an example of IKONOS imagery used for habitat modellgy® graphical example,
Figure5.2 displays a Landsanage of an area near Andilamext to the same area extractddom
GoogleEarth (approximately 4m pixegsolution). It seems clear than more information about the

spatial pattern can be extracted from the higher resolution image.

Figureb.2: Resolution omparisan between a Landsat image and an image from GoogleEarth.

Both the landsat image (TM4, March 2007) and an image from GoogleEarth (RGB true colour, Oc
2006)have an approximate widthof 750m and the yellow areas correspond to clouds removed from tl
Landst image.

A more complex step would be to use microwave (RADAR}er(lidar) remote-sensed data, which

offers a different view of the surface and have been used to study vegetation strytiillesand et

al., 2008) For example, RADAR satellites are able to characterise the structure of lower vegetation

layers under forestanopy,a taskout of the capailities of satellites operating at high&equencies,
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