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Abstract  

Understanding the habitat requirements and distribution of a species is critical for its conservation, 

as it can inform us of its needs for survival and where to target conservation action. The Alaotran 

gentle lemur (Hapalemur alaotrensis) is a critically endangered primate confined to a single site, the 

marshes of Lac Alaotra in 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 efforts on the ground in a 

place under strong human pressure.  

This study contributed to this effort by modelling the suitable habitat of the Alaotran gentle lemur 

and by exploring factors that may influence its distribution. The study showed 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 data. All the predictor variables were derived from satellite imagery, as other variables 

typically used in habitat modelling (such as climatic and topographic) are not relevant in the case of 

Alaotra marsh, demonstrating the usefulness of remote sensing data used 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 action (Hirzel et al., 2006) and is essential for 

conservation planning (Wintle et al., 2005) and for assessing the threat from a range of 

anthropogenic factors, like when conducting PVA (Akçakaya & Atwood, 1997). However, detailed 

distribution data sufficient for designing sound conservation measures is often lacking, and field 

research is frequently costly and labour intensive. This lack of data is even more relevant in the case 

of developing countries with high biodiversity levels, where it may seriously hinder conservation 

efforts (Gaston & Rodrigues, 2003). One way of overcoming this data shortfall is to build models to 

estimate a ǎǇŜŎƛŜǎΩ suitable habitat and distribution. There are two main way ways to do it. Firstly, a 

mechanistic approach (Guisan & Zimmermann, 2000) incorporates the knowledge of mechanisms 

that limit the species physiologically (Kearney, 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 relate the species distribution to the spatial 

distribution of some environmental predictors (Soberón & Peterson, 2005). This is achieved through 

quantifying the relationship between field observations and environmental variables that are 

expected to reflect some key aspects of the species-habitat association (Hirzel et al., 2006), which is 

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

The concept of ecological niche is central to habitat modelling. Hutchinson (1957) defined the 

fundamental ecological niche of a species as the set of environmental conditions which allow the 

species to survive and persist. The geographical expression of the fundamental niche describes the 

areas with suitable environment for a species, in terms of abiotic factors. The realised ecological 

niche (Hutchinson, 1957) builds on the fundamental niche by taking into account biotic factors, such 

as the interactions with other species. It represents the potential distribution of the species. Finally, 

the actual distribution of a species takes into account a further factor:  the accessibility of a 

potentially suitable habitat patch through dispersal. In other words, a species may be present in a 

location with the right environmental conditions and an appropriate group of interacting species 

present (or absent), and which is situated within the reach of the speciesΩ origin (Soberón & 

Peterson, 2005). Habitat suitability (HS) models therefore attempt to model the ecological niche and 

then project ǘƘŜ ǎǇŜŎƛŜǎΩ ǊŜǉǳƛǊŜƳŜƴǘǎ ƛƴǘƻ ƎŜƻƎǊŀǇƘƛŎŀƭ ǎǇŀŎŜ ǘƻ ŎǊŜŀǘŜ ŀ map of suitable habitat. It 

is worth highlighting that in the strict sense the resulting predictive map reflects the geographical 

distribution of the conditions that the model finds similar (within the given environmental variables) 
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to the ones where the species has been detected. It is thus at best an ŀǇǇǊƻȄƛƳŀǘƛƻƴ ƻŦ ǘƘŜ ǎǇŜŎƛŜǎΩ 

fundamental niche (suitable conditions), which might not coincide with the actual distribution of the 

species. Therefore, caution must be exercised when using these predictions as maps of a species 

distribution (Soberón & Peterson, 2005). {ŜǾŜǊŀƭ ǾŀǊƛŀǘƛƻƴǎ ƻŦ ǘƘŜ ŎƻƴŎŜǇǘ ƻŦ ǎǇŜŎƛŜǎΩ ƴƛŎƘŜ ƳƻŘŜƭƭƛƴƎ 

exist with slightly different scopes, including environmental niche models, habitat suitability models, 

species distribution models and resource selection functions (Boyce et al., 2002).  

Due to the potential utility of habitat suitability maps and the increasing availability of computing 

power and resources, there are currently many different methods available for modelling the habitat 

suitability of a species (Guisan & Zimmermann, 2000). Initially most research focused on models that 

use both presence and absence or abundance data as input. Whilst this is useful in regions that have 

been systematically sampled, for most species only reliable presence data is available, including data 

sources such as records from museums and herbaria. More recently, several methods have been 

developed based on presence-only data, or using presence plus information extracted from 

randomly selected points from the background study area, sometimes called pseudo-absences (Elith 

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 moment an active area of research (Araújo & 

Guisan, 2006).  

Although the most typical environmental layers in habitat modelling are related to climate and 

topography, remote sensing data acquired from planes or satellites have a great potential to improve 

the predictive performance of such models (Buermann et al., 2008) and their use is not uncommon in 

studies of species-habitat relationships. This is particularly valid for remote or inaccessible regions of 

the world, such as the Amazon basin (Saatchi et al., 2008) or the Arctic (Jepsen et al., 2002) and in 

data-poor regions that require urgent assessments (Gottschalk et al., 2005).   
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1.2 Aim and objectives  

The aim of this research was to increase our understanding of what constitutes a suitable habitat for 

the Alaotran gentle lemur (Hapalemur alaotrensis), a critically endangered primate of Madagascar 

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

Alaotra, home of its entire wild population. 

The study had several objectives: 

× To explore the performance of Maxent as a tool for modelling potentially suitable habitat of 

the Alaotran gentle lemur όΨ!D[Ωύ, in the context of a limited set of presence data. 

× To identify the factors associated with the Alaotran gentle lemur distribution, through a 

model of suitable habitat based on presence records obtained during fieldwork and 

environmental information extracted from Landsat7 multispectral images of the area.  

× To investigate the potential contribution of satellite images to habitat modelling and their 

limitations.  

× To explore the effect of scale of study on the predictions of the habitat suitability model. 

× To map the location of suitable habitat for the Alaotran gentle lemur in the marshes of Lac 

Alaotra, from which recommendations for the conservation of this species were extracted. 

The protocol developed will help in the identification of areas of highest conservation value 

in the marsh and will allow the maps to be updated periodically as more recent satellite 

images become available and more presence data gathered. 

 

This study tackles an uncommon combination of factors in habitat modelling: a) a relatively small 

geographical extent; b) a species confined to a marsh; c) it did not use the typical predictor variables 

(such as climate, topography) used in most studies; d) all the predictor variables in the model were 

either raw satellite images or variables derived from them. The protocol obtained in 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 number of presence points. 
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1.3 Thesis structure  

Chapter 2 gives a background to habitat suitability modelling with a description of some techniques 

available. It also presents concepts related to remote sensing and satellite image processing and 

interpretation, with a particular emphasis on the application to conservation.  Finally, it introduces 

the species of interest (Hapalemur alaotrensis) and the study area (Lac Alaotra marsh) along with its 

conservation issues. 

Chapter 3 describes the methods used in the study, starting with the protocol employed during the 

fieldwork at Lac Alaotra to collect Hapalemur alaotrensis presence data, an essential input for habitat 

suitability modelling. Landsat7 satellite images of the region were analysed to derive explanatory 

environmental variables considered in the models. The habitat suitability modelling process followed 

in this study is then explained 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, the discussion in Chapter 5 places them in the broader context of previous research, 

examines their limitations and evaluates the potential application of habitat suitability modelling to 

the conservation of the AGL.  
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2 Background  

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

three basic elements are required:  

× Point locations of where the species of interest has been found present or absent 

× Environmental data to characterise the habitat requirements of the species 

× A method or algorithm that will use the previous data to build the model 

The following sections discuss the different types of input data required in habitat modelling, coming 

both from the species under study and its environment, with a particular emphasis on the use of 

remote sensing data. The modelling techniques are then introduced while 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  

HS models can be classified according to the type of species data they use. Some require presence 

and absence data, while others are presence-only or characterise the background in addition to the 

presence points (presence/background). Having data of where a species is not found is a powerful 

source of information, but 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 of non-detection, a true 

absence due to historical reasons like hunting (even if habitat is suitable) or a true absence due to 

non-suitable habitat (Hirzel et al., 2002). It is only the later that should be used as input to model HS. 

False absences or pseudo-absences can seriously bias the results. How reliable absences are will 

depend on several factors, including the biology of the species, its abundance and how the survey is 

implemented. 
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2.1.2 Environmental input data  

The information about a species habitat required in HS models can come from field surveys, remote 

sensing data and printed or GIS-derived maps. The environment information used in the modelling 

varies greatly. Climatic variables are often used, usually related to temperature and precipitation 

(Tsoar et al., 2007), but also others like solar radiation and moisture (Hirzel et al., 2006). Other typical 

source of information is Digital Elevation Models, from which topographic variables like terrain 

ruggedness (Elith et al., 2006), elevation, slope, and orientation can be derived (Hirzel et al., 2002). 

Geological information such as maps of soil composition has also been used (Elith et al., 2006). Many 

ǎǘǳŘƛŜǎ ƛƴŎƭǳŘŜ ǾŀǊƛŀōƭŜ ǊŜƭŀǘŜŘ ǘƻ ǘƘŜ ƘŀōƛǘŀǘΩǎ land cover: from land classes to percentage of tree 

cover (Saatchi et al., 2008) and Vegetation Indices (Lu et al., 2004), explained in section 2.1.4. Many 

of these variables are derived from satellite images, but others can be obtained through GIS, such as 

distance to roads, human settlements or the coast (Long et al., 2008). Table 2.2 in section 2.2.1 

displays some more examples of HS models and their environmental variables. The 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., 2008). Most remote sensing is performed by measuring 

reflected electromagnetic energy, for example visible light, infrared or radar electromagnetic waves. 

The physical attributes of interest 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 sensing of the 

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 chain of steps that characterise the process of 

remote sensing see Schott (2007).  

Modern remote sensing has many applications, from basic cartography, to geology, archaeology, 

hydrology, oceanography and agriculture, to mention a few (Lillesand et al., 2008). Being able to 

obtain remotely sensed data over large areas and even over time has obvious advantages also for 

monitoring land use, land use change (e.g. deforestation) and the environment. On-the-ground direct 

data collection over large areas would often be impractical if not simply too costly. This has also 

obvious implications for conservation: 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 
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individual plant species, some characteristics of the landscape like the vegetation structure can be 

measured, and thus remote sensing has been used to produce land cover maps since the 1970s 

(Bradley & Fleishman, 2008a). Remote sensing has been applied to vegetation monitoring (Bradley & 

Fleishman, 2008b), including spread of invasive plants (Underwood et al., 2003), to measuring 

fragmentation of natural communities and monitoring changes over time (Wang & Moskovits, 2001), 

to conservation planning (Muldavin et al., 2001)  and even to monitoring of marine ecosystems 

(Dustan et al., 2001). 

Remote sensing is also an invaluable source of information for habitat modelling, either by the 

creation of land cover maps (Gibson et al., 2007), through derived parameters related to vegetation 

(Buermann et al., 2008, Zerger et al., 2006) or by using more direct approaches (Deconchat et al., 

2002, Wittmann et al., 2002). Although habitat suitability modelling has often been based on climatic 

data, these kind of variables cannot inform about such important processes as land use change. 

Remote sensing data could also be particularly useful in the case of widespread 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 to be taken into account 

(Buermann et al., 2008). 

From all the remote sensing satellites currently operating, Landsat is probably the most widely used 

source of remote sensing data in habitat suitability modelling. As an example, Landsat was the data 

source in 80% of over 120 studies of bird-habitat relationship using satellite image reviewed by 

Gottschalk et al. (2005). Landsat is a 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 (ETM+). Table 

2.1 shows the different spectral bands of the ETM+ sensor, which include the colour part of the 

spectrum and span to thermal infrared. Lƴ нлло ǘƘŜ ǎȅǎǘŜƳΩǎ ǎŎŀƴ ƭƛƴŜ ŎƻǊǊŜŎǘƻǊ ό{[/ύ ŦŀƛƭŜŘ ŀƴŘ ǎƛƴŎŜ 

then the raw images have a zigzagging empty gap along the satellite track. These gaps are usually 

filled using one or several images obtained in near dates. 
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                           Table 2.1: Landsat 7 ETM+ bands 

Band Wavelength Pixel resolution Spectral band 

TM1 0.45-лΦрн ˃Ƴ 30 m Blue 

TM2 0.52-лΦсл ˃Ƴ 30 m Green 

TM3 0.60-лΦсф ˃Ƴ 30 m Red 

TM4 0.76-лΦфл ˃Ƴ 30 m Near Infrared (nIR) 

TM5 1.55-мΦтр ˃Ƴ 30 m Mid Infrared (mIR) 

TM6 10.4-мнΦр ˃Ƴ 60 m Thermal Infrared 

TM7 2.08-нΦор ˃Ƴ 30 m Mid Infrared (mIR) 

8 0.52-лΦфл ˃Ƴ 15 m Panchromatic (green-to-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 leaves. 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 reflectance on both bands while 

clouds, water and snow reflect more near-IR than visible light (Lillesand et al., 2008). Based on these 

properties, several Vegetation Indices have been defined. They are often used in the analysis and 

mapping of vegetation and are derived from remote sensing data.   

The most popular is the Normalised Difference Vegetation Index (NDVI), defined as: 

ὔὈὠὍ=
ὲὩὥὶ ὍὙ ὶὩὨ

ὲὩὥὶ ὍὙ+ ὶὩὨ
 

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

ὔὈὠὍ=
Ὕὓ4 Ὕὓ3

Ὕὓ4 + Ὕὓ3
 

It is more commonly used than a simple ratio of the near IR and red bands since it helps compensate 

for changing illumination conditions, slope and other factors (Lillesand et al., 2008). NDVI is thus a 

ƳŜŀǎǳǊŜ ƻŦ ΨƎǊŜŜƴƴŜǎǎΩ ŦƻǊ ŜŀŎƘ ƛƳŀƎŜ pixel. Vegetated areas will give positive NDVI values up to 1, 

while the index for bare rock and soils would be around zero, and negative (close to -1) for clouds, 

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

atmospheric conditions, sun position and background reflectance (Ramsey III et al., 2002). 
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Other increasingly complex Vegetation Indices have been developed, 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 (non-linear or even taking into account the 

topography or vegetation cover). For a review of different Vegetation Indices, see (Gong et al., 2003) 

and (Lu et al., 2004). NDVI and similar indices are among the few satellite-derived variables 

commonly used in habitat suitability models (Buermann et al., 2008). 

 

 

2.2 Habitat suitability modelling  techniques  

Many different correlative methods exist to model the habitat suitability or fundamental niche of a 

species. These models are typically static in nature since the dynamic response to environmental 

change has been studied for few species in enough detail to construct dynamic models. Therefore 

there is an assumption of equilibrium (or at least pseudo-equilibrium) between the observed species 

distribution and its environment behind static habitat suitability models (Guisan & Zimmermann, 

2000). A wealth of statistical approaches to modelling habitat suitability has been created, which 

include: 

× Variants of regression: Least Square regression, GLMs (Generalised Linear Models) and GAMs 

(Generalised Additive Models). 

× Classification techniques like CART (Classification and Regression Trees) 

× Environmental envelopes, where a species-specific environmental envelope is fitted to the 

multi-dimensional environmental space, with models like BIOCLIM, HABITAT and DOMAIN 

× Ordination techniques, based for example on Principal Component Analysis (PCA) 

× Machine learning techniques, like Artificial Neural Networks (ANN) and maximum entropy 

(Maxent) 

× Other various approaches, including Bayesian methods, Ecological Niche Factor Analysis 

(ENFA) or genetic algorithms (GARP) that combine different approaches 

For a thorough review of the different methods and references, see (Guisan & Zimmermann, 2000) 

and (Elith et al., 2006). 



17 
 

Several studies have compared the performance of different methods for habitat suitability/species 

distribution modelling (Guisan & Zimmermann, 2000), (Segurado & Araújo, 2004), (Elith et al., 2006). 

Newer methods tend to outperform the older simpler ones like environmental envelopes, although it 

might depend on some specific characteristics of each situation modelled. Some reviews have 

addressed relevant issues like  the effect of the sample size (Hernández et al., 2006, Pearson et al., 

2007), the type of geographical and environmental distribution of the species (Segurado & Araújo, 

2004), the choice of meaningful thresholds to convert continuous suitability indices into categorical 

predictions (Liu et al., 2005),the sampling strategy (Hirzel & Guisan, 2002) and sampling bias (Phillips, 

2008b). Some authors have also identified the need of a more explicit mapping of prediction 

uncertainty (Ray & Burgman, 2006), especially when HS maps are used as input to other processes 

like PVA or when decision-making should not be risk-neutral (Elith et al., 2002). 

The following sections discuss in more detail one habitat suitability method, Maxent, as well as some 

issues related to the evaluation of predictive performance.  

 

 

2.2.1 Maximum entropy : Maxent 

The Maximum Entropy approach (ΨMaxentΩ) is a well known general-purpose method used for 

characterizing probability distributions from incomplete information, a concept that originated in 

statistical mechanics (Jaynes, 1957). The underlying principle is simple: the estimated distribution 

should agree with the known data (a set of sample points) while avoiding making assumptions not 

supported by it. In other words, the method attempts to find the distribution of maximum entropy, 

closest to the uniform distribution, within a set of imposed constraints in the form of ΨŦŜŀǘǳǊŜǎΩ 

whose expectations are forced to equal their averages over the sample points. More details about 

the mathematical background of Maxent can 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 the features are the 

environmental variables. The method does therefore not require absence data, although randomly 

selected information from the environmental variables is used to characterise the features.  

The maximum entropy approach to habitat suitability modelling has been implemented as the 

softǿŀǊŜ ΨaŀȄŜƴǘΩ (Phillips et al., 2005), which can be downloaded freely from the website 

http://www.cs.princeton.edu/~schapire/maxent/.  



18 
 

Maxent is relatively new, and has not been intensively tested like other traditional techniques such 

as GLMs. Maxent developers have also noticed that the method is vulnerable to biases in the input 

data (Phillips et al., 2004). Furthermore, the maximum entropy concept is prone to over-fitting the 

training data (Hernández et al., 2006), especially when there is only a small number of samples. In 

order to avoid this effect, a regularisation parameter is introduced in Maxent that relaxes the 

constraints on the distribution and compensates this tendency to over-fitting (Phillips et al., 2004). 

Finally, an apparent issue of low transferability is mentioned by Peterson et al. (2007), although this 

has been contested (Phillips, 2008b) and will require more testing (see section 5.4 for further 

discussion). 

On the other hand, Maxent benefits from the advantages inherent of a presence-background 

method, such as the immunity to false absences. Apart from this, Maxent has been shown to 

perform well when compared to other modelling methods including in the review by Elith et al. 

(2006), the most complete review to date (Lobo, 2007). On top of this, several comparative studies 

(Hernández et al., 2006, Pearson et al., 2007, Wisz et al., 2008) reveal that Maxent also shows a good 

performance when little presence data is available, making it especially attractive in data-poor 

regions. 

Table 2.2 show a range of studies that use Maxent to build models of habitat suitability or species 

distribution for different purposes, both in developed and developing countries. It has been applied 

at different extents and resolutions, with taxa ranging from plants to mammals and using a variety of 

predictor variables. The number of presence samples used for training the models range from less 

than 5 to over 200. 
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Table 2.2: Examples of studies that use MAXENT for modelling HS or species distribution 

Study Taxon Extent Resolution Variables used for Maxent Purpose of the study Sample size 

Pearson et al. 

(2007) 

13 species of endemic 

Uroplatus geckos 

Madagascar, 

587000km
2
 

1km
2 

20 layers (temperature, 

precipitation, topography) 

Model comparison, method development, Target 

surveys to discover unknown populations 

From 4 to 23 

Gibson  et al. 

(2007) 

Western ground parrot 3290km
2
 in W. 

Australia 

25x25m topography, distance to coast & 

rivers, fire history, vegetation cover  

Model comparison, aid in locating a rare species 96 

Pawar  et al. 

(2007) 

181 species of 

amphibians and reptiles 

255168km
2
 in 

NE India 

ҒмƪƳ
2
 19 layers (temperature,  

precipitation, altitude) 

To evaluate performance of PA network and 

identify potential expansion areas 

From 2 to 

208 

Peck (2008) brown-headed spider 

monkey (Ateles 

fusciceps) 

ҒмнлȄмслƪƳ 

in Ecuador 

30x30m 20 environmental variables: 

temperature, precipitation, altitude, 

land cover from Landsat 

To generate a species and habitat action plan for 

NW Ecuador for the brown-headed spider 

monkey 

17 

Lamb et al. 

(2008) 

Otomops martiensseni 

(African bat) 

Sub-Saharan 

Africa and 

Madagascar 

ҒмƪƳн 16 variables: topography, climate 

and land cover (based on MODIS and 

SPOT) 

To help in understanding ecological 

 determinants of phylogeographic, biogeographic 

and genetic structure for 2 related species 

60 

Dransfield et 

al. (2008) 

The new palm species 

Tahina spectabilis 

Western 

Madagascar 

30x30m Not clearly stated, at least 

temperature and geology types 

Aid in finding new populations of a newly 

discovered palm, known from a single locality 

90 samples 

but 1 locality 

Ficetola et al. 

(2008) 

Trachemys scripta, an 

alien invasive slider 

turtle 

Italy 13x18km Temperature, annual solar radiation, 

ǇǊŜŎƛǇƛǘŀǘƛƻƴΣ ΨƘǳƳŀƴ ŦƻƻǘǇǊƛƴǘΩ 

Assess distribution factors in Italy, and transition 

from presence of feral adults to breeding 

populations. Explore impact of climate change 

121 feral 

pops., 16 

reproductive 

Fuller  et al. 

(2008) 

11 species including 

caribou, polar bear and 9 

arctic birds 

71880km
2
, in 

Alaska 

2x2km aspect, elevation, wind, sea level 

pressure, slope, radiation influx, 

precipitation, air temperature 

Aid in conservation planning framework for 

decisions under scenarios of future climate 

change in the Arctic Coastal Plains of Alaska 

From 15 to 

180 

Buermann et 

al. (2008) 

2 birds, 2 mammals and 

4 trees of Amazonia 

South America 1x1km Climate (19), topography (2), remote 

sensing (10) 

Explore the use of optical and microwave remote 

sensing data from MODIS and QuikSCAT 

From 22 to 

180 
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2.2.2 The evaluation of predictive  performance for binary suitability predictions  

It is important to assess the accuracy of any predictive model, a step called validation or evaluation. 

A first step in the process is to obtain a set of test or evaluation data, which would ideally be an 

independently collected data set from the training ƻǊ ΨŎŀƭƛōǊŀǘƛƻƴΩ ŘŀǘŀΦ ! more commonly used 

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

be done in multiple ways that include a fixed percentage, bootstrapping, randomization, k-fold 

partitioning or jackknifing όΨƭŜŀǾŜ-one-ƻǳǘΩύ (Pearson, 2008). In any case, using the same training 

data for testing should be avoided, since it might be difficult to identify cases of over-fitting. 

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

are obtained, these statistics are commonly based on the confusion matrix, built from the frequency 

of each of the prediction types after projection of the prediction onto the test data (Table 2.3). 

Table 2.3: The confusion matrix 

 Recorded present Recorded absent 

Predicted present a  (true positive) b (false positive) 

Predicted absent c (false negative) d (true negative) 

 

Several statistical tests have been defined based on the confusion matrix (Pearson, 2008), including: 

×  Ψ{ǇŜŎƛŦƛŎƛǘȅΩ ƻǊ ΨǘǊǳŜ negŀǘƛǾŜ ŦǊŀŎǘƛƻƴΩ: proportion of observed absences correctly predicted 

d/(b+d) 

× ΨSensitivityΩ ƻǊ ΨǘǊǳŜ ǇƻǎƛǘƛǾŜ ŦǊŀŎǘƛƻƴΩΥ the proportion of observed occurrences correctly 

predicted,  a/(a+c) 

× ΨhƳƛǎǎƛƻƴ ǊŀǘŜΩ ƻǊ ΨŦŀƭǎŜ ǇƻǎƛǘƛǾŜ ŦǊŀŎǘƛƻƴΩΥ  ŎκόŀҌŎύҐ м-sensitivity 

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

predicted as suitable is very big. In the extreme case, if it encompasses the whole study area, 

sensitivity will be 1 and omission rate 0, but the model is not informative at all. In order to avoid this 

effect, these parameters need to be tested against the expected accuracy by chance, to verify their 

statistical significance. 
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2.2.3 Threshold -independent evaluation: AUC   

When models produce a continuous prediction it is useful to use an evaluation method that takes 

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

a threshold to convert it to a binary prediction. The so-ŎŀƭƭŜŘ Ψ!¦/Ω ό!ǊŜŀ ¦ƴŘŜǊ ǘƘŜ wh/ /ǳǊǾŜύ 

method provides such a threshold-independent evaluation statistic of model performance. 

Receiver Operating Characteristic όΨwh/Ωύ ŎǳǊǾŜǎ were originally created for signal processing and 

have been used in different kinds of classification problems, including HS modelling. A ROC curve is 

created by plotting ΨsensitivityΩ ŀƎŀƛƴǎǘ Ψм-ǎǇŜŎƛŦƛŎƛǘȅΩ (omission error) for all possible thresholds. It 

describes the relation between the proportion of known presences correctly predicted as present, 

and the proportion of observed absences predicted as present (Pearson, 2008). The AUC is then 

calculated as the area under the resulting curve. Intuitively, the AUC represents the probability of 

the model correctly classifying a randomly selected presence point and a randomly selected absence 

point. Thus an AUC of 0.5 indicates a prediction no better than random (uniform), while the closer 

the AUC values are to 1, the more perfectly the model is able to predict. 

In the case of presence-only methods like Maxent, specificity cannot be calculated as described 

above for building ROC curves, since there is no absence data. Instead, it is possible to use pseudo-

absence (random background points) instead of absence (Phillips 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 will then be less than 1. 
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2.3 Study site: Lac Alaotra  wetland  

Lake Alaotra is located in the region of Alaotra-Mangoro in Madagascar, to the north-east of the 

capital Antananarivo. This lake of tectonic origin is surrounded by natural marsh and rice paddies 

created in former marsh areas, as can be seen in Figure 2.1.  

 

Figure 2.1: Lac Alaotra and related wetland 

 

Situated at 750 m altitude, Lac Alaotra has an approximate surface of 20,000 ha and is the largest 

lake of Madagascar. It also harbours the biggest papyrus marsh in the country, covering around 

23,000 ha (Ranarijaona, 2007). The climate of the area is characterised by a dry season roughly 

running from May to October, and a rainy season from November to April (Mutschler et al., 1998). 



23 
 

 

Picture 2.1: View of the marsh from the village of Andilana Atsimo 

Several critically endangered species which are endemic to Madagascar inhabit the lake and 

surrounding marsh: the Alaotran gentle lemur (Hapalemur alaotrensis) and two birds, the 

Madagascar pochard (Aythia innonata) and the Alaotran little grebe (Tachybaptus rufolavatus) 

which are both probably extinct in the lake (Wilmé, 1994). Other species to be found there include 

two endemic mammals, 72 species of birds (7 of them endemics to the country)(Pidgeon, 1996) and 

5 very rare species of indigenous fish (Ramanampamonjy et al., 2003). 

The marsh vegetation is dominated by papyrus (Cyperus madagascariensis, Cyperus latifolius) and 

reeds (Phragmites communis), shown in Picture 2.2. Other abundant species include the fern 

Cyclosorus gongylodes and the aroid Typhonodorum lindleyanum. Annex A shows some pictures of 

typical vegetation assemblages in the marsh. 

 

   

Picture 2.2. Mature stands of papyrus (left) and reeds (right), with convolutus creepers 
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The human population around the lake has increased five-fold since 1960 (Andrianandrasana et al., 

2005). With 120,000 ha of rice cultivation and a production of 300,000 tonnes of rice per year, the 

Alaotra area is the most important rice production region of Madagascar (Ramanampamonjy et al., 

2003). It is also one of the most important inland fishing grounds of the country (Andrianandrasana 

et al., 2005). 

The main threats to the endemic fauna of Lac Alaotra come from habitat degradation, overhunting 

and fishing, competition by introduced fish species, invasion of introduced invasive plants (especially 

Salvinia molesta and Eichhornia crassipes) and siltation due to erosion from the deforested 

surrounding hills (Andrianandrasana et al., 2005). The main cause for habitat degradation is 

intentional and accidental burning of the marsh, but there is also some degree of harvesting of reeds 

and papyrus and draining of the marsh for conversion to rice paddies. The fires are mainly used to 

create new fishing grounds but also as a tool for clearing cultivated areas, hunting the AGL, 

extending the area of rice cultivation or even as a way of displaying political dissatisfaction (Copsey, 

2007). Altogether, the area of marsh around Lac Alaotra has been reduced from around 60,000-

80,000 ha to the current 23,000 ha in about 50 years (Ralainasolo, 2004). 

Two promising positive notes for the conservation of Lac Alaotra are the declaration of the lake, 

marsh and surrounding watersheds (totally 722,500 ha) as a Ramsar site in September 2003 

(Ramanampamonjy et al., 2003), and its recently awarded ǎǘŀǘǳǎ ƻŦ άbƻǳǾŜƭƭŜ !ƛǊŜ tǊƻǘŞƎŞŜέ όάbŜǿ 

tǊƻǘŜŎǘŜŘ !ǊŜŀέΣ ŀ temporary protection status). Its management has been delegated to Durrell 

Wildlife Conservation Trust until its future nomination as a permanent Protected Area. The 

management plan for the Lac Alaotra area includes the zonation of different categories of use, with 

a core protection area where economic activities are strictly forbidden (7,800 ha), an area of core 

protection with fishing allowed (5,600 ha) and the rest as area of regulated use (H. 

Andrianandrasana, pers. comm.). 
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Figure 2.2: Core conservation areas in Lac Alaotra new protected area 

 

2.4 The Alaotran gentle  lemur ( Hapalemur alaotrensis ) 

The Alaotran gentle lemur (Hapalemur alaotrensis), locally known as ΨbandroΩΣ ƛǎ ŀn endemic primate 

of Madagascar, classified by IUCN as Critically Endangered (Ganzhorn et al, 2000). There is some 

unresolved controversy over its taxonomic status, with some researchers considering it a subspecies 

(Hapalemur griseus alaotrensis) of the grey gentle lemur (Hapalemur griseus) (Fausser et al., 2002). 

   

Picture 2.3. Close-up of an Alaotran gentle lemur and a typical sighting in its natural habitat 
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Hapalemur alaotrensis forms small family groups with a mean group size of 4.3 individuals and a 

maximum of 9, which defend one exclusive territory and travel together (Nievergelt et al., 2002). 

Territory size ranges from 0.6 to 8 ha (Mutschler & Tan, 2003), with an estimated average territory 

of 2 ha (Mutschler et al., 1994). It is cathemeral, being especially active during the first hours of the 

day and last hours of the evening (Mutschler et al., 1998). The species is exclusively folivorous, with 

over 95% of the feeding time spent in only four plant species: Cyperus, Phragmites and two species 

of grasses (Mutschler, 2002). It is highly cryptic and elusive, easily hiding in the dense papyrus and 

reed stands of the wetland, which makes monitoring it an extremely difficult task. 

The marshes of Lac Alaotra are suffering from strong human pressure that is greatly reducing the 

available habitat for the AGL. The dramatic reduction of marsh extent has been the most important 

historical factor for the decline of the Alaotran gentle lemur population (Mutschler & Tan, 2003). 

More recently, fires in the marsh have been a major driver of population decline. Fires in 2004 

destroyed almost 50% of the remaining marsh habitat (Ralainasolo et al., 2006) and although the 

marsh appears able to recover from fire relatively quickly, it is likely to have had a substantial impact 

on the population of AGL (R. Young, pers. comm.). Poaching, especially by inhabitants of the villages 

of Anororo, Antanifotsy and Ambodivoara (H. Andrianandrasana, pers. comm.), also probably still 

occurs. 

Durrell Wildlife Conservation Trust (Durrell) has conducted surveys of the Alaotran gentle lemur 

since 1994 (Ralainasolo et al., 2006) as well as participatory monitoring since 2001 

(Andrianandrasana et al., 2005), targeted at raising awareness of environmental issues. The 

population of AGL has been decreasing rapidly, from an estimated 11,000 in 1994 (Mutschler et al., 

1994) to possibly around 2000 individuals in 2006, although it is unknown how reliable these 

abundance estimates are due to the intrinsic difficulties in monitoring this species (R. Young, pers. 

comm.). 

The criteria (IUCN, 1994) for the IUCN classification of the Alaotran gentle lemur as critically 

endangered reflect the fact that the main threats are considered to be exploitation (A2d) and 

reduction of habitat extension and quality (A2c, B1+2c), which highlights the importance of 

understanding the requirements of the 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 for this research. Figure 3.1 shows the 

different steps in the process leading to the development of a habitat suitability map for the AGL. 

Data for this analysis came mainly from two sources: Alaotran gentle lemur positions collected 

during fieldwork in Madagascar and Landsat 7 satellite images from the study area. 

 

Figure 3.1: Overview of the 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 was focussed on the south western part of the lake, which 

contains the largest area of marsh and is the last stronghold of the Alaotran gentle lemur. Another 

small population is suspected to inhabit a small patch of marsh, isolated from the main one, at the 

northern shore of the lake  (Mittermeier et al., 2006). As the AGL is such a cryptic species (Garbutt, 

2007), concentrating the effort in the south western population maximised the number of presence 

samples obtained.  

Four villages were used as bases for the data collection: Anororo, Andilana Atsimo, Ambodivoara 

and Andreba Gare. These villages are also used by Durrell for their participatory monitoring 

(Andrianandriasana et al., 2005), which facilitated the practicalities on the ground. Several transects 

radiating from these villages were selected, totalling approximately 50 km. The transects followed 

existing channels in the marsh, that were normally used by fishermen. They were repeated several 

times (between 3 and 11) in pirogues.  The selection of the transects was done based on local expert 

knowledge of the lemur presence, ease of access as well as keeping in mind the need for repetition 

of the transects for related research on detectability by Gurutzeta Guillera. Fieldwork effort was 

shared with her for mutual benefit, since we together managed to cover a larger area using separate 

pirogues. Figure 3.2 shows these four villages and the transects.  
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Figure 3.2: Location of the study sites and the transects. 

The position of each direct sighting of Alaotran gentle lemurs and the transect tracks were recorded 

with a GPS, either model DŀǊƳƛƴϰ [ŜƎŜƴŘ I/Ȅ ƻǊ DŀǊƳƛƴϰ GPS60. All data was projected to UTM 

(Universal Transverse Mercator) coordinate system (zone 39S) with datum WGS84 and stored as 

shapefiles (.shp) for further processing and use. 

 

3.2 Remote sensing data: Landsat 7 satellite images  

The Landsat 7 ETM+ images used in this research were originally obtained from the Global Land 

Cover Facility (http://www.landcover.org) and the publisher is the U.S. Geological Survey. They 

correspond to path 158 and row 72, a Landsat scene that includes the whole of the Lac Alaotra and 

surrounding marsh, and were taken on the 22nd of March 2007. The images have been 

radiometrically and geometrically corrected at source and are already georeferenced and stored as 

GeoTIFF files. They are gap-filled using parts of several images from 2007 (1st January, 10th of June, 

http://www.landcover.org/
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18th of February, 6th of March and 3rd of November). The gap-filled stripes present a discontinuity 

that is readily noticeable when looking at the images and could potentially have an impact on the 

predictions. 

This study is based on bands TM1 (Blue), TM2 (Green), TM3 (Red), TM4 (near IR), TM5 (mid IR) and 

TM7 (near IR), with a pixel resolution of 30 meters. As a reference, the average AGL territory (2 ha) 

would correspond approximately to 5x5 pixels and the maximum territory (8 ha) to around 9x9 

pixels.  They can be seen in Annex B. 

Some image pre-processing was required before being able to use the raw images: 

× 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 

ƛƳŀƎŜǎ Řƻ ƴƻǘ ƘŀǾŜ ǘƘŜ ƘƛƎƘŜǎǘ ƭŜǾŜƭ ƻŦ ǇǊƻŎŜǎǎƛƴƎ ǎƛƴŎŜ Ψ¢ŜǊǊŀƛƴ ŎƻǊǊŜŎǘƛƻƴΩ Řŀǘŀ ƛǎ 

restricted to U.S. Government and affiliated users. 

× The marsh area was identified visually in TM5 and a ΨƳŀǊǎƘ-ƻƴƭȅΩ cropped version of all the 

bands extracted with ArcGIS9. 

× There were some scattered clouds over parts of the marsh and an unsupervised 

classification (see next section for details) ǿŀǎ ǳǎŜŘ ǘƻ ŎǊŜŀǘŜ ŀ Ψcloud maǎƪΩ to remove them 

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 as dynamic as the Alaotra marsh, there might be changes in the structure 

or quality of the marsh that are not reflected in the older images. Furthermore, the fires that 

occurred in late 2007 do not appear in the available March 2007 images. Although the impact of 

these issues was not evaluated during 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 marsh, with constant 

elevation and little meaningful climatic variation. Therefore, the candidate predictor variables for 
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this research were extracted from the available remote sensing data and other GIS layers, such as 

location of villages. 

The six available raw bands of Landsat were expected to convey some degree of information about 

the vegetation composition and structure, but not all was likely relevant to the AGL habitat 

suitability. Some bands might be informative by themselves (for example, it was easy to differentiate 

open water from vegetation in the infrared bands). But some image processing on the raw bands 

aided in building layers that could provide better information about the Alaotran gentle lemurΩǎ 

habitat preferences. Derived variables can sometimes be better predictors than the raw ones 

(Wintle et al., 2005). The predictor variables created as input for the HS models are explained in the 

following sections. 

3.3.1 Vegetation Indices  

Vegetation Indices can be calculated based on the ETM+ bands. Using ArcGIS9, NDVI and the 

following indices were created. More detail about these indices can be found in (Gong et al., 2003) 

and (Lu et al., 2004). 

× Non-Linear vegetation Index (NLI):  
Ὕὓ42 Ὕὓ3

Ὕὓ42+Ὕὓ3
 

× Re-normalised Difference Vegetation Index (RDVI): 
Ὕὓ4 Ὕὓ3

ЍὝὓ4+Ὕὓ3
 

× Modified Simple Ratio (MSR): 
Ὕὓ4 Ὕὓ3ϳ 1

Ὕὓ4 Ὕὓ3ϳ + 1
 

× Atmospherically Resistant Vegetation Index (ARVI):  
Ὕὓ4 2 Ὕzὓ3+Ὕὓ1

Ὕὓ4+ 2 Ὕzὓ3 Ὕὓ1
   

× Albedo:  Ὕὓ1 + Ὕὓ2 + Ὕὓ3 + Ὕὓ4 + Ὕὓ5 + Ὕὓ7 

× Ψ.ǊƛƎƘǘƴŜǎǎΩ (Tasseled cap KT1):    

0.304*TM1+0.279*TM2+0.474*TM3+0.559*TM4+0.508*TM5+0.186*TM7  

× ΨDǊŜŜnƴŜǎǎΩ ό¢ŀǎǎŜƭŜŘ ŎŀǇ Y¢нύΥ  

-0.285*TM1-0.244*TM2-0.544*TM3+0.704*TM4+0.084*TM5-0.180*TM7 

× ΨaƻƛǎǘǳǊŜΩ ό¢ŀǎǎŜƭŜŘ ŎŀǇ Y¢оύΥ    

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 ArcGIS9, based on NDVI and the raw ETM+ 

bands, which created a new set of variables, orthogonal to each other, and such that the maximum 

amount of information is packed on a few principal components (see Gotelli & Ellison (2004) and 

Lillesand et al (2008) for a more thorough discussion 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 values (Lillesand et al., 

2008). In this study, NDVI and the raw ETM+ bands were used as input for an unsupervised 

classification with 20 classes, carried out in ArcGIS. Signature files were created and then applied in a 

maximum-likelihood classification of all image pixels. 

 

3.3.4 Measures of habitat heterogeneity  

It is reasonable to expect that habitat heterogeneity will have an impact on the AGL habitat 

preferences, at least at some range of geographical scales. In order to incorporate habitat 

heterogeneity into the analysis, several possibilities were explored: 

× ShannonΩǎ diversity index (a measure of the entropy of the image, see Shannon (1948)) was 

calculated for a kernel of k*k pixels as:  

 Ὄ=
1

Ὧ2
ὲὭz ὰὲ

ὲὭ
Ὧ2

Ὓ

Ὥ= 1

 

Where ni is the number of pixels of i-th value in the k*k kernel and S the total number of 

classes. Applied to the classified image, it was an indicator of the heterogeneity created by 

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

× ΨIƛƎƘ ŦǊŜǉǳŜƴŎȅ ŜƴŜǊƎȅ ŎƻƴǘŜƴǘΩΣ based on the fact that an image with rapid changes in 

neighbouring pixels will have a higher amount of energy in the high frequencies of its 

spectrum. For each pixel on the NDVI raster, the energy contained on the higher part of the 

2D frequency spectrum for a kernel of k*k pixels around it was calculated using a 16-point 

Fast Fourier Transform (see Proakis & Manolakis (2006) for a theoretical background on the 

frequency domain). 
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× Percentage of pixels in a k*k kernel that belong to a certain habitat class, based on the 

unsupervised classification described in the previous section. Variables can be created for 

percentage of pixels in each class. 

× Semivariogram of the NDVI raster, which describes the spatial correlation of the pixels that 

lie at a certain distance of each other.  For a distance d, it is calculated as half the average 

difference squared between the values of all combination of pixels located at distance d. In 

this study, it was calculated within a k*k kernel, as: 

   ὛὠὨ = 0.5ᶻ
1

ὔ
ὈὔὭ Ὀὔ(Ὦ) 2     

where N was the total number of pixel pairs used in the calculation and DN(i) the numerical 

value of pixel i. 

These methods were programmed in Matlab, a numerical computing environment and programming 

language. 

 

3.3.5 Distance to villages  

¢ƘŜ ǾŀǊƛŀōƭŜ ΨŘƛǎǘŀƴŎŜ ǘƻ ǾƛƭƭŀƎŜǎΩ ŎƻǳƭŘ ǇǊƻǾŜ ƳŜŀƴƛƴƎŦǳƭ ƛƴ ŘŜǘŜǊƳƛƴƛƴƎ ǘƘŜ ŘƛǎǘǊƛōǳǘƛƻƴ ƻŦ ǘƘŜ !D[Φ 

A GIS layer was crated based on a shapefile provided by Durrell with all the villages around the 

marsh.  
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Table 3.1 summarises the candidate predictor variables created for the HS modelling. The layer 

names in the first column are used hereafter in this study. 

Table 3.1: List of layers used as input for Maxent habitat suitability modelling 

Layer name Layer Reference 

TM1, TM2, TM3, 

TM4, TM5, TM7 

Raw Landsat7 ETM+ bands Section 3.2 

NDVI Normalised Differential Vegetation Index Section 3.3.1 

ARVI Atmospherically Resistant Vegetation Index Section 3.3.1 

MSR Modified Simple Ratio (Vegetation Index) Section 3.3.1 

RDVI Re-normalised Difference Vegetation Index Section 3.3.1 

NLI Non-Linear vegetation Index  Section 3.3.1 

KT1 ¢ŀǎǎŜƭŜŘ ŎŀǇ ǘǊŀƴǎŦƻǊƳŀǘƛƻƴ мΥ Ψ.ǊƛƎƘǘƴŜǎǎΩ ό±ŜƎŜǘŀǘƛƻƴ LƴŘŜȄύ Section 3.3.1 

KT2 ¢ŀǎǎŜƭŜŘ ŎŀǇ ǘǊŀƴǎŦƻǊƳŀǘƛƻƴ нΥ ΨDǊŜŜƴƴŜǎǎΩ ό±ŜƎŜǘŀǘƛƻƴ LƴŘŜȄύ Section 3.3.1 

KT3 ¢ŀǎǎŜƭŜŘ ŎŀǇ ǘǊŀƴǎŦƻǊƳŀǘƛƻƴ оΥ ΨaƻƛǎǘǳǊŜΩ ό±ŜƎŜǘŀǘƛƻƴ LƴŘŜȄύ Section 3.3.1 

ALB Albedo (Vegetation Index) Section 3.3.1 

PCA1-7 7 Principal Components from PCA on NDVI and raw ETM+ bands Section 3.3.2 

UC20 Unsupervised classification (20 classes) based on NDVI and raw 

ETM+ bands 

Section 3.3.3 

H3x3 {ƘŀƴƴƻƴΩǎ ŘƛǾŜǊǎƛǘy index (entropy) for the classes in UC20 

performed on a 3x3 kernel (heterogeneity) 

Section 3.3.4 

E3x3 Ψ9ƴŜǊƎȅ ƻƴ ƘƛƎƘ ŦǊŜǉǳŜƴŎƛŜǎΩ όƘŜǘŜǊƻƎŜƴŜƛǘȅύ Section 3.3.4 

PQ1_3x3, PQ2_3x3, 

PQ3_3x3 

Percentage of pixels in a 3x3 kernel that belong to class 1/2/3 in 

a 3-class unsupervised classification (heterogeneity) 

Section 3.3.4 

SV1_3x3 Semivariogram value for distance 1 pixel calculated on a 3x3 

kernel (heterogeneity) 

Section 3.3.4 

D2V Distance to villages (GIS-based) Section 3.3.5 

 

3.4 Processing of the Alaotran gentle lemur  points  

The recorded AGL sightings obtained correspond 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 values of the images will invariably be some kind of average of the reflectance of 

the habitat where the animal was seen and of the body of water from which it was seen. Therefore 
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the pixel value is not a pure representative of the ƭŜƳǳǊΩǎ habitat. To compensate for this effect, the 

AGL points were manually moved perpendicularly to the track three pixels away from the actual GPS 

reading. Since the average territory is about 5x5 pixels, this ensures that a pure pixel is sampled at a 

place which falls within the same territory in which the animal was detected. After creating the 

cloud mask from the Landsat image, several lemur points had to be removed as they 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 correlation (Guisan & Zimmermann, 2000). Therefore in order to avoid pseudo-

replication, only one sighting position was kept if several observations fell in the same pixel or within 

neighbouring pixels, since these would send the misleading message to the model that that habitat 

is very suitable while in reality corresponding to the same lemur 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 habitat (Garbutt, 2007) the 

available absence data was highly unreliable, even if some transects were repeated several times. 

Therefore a presence-only method was preferred as the tool for modelling suitable habitat. 

3.5.1 Maxent  

Maxent software (version 3.2.1) was used to obtain HS models by the method of maximum entropy, 

which has been shown to perform well compared to other methods even in data-poor conditions 

(section 2.2.1). Recommended default values of convergence threshold (0.00001), maximum 

number of iterations (500) and background points (10000) were always used when 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 smaller than the 

minimum territory size of the Alaotran gentle lemur. Therefore it is likely that landscape features will 

affect habitat suitability at different scales. To investigate this effect, several of the environmental 

variables were calculated at different scales. 

Several ΨŀǾŜǊŀƎŜŘ NDVIΩ variables were created with ArcGIS9 by averaging the original NDVI over 

circular windows of increasing radius. Variables were created using radii of 30m, 45m, 60m, 75m, 

90m, 120m and 150m. The generation of several variables with different sizes was repeated for 
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other variables, including the Shannon Diversity Index (calculated over square kernels of 3x3, 5x5, 

7x7 and 9x9 pixels), ǘƘŜ Ψenergy on high frequenciesΩ (kernels of 3x3 and 5x5 ǇƛȄŜƭǎύΣ ΨǇŜǊŎŜƴǘŀƎŜ ƻŦ 

samples of class мΣ н ŀƴŘ оΩ όƪŜǊƴŜƭ ǎƛȊŜǎ оȄоΣ рȄрΣ тȄтΣ фȄфΣ ммȄмм ŀƴŘ моȄмоύ ŀƴŘ ǎŜƳƛǾŀǊƛƻƎǊŀƳ ŦƻǊ 

distance 1 and 2 pixels (kernel sizes of 3x3, 5x5 and 7x7). Annex C summarises the layers created to 

investigate the effect of the scale.  

3.5.3 Variable exploration, m odel selection and habitat suitability map  

Once all candidate predictor variables were created, Maxent models were built based on them to 

compare their relative prediction performance. The scale at which each variable predicts best was 

also studied. Maxent generated curves of training and test ROC from which AUC figures were 

obtained to assess and compare their contribution to the prediction of suitable habitat.  To aid this 

exploration process, jackknife tests were also run with Maxent, where the modelling was repeated, 

first excluding each variable in turn, and then using only one variable in turn. Based on the results, 

the best predictor variables at their optimum scale were selected and used to create a set of 

competing models.  

Test AUC figures were obtained for each of the models compared, reserving a randomly selected set 

of presence samples for testing, and used for selecting a final model. Test AUC is preferred over 

training AUC for the purpose of ƳƻŘŜƭ ŎƻƳǇŀǊƛǎƻƴ ǎƛƴŎŜ ŀ ƳƻŘŜƭΩǎ performance predicting test 

samples reflects its capacity to generalise better (Phillips, 2008a). In other words, validation with 

independent test data is generally preferred over verification with training data (Araújo & Guisan, 

2006). A map of habitat suitability of the marsh for the Alaotran gentle lemur 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  

Ψ¢ǊŀƴǎŦŜǊŀōƛƭƛǘȅΩ in a predictive model refers to its ability to correctly extrapolate the prediction from 

a calibration area to another unsampled area  (Phillips, 2008b). It can refer to spatial transferability 

(i.e. from one geographical region to another, for example when searching for new populations of a 

species or predicting the impact of invasive species), and temporal transferability (e.g. when a model 

is used to predict future suitable habitat under scenarios of climate change). Transferability is a 

different challenge for a HS model than interpolation, and the maximum entropy method has been 

criticised as having poorer transferability than other methods (Peterson et al., 2007). 

In order to test the spatial transferability of my model, I trained the Maxent HS model with the 

lemur positions from 3 villages and reserved the points of the fourth one for testing, instead of using 

a randomly selected percentage of the samples. The training and testing was repeated for each 

village in turn as the test set, in order to compare the resulting AUC values.  
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4 Results 

This section collects the results obtained along the chain of steps leading to the development of a 

habitat suitability map for the AGL (see Figure 3.1), starting from the raw input, the UTM 

coordinates of lemur sightings and the Landsat 7 images of Lac Alaotra, followed by the creation and 

exploration of derived predictor variables, the selection of a final model and the creation of a habitat 

suitability map.   

4.1 Alaotran gentle lemur sightings  

In total, 88 Alaotran gentle lemur sightings were recorded during fieldwork in the marsh. These 

collected positions were pre-processed as discussed in Section 3.4. After manually moving the points 

3 pixels away from the place where the position was originally recorded on the pirogue and after 

removing the points that fell under clouds on the available Landsat images as well as the spatially 

correlated ones, 46 Alaotran gentle lemur points were left, which were used for the analysis. They 

were unevenly distributed over the different villages, with 8 samples in Anororo, 13 in Andilana, 5 in 

Ambodivoara and 20 in Andreba. These AGL sightings are shown in Figure 3.2. More detailed maps 

of each of the four study sites and the coordinates of the points can be found in Annex D. 

4.2 Creation of candida te variables for the modelling  

The following sections display the candidate predictor variables obtained for modelling the suitable 

habitat of the AGL. In some cases, the variables were calculated for different scales in order to 

investigate its effect in the prediction, as described in section 3.5.2. 

4.2.1 NDVI and other Vegetation Indice s 

The calculated NDVI raster is shown in Figure 4.1. Lighter shades of grey correspond to higher NDVI 

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

The other calculated Vegetation Indices can be seen in Annex E, which also displays the correlation 

coefficients calculated for each pair of variables. Some indices are highly correlated to each other, 

ƭƛƪŜ b5±L ǿƛǘƘ a{wΣ w5±L ŀƴŘ ΨƎǊŜŜƴƴŜǎǎΩΦ ¢Ƙƛǎ ƛǎ ŀƭǎƻ ǘƘŜ ŎŀǎŜ ŦƻǊ ŀƭōŜŘƻ ŀƴŘ ΨōǊƛƎƘǘƴŜǎǎΩΣ ǎƛƴŎŜ 

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 infrared bands (TM4, TM5 and TM7), but 

correlation between pairs of colour and infrared bands is rather weak. 
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Figure 4.1: Normalised Difference Vegetation Index 

 

4.2.2 Principal Component Analysis  (PCA) 

Annex F show the 4 first Principal Components from the PCA on the 6 raw ETM+ bands plus the NDVI 

raster, as well as the corresponding eigenvalues. The Principal Components have a decreasingly 

significant ǊŀƴƎŜ ƻŦ ǾŀƭǳŜǎΣ ǿƛǘƘ ǘƘŜ оǊŘ ŎƻƳǇƻƴŜƴǘ ƭƻƻƪƛƴƎ ǾŜǊȅ ΨŦƭŀǘΩ όƴƻ ƭŀǊge variation on pixel 

values). The eigenvalues show that the four first Principal Components include most of the 

information, and PC4 has significantly less variation than the first three. The predictive performance 

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

the results can be seen in section 4.3.1.2. 

 

4.2.3 Unsupervised classification  

Figure 4.2 displays the unsupervised classification of the marsh area with 20 classes, based on the 

raw ETM+ bands and NDVI. The colours were manually selected to tentatively reflect broad 

categories (blue for lake, shades of green for marsh vegetation, other colours for more open and/or 

flooded areas) based on my experience in the marsh, but it is worth keeping in mind that this is an 

unsupervised classification and there has been no training nor ground-truthing of the resulting 
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product, which will thus be used for the habitat modelling without assumptions on the quality of 

ŜŀŎƘ Ŏƭŀǎǎ ŦǊƻƳ ǘƘŜ ƭŜƳǳǊΩǎ Ǉƻƛƴǘ ƻŦ ǾƛŜǿΦ 

 

 

Figure 4.2: Unsupervised Classification based on the raw ETM+ bands and NDVI 

 

A manual exploration of the resulting dendrogram, which represents the distance (or similitude) 

between classes, allowed me to create another classification with only 3 classes, which was used 

later on as a base for one of the measures of heterogeneity (see Figure 4.3 for a classified map of the 

marsh). The two dendrograms (20 classes and 3 classes) can be seen in Annex G.  
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Figure 4.3: Reclassification to only 3 classes 

 

4.2.4 Heterogeneity  ÁÎÄ ȬÁÖÅÒÁÇÅÄ .$6)ȭ 

Some selected variables generated at different scales ŦƻǊ ǘƘŜ {Ƙŀƴƴƻƴ ŘƛǾŜǊǎƛǘȅ ƛƴŘŜȄΣ ΨŜƴŜǊƎȅ ƻƴ 

ƘƛƎƘ ŦǊŜǉǳŜƴŎƛŜǎΩΣ ΨǇŜǊŎŜƴǘŀƎŜ ƻŦ ǎŀƳǇƭŜǎ ƛƴ ŀ ƪŜǊƴŜƭ  ƻŦ ŎƭŀǎǎŜǎ мΣ н ŀƴŘ оΩ, semivariogram and 

ΨŀǾŜǊŀƎŜŘ b5±LΩ can be seen in Annex H, offering different points of view of the effect of the scale 

through NDVI and measures of heterogeneity. 

 

 

4.3 Maximum entropy  habitat suitability model s 

4.3.1 Exploration  of candidate layers   

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

with Maxent were used to compare their performance through the resulting AUC values. All the 

ƳƻŘŜƭǎ ǿŜǊŜ ŎŀƭŎǳƭŀǘŜŘ ǳǎƛƴƎ ŀ ǊŜƎǳƭŀǊƛȊŀǘƛƻƴ ƳǳƭǘƛǇƭƛŜǊ ʲҐмΦлΣ ŜȄŎŜǇǘ ƻǘƘŜǊǿƛǎŜ ǎǘŀǘŜŘΦ The results 

were used in the following step (section 4.3.2) to create a set of competing models. 

 



40 
 

4.3.1.1 Raw ETM+ bands 

The contribution of the different ETM+ bands was compared by training a Maxent HS model with 

them and looking at the training and test AUC (with 25% samples for testing), averaged over 20 

repetitions with randomly selected testing samples. Figure 4.4 shows the jackknife test AUC resulting 

ŦǊƻƳ ǳǎƛƴƎ ƻƴƭȅ ƻƴŜ ǾŀǊƛŀōƭŜ ǘƻ ǘǊŀƛƴ ǘƘŜ ƳƻŘŜƭ όΨwith onlyΩ) or using all variables except one 

όΨǿƛǘƘƻǳǘΩ). The biggest contributors when used alone are TM5 and TM7, followed by TM2. TM5 and 

TM2 have some information 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 differences are rather small.  

 

Figure 4.4: Jackknife on Test AUC for the different ETM+ bands 

4.3.1.2 Number of Principal Components used for modelling  

The effect on the model performance of the number of Principal Components used was assessed 

with the training and test AUC (with 25% samples for testing), averaged over 50 repetitions with 

randomly selected testing samples. Figure 4.5 displays the resulting AUC values. 

 

Figure 4.5: AUC for different number of Principal Components 
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Looking at 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 with the conclusion of the visual exploration of 

the PCA variables in section 4.2.2. 

 

4.3.1.3 Vegetation Indices 

The performance test in section 4.3.1.1 was repeated including NDVI, NLI, ARVI, ALB, KT1 and KT3, 

Vegetation Indices selected in the basis of their lower correlation (see section 4.2.1), and 4 raw 

ETM+ bands (TM1, TM2, TM3 and TM7) for reference. Figure 4.6 shows the resulting jackknife test 

and training AUC values. 

 

 

Figure 4.6: Test of Vegetation Indices performance 

NDVI and NLI were the best performers when used alone, closely followed by albedo, KT1 and KT3 

but with small differences. Since KT1 and ALB were highly correlated, as happens with NDVI and NLI, 

the variables selected for creating competing models were NDVI, KT3 and ALB. The training AUC was 

practically the same for all the models build without one variable, showing that there was 

redundancy in the information contained in the full set of variables and that no one was 

irreplaceable.  
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4.3.1.4 Averaged NDVI 

The same test as in section 4.3.1.1 was run with NDVI and the averaged versions of it on a k*k pixel 

kernel. The results in terms of test AUC values are shown in Figure 4.7. ¢ƘŜ ǾŀƭǳŜǎ ŦƻǊ ΨƭŜŀǾŜ-one-ƻǳǘΩ 

were very similar, pointing out to the existence of redundancy on the information conveyed by the 

set of variables. The results of modelling with only one variable showed a slight increase of the test 

AUC at a kernel size of around 4-5 pixels, 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. 

 

Figure 4.7: 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 the one that 

is calculated over a kernel of 5x5 pixels, equivalent to 150x150m, which is just slightly larger than the 

size of the average Hapalemur alaotrensis territory. 

 

4.3.1.5 Heterogeneity  

¢ƘŜ {Ƙŀƴƴƻƴ ŘƛǾŜǊǎƛǘȅ ƛƴŘŜȄ ŀƴŘ ΨŜƴŜǊƎȅ ƛƴ ƘƛƎƘ ŦǊŜǉǳŜƴŎƛŜǎΩ ǊŀǎǘŜǊǎ ŦƻǊ ŘƛŦŦŜǊent kernel sizes were 

compared  with the same method as in previous sections (average of 20 repetitions and 25% test 

samples) . The results in Figure 4.8 clearly show that the Shannon diversity index performs worse at 

predicting the test set ǘƘŀƴ ŀ ǊŀƴŘƻƳ ǳƴƛŦƻǊƳ ǇǊŜŘƛŎǘƛƻƴ όǘŜǎǘ !¦/ ғ лΦрύΣ ǿƘƛƭŜ ǘƘŜ ΨŜƴŜǊƎȅ ŀǘ ƘƛƎƘ 

ŦǊŜǉǳŜƴŎƛŜǎΩ Ƙŀǎ ŀ ōŜǘǘŜǊ ŎƻƴǘǊƛōǳǘƛƻƴ, especially E3x3. 
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Figure 4.8: Test AUC for different sizes of kernel on H and E 

 

4.3.1.6 Semivariogram  

The same trial was then performed with the semivariogram variables (Figure 4.9). The 

semivariogram value at distance 1 pixel appeared overall better on average at predicting the test 

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

appeared to be a downwards trend in the test AUC value for increasing kernel size, as the pixel 

values located more far away from each other start to become less correlated. 

 

Figure 4.9: Test AUC for semivariogram at distances 1 and 2 pixels 
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4.3.1.7 Ȭ0ÅÒÃÅÎÔÁÇÅ ÏÆ ÐÉØÅÌÓ ÏÆ ÃÌÁÓÓ Ø ÉÎ ÔÈÅ ËÅÒÎÅÌȭ 

When modelling in Maxent with the different rasters that correspond to ǘƘŜ ΨǇŜǊŎŜƴǘŀƎŜ ƻŦ ǇƛȄŜƭǎ ƻŦ 

Ŏƭŀǎǎ мκнκоΩ ǿƛǘƘƛƴ ŀ ƪŜǊƴŜƭ ƻŦ ƪϝƪ ǇƛȄŜƭǎΣ ǘƘŜ ŀǾŜǊŀƎŜǎ ƻŦ нл ǊŜǇŜǘƛǘƛƻƴǎ ƛƴŘƛŎŀǘŜd that a model based 

on PQ1 gave better predictions than when using PQ2 or PQ3 (Figure 4.10). There was also some 

difference with kernel size within each of these variables. It 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. 

 

Figure 4.10: Test AUC with only PQ1, PQ2 or PQ3, for different kernel sizes 

 

 

4.3.1.8 Distance to villages 

When constructing models with ΨdƛǎǘŀƴŎŜ ǘƻ ǾƛƭƭŀƎŜǎΩ ό5н±ύ, this variable appeared to be a good 

predictor of the test samples (test AUC= 0.91 ǿƛǘƘ нр҈ ǘŜǎǘ ǎŀƳǇƭŜǎ ŀƴŘ ʲҐм ƻƴ ŀ ƳƻŘŜƭ ǿƛǘƘ ŀƭƭ 

ETM+ bands and NDVI), clearly giving a higher suitability closer to the villages. This is an artefact of 

sampling bias, since most of the Alaotran gentle lemur sightings collected were indeed seen near 

villages, but Ƴƻǎǘƭȅ ōŜŎŀǳǎŜ ǘƘŜȅ ǿŜǊŜ ƛƴ !ƴŘǊŜōŀΩǎ ŎƻƳƳǳƴƛǘȅ ǇǊƻǘŜŎǘŜŘ ŀǊŜŀ ŀƴŘ ƛƴ ǘƘŜ Ƴŀƛƴ 

access channel near Andilana, areas of good quality marsh. In addition, regions further away from 

villages were not sampled for lemurs. This variable was therefore discarded, since it would give the 

wrong information that the Alaotran gentle lemur prefers to live near the four villages used as the 

bases for the sampling.  
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4.3.2 Model selection  

Based on the tests and comparisons described in the previous sections, the following variables were 

considered as candidates for the final habitat suitability model: 

× wŀǿ 9¢aҌ ōŀƴŘǎΥ ŜƛǘƘŜǊ Ψ¢aнҌ¢aрҌ¢aт Ψ ƻǊ the whole set of ETM+ bands. 

× PCA: the 4 first Principal Components versus all 7; using PCA versus using ETM+ with NDVI 

× Vegetation Indices: one or more from NDVI, NDVI5px, ALB, KT3. 

× Measures of landscape heterogeneity: one or more from E3x3, PQ1_9x9, SV1_3x3. 

× Unsupervised classification: using UC20 versus not using it. 

With those variables and comparisons in mind, the combinations of the layers described in Table 4.1 

were used to create candidate models, named m01 to m17. 

Table 4.1: List of variables of the 17 different candidate models 

Model Variables included in the model 
Number 

of vars. 

m01 TM2, TM5, TM7, NDVI,  
4 

m02 All ETM+, NDVI5px 
7 

m03 All ETM+, NDVI 
7 

m04 All ETM+ 
6 

m05 PCA(4) 
4 

m06 PCA(all) 
7 

m07 TM2, TM5, TM7, NDVI, NDVI5px, ALB, KT3, PQ1_9x9, SV1_3x3, E3x3, UC20 
11 

m08 TM2, TM5, TM7, NDVI, NDVI5px, ALB, KT3, PQ1_9x9, SV1_3x3, E3x3 
10 

m09 All ETM+, NDVI, NDVI5px, ALB, KT3, PQ1_9x9, SV1_3x3, E3x3 
13 

m10 All ETM+, NDVI, NDVI5px, ALB, KT3, PQ1_9x9, SV1_3x3, E3x3, UC20 
14 

m11 PCA(all), NDVI5px, ALB, KT3, PQ1_9x9, SV1_3x3, E3x3, UC20 
14 

m12 PCA(all), NDVI5px, ALB, KT3, PQ1_9x9, SV1_3x3, E3x3 
13 

m13 PCA(4), NDVI5px, ALB, KT3, PQ1_9x9, SV1_3x3, E3x3, UC20 
11 

m14 PCA(4), NDVI5px, ALB, KT3, PQ1_9x9, SV1_3x3, E3x3 
10 

m15 All ETM+, NDVI, NDVI5px, ALB, KT3, PQ1_9x9, SV1_3x3, E3x3, PQ2_9x9, PQ3_11x11, UC20 
16 

m16 TM2, TM5, TM7, NDVI, NDVI5px, ALB, PQ1_9x9, UC20 
8 

m17 TM2, TM5, TM7, NDVI, NDVI5px, ALB, PQ1_9x9 
7 

 



46 
 

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 Components versus 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). 

Figure 4.11 displays the results of the model comparison in terms of average training and test AUC 

over 50 repetitions όʲҐмΣ нр҈ ƻŦ ǎŀƳǇƭŜǎ ŦƻǊ ǘŜǎǘƛƴƎύ, ordered by test AUC. It can be seen that there 

are greater differences on the training AUC than in test AUC. Model m08 has the largest test AUC 

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

 

Figure 4.11: Comparison of model performance for the models listed in Table 4.1. 
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In order to explore the relation between model complexity and AUC values, these variables were 

plotted against the number of variables used for modelling, as shown in Figure 4.12. 

 

  

   
 

 

Figure 4.12: Scatterplots of the number of variables with ɲΣ training and test AUC 

The results of {ǇŜŀǊƳŀƴΩǎ Ǌŀƴƪ ŎƻǊǊŜƭŀǘƛƻƴ for the number of variables versus training and test AUCs, 

ŀƴŘ ǘƘŜ ŘƛŦŦŜǊŜƴŎŜ ōŜǘǿŜŜƴ ǘƘŜƳ όɲҐǘǊŀƛƴƛƴƎ !¦/ ς test AUC) are shown in Table 4.2. The p-values 

indicate a significant positive correlation between the number of variables and both the training AUC 

ŀƴŘ ǘƘŜ ɲΣ ōǳǘ ŀ ƭŀŎƪ ƻŦ ǎƛƎƴƛŦƛŎŀƴŎŜ ŦƻǊ ŎƻǊǊŜƭŀǘƛƻƴ ǿƛǘƘ ǘƘŜ ǘŜǎǘ !¦/Φ 

                Table 4.2: Correlation of AUC values with the number of variables in the model 

 
 

 ́ p-value 

Number of variables ς ɲ   0.9005    <0.01 (Ho: no positive correlation) 

Number of variables ς training AUC         0.8992    <0.01 (Ho: no positive correlation) 
Number of variables ς test AUC   0.0247    0.9249 (Ho: no correlation) 

 

 

This pattern reflects the meaning of the concepts of training and test AUC. When more good 

explanatory variables are included in the model, the model has a higher chance of fitting more 

tightly to the training data, even at risk of over-fitting it. Basically, the model will be able to predict 

the training samples with less total predicted area. As explained in section 3.5.3, it is better to use 

the test AUC than training AUC for model selection. Therefore, model m08 was selected as the best 

model and was subsequently used for creating habitat suitability maps. The model has the best test 

AUC while still having a relatively high training AUC. Table 4.3 summarises the variables used as 

predictors in the selected model, which include 3 original ETM+ bands, 4 Vegetation Indices and 3 

variables reflecting habitat heterogeneity at different scales. 
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Table 4.3: Final predictor variables used in the habitat suitability model 

Variable name                                                          Meaning 

TM2, TM5, TM7 Raw Landsat7 ETM+ bands 

ALB Albedo (Vegetation Index) 

KT3 ¢ŀǎǎŜƭŜŘ ŎŀǇ ǘǊŀƴǎŦƻǊƳŀǘƛƻƴ оΥ ΨaƻƛǎǘǳǊŜΩ ό±ŜƎŜǘŀǘƛƻƴ LƴŘŜȄύ 

E3x3 Ψ9ƴŜǊƎȅ ƻƴ ƘƛƎƘ ŦǊŜǉǳŜƴŎƛŜǎΩ over a 3x3 pixel kernel (heterogeneity) 

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 (heterogeneity) 

 

Once chosen, the modelling process was run again with all AGL sightings used as training samples, 

obtaining a training AUC of 0.897 and the training ROC curve shown in Figure 4.13. 

                            

Figure 4.13: ROC curve (sensitivity versus 1-specificity) for model m08 

 

The jackknife test for the different variables is shown in Figure 4.14 for the regularised training gain, 

a measure of goodness 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 set than individually. 
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Figure 4.14: Jackknife of regularised training gain  

 

Figure 4.15 show the dependency of the prediction with the different variables used in isolation, to 

eliminate the effect of possible correlation between them, through curves that show the predicted 

suitability for the range of input values of each variable. 
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Response of the model to TM7 

 

Response of the model to NDVI 

  

Response of the model to NDVI5px Response of the model to ALBEDO 

 

  

Response of the model to KT3 

 

Response of the model to PQ1_9x9 

  

Response of the model to E3x3 Response of the model to SV1_3x3 

Figure 4.15: Response of the model m08 (predicted suitability) for the 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, which convey information derived from TM3 (red) and TM4 (near 

IR) and represent ΨƎǊŜŜƴƴŜǎǎΩ ƻǊ ǾŜƎŜǘŀǘƛƻƴ ǾƛƎƻǳǊΣ Ƙŀǎ ŀ ǎǘǊƻƴƎŜǊ ŎƻƴǘǊƛōǳǘƛƻƴ ŦƻǊ ƘƛƎƘŜǊ ƭŜǾŜƭǎΦ 

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 

ƳƻǊŜ ǘƘŀƴ ǾŜƎŜǘŀǘƛƻƴ ŦƭƻŀǘƛƴƎ ƻƴ ǿŀǘŜǊύΦ Y¢о ƻǊ ΨƳƻƛǎǘǳǊŜΩ Ƙŀǎ ŀ ƳŀȄƛƳǳƳ ŦƻǊ ƭƻǿŜǊ ǾŀƭǳŜǎΣ ǿƘƛŎƘ 

could reflect that fact that flooded areas are not suitable 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 

percentage increases. Meanwhile, the two measures of habitat heterogeneity (E3x3 and SV1_3x3) 

had the opposite response, which seemed to indicate that Hapalemur alaotrensis prefers more 

homogeneous habitats, when looked at that scale. 

 

4.3.3 Evaluating the effect of  ̡and the number of testing samples  

The model was tested for different values of the regularisation multiplier ( )̡, which controls how 

tight the model fits the data used for training. The results can be seen in Figure 4.16 (values are 

averages over 50 repetitions, using 25% of the samples for testing; the whiskers indicate ±1 SE for 

the AUC samples). 

  

Figure 4.16: Test and Train AUC for different regularisation multipliers. 
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It can be seen that there is a bigger difference between training and test AUC at lower values of ̡ , 

where there is stronger over-fitting of the model (Saatchi et al., 2008). The value chosen for my 

modelling was =̡1, which coincides with the recommended value in the literature (Phillips, 2008a). 

The training AUC is at that point lower than the maximum possible (which can be seen as an artefact 

of the over-fitting to the training data) but the model is more generalist, yielding a higher test AUC. 

 

4.3.4 Maps of suitable habitat  

Once the best model selected, the last step in the process is to obtain a map of habitat suitability 

based on the model trained with all the available AGL presence samples. aŀȄŜƴǘΩǎ ƻǳǘǇǳǘ ƳŀǇ Ŏŀƴ 

be displayed in several output formats (Phillips & Dudik, 2008, Phillips, 2008a). The easiest to 

interpret intuitively is the logistic format, which directly gives an estimated index of habitat 

suitability.  

 Figure 4.17 shows the Maxent logistic map of habitat suitability created with the final set of 

variables in model m08. The predictive map is consistent with my intuition of habitat quality and 

suitability for the species, based on the transects used during the surveys, some pictures taken from 

two high vantage points around the lake (hills in Andilana and Ambodivoara) and the knowledge and 

ŜȄǇŜǊƛŜƴŎŜ ƻŦ ƭƻŎŀƭ ŜȄǇŜǊǘǎΦ ¢ƘŜ ŎƘŀƴƴŜƭ ƴŜŀǊ !ƴŘƛƭŀƴŀ ŀƴŘ ǘƘŜ ΨǾƛƭƭŀƎŜ ǇŀǊƪΩ ƛƴ !ƴŘǊŜōŀ ǎƘƻǿ ǾŜǊȅ 

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 habitat (especially a very large area of 

recently burnt marsh in Tananatsimo channel), a fact also reflected in the HS map. 
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Figure 4.17: Habitat suitability map corresponding with the best model 

It is generally better to avoid binary prediction maps (suitable/unsuitable), unless the model is well 

calibrated or it is essential for the application (Wintle et al., 2005). If such map is required, a 

threshold must be selected, above which the habitat will be considered suitable. Maxent calculates 

some thresholds based on the training data and ROC curve. For this model, the following logistic 

thresholds were defined: 

× Threshold 1: The minimum prediction that corresponds to a presence record: 0.045 

× Threshold 2: Equal training sensitivity and specificity: 0.287 



54 
 

× Threshold 3: Maximum sum of training sensitivity and specificity: 0.329 

The selection of a threshold is an arbitrary operation and must take into account the specific target 

use of the produced categorical map. Threshold 1 would be most appropriate if we want to make 

sure that the map reflects the habitat where the focal species can survive. But when targeting 

conservation planning, it might be more appropriate to concentrate efforts in areas of higher 

suitability (using thresholds 2 or 3), where the chances of survival are likely to be higher. As an 

example, Figure 4.18 shows the suitable/unsuitable habitat map produced using threshold 1. The 

total area of suitable habitat according to this classification was 18696 ha. 

 

Figure 4.18: Predictive map of Suitable/Unsuitable habitat with threshold 1 
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If the requirements for the map allow it, it is usually more reasonable to create a map with more 

than simply 2 categories. All 3 thresholds explained above were used to create the 4-category map 

of habitat suitability in Figure 4.19. 

 

Figure 4.19: Predictive map of habitat suitability (4 categories) 

Some useful figures can be extracted from the habitat suitability map. Table 4.4 shows the area of 

marsh that belongs to each suitability category (in hectares and percentage of the total marsh area). 

The area of the class ƛŘŜƴǘƛŦƛŜŘ ŀǎ ΨƻǇŜƴ ǿŀǘŜǊΩ όƭŀƪŜǎύ in the unsupervised classification (UC20) was 

subtracted from the lower quality category before calculating the figures. 
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Table 4.4: Percentage of marsh surface in each category of suitability 

Suitability category Area (ha) Area  (% of total) 

Very low suitability 13658 ha 42.2 % 

Normal-Low suitability 11703 ha 36.2 % 

Normal-High suitability 1097 ha 3.4 % 

High suitability 5896 ha 18.2 % 

 

One potential use of the habitat suitability map would be to estimate the maximum number of 

territories that could be harboured within the area considered suitable (or some level of suitability if 

more than one category). As an example, Table 4.6 show the figures obtained by taking into account 

the range of territory and group sizes discussed in section 2.4 and a binary map produced using the 

lower threshold in section 4.3.4 (0.045), which gave a total suitable area of 18696 ha.  

Table 4.5: 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 

 

Since it is possible that the lower threshold indicated low suitability or even marginal habitat, the 

calculation for the next threshold (0.287), which gives a suitable area of 6993 ha, provided the 

figures shown in Table 4.6. 

Table 4.6: 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 section 2.4, 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 in Table 4.5 and Table 4.6, 3759 individuals, which correspond to the largest territory 

size and threshold 2. 
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4.3.5 The issue of transferability  

In order to test the transferability of the model, the model was trained using all the samples 

belonging to three villages, while the data from the fourth was reserved for testing. This was 

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

practice of using a random percentage of the total sample set for testing. In order to compare them 

in a fair way, the percentage of random samples used was equal to the percentage of samples that 

belonged to the testing village, since these were very different from village to village. Training and 

test AUC values are shown in Figure 4.20 (from ŀǾŜǊŀƎŜ ƻŦ с ǊŜǇŜǘƛǘƛƻƴǎΣ ǿƛǘƘ ʲҐм). 

  

  

Figure 4.20: Test of transferability, reserving each village in turn for testing 

Since the percentage of testing samples was different for each village, the AUC values could not be 

directly compared from village to village but the comparison could be done between the ΨrandomΩ 

and ΨvillageΩ cases. When training with samples from one area and testing in a different one, the test 

AUC was always reduced. In general, it was easier for the model to predict when trained with 

samples from a broader area, than predicting the samples in one village with training from the 

others. The case of Ambodivoara is particularly striking, with a test AUC below 0.5 (worse than 

expected with a random prediction) and a training AUC slightly higher than when using a random set 

of samples. These tests seemed to point out to an apparent issue of transferability between areas of 

marsh.   
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5 Discussion 

This study showed 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. It also developed a new protocol and a practical tool 

to inform conservation management decisions in the area of Lac Alaotra. Landsat images have been 

used in the past for modelling species distribution (Gottschalk et al., 2005), but they are typically 

accompanied by environmental layers such as climatic and topographic variables, as they have been 

shown to be useful in complementing them (Buermann et al., 2008). Most studies that use satellite 

images generally encompass a large geographical area and use samples located in distant sites, in a 

broader ecological context. The case of the Alaotran gentle lemur is of a very different kind. Firstly, 

the range of this species is limited to the marshes of Lac Alaotra, which means that the scale of the 

study is substantially smaller than in other cases in the literature. On top of this, the traditional 

climatic variables and topographic information are of little use in the case of a flat and featureless 

marsh. I could not find any other study that explores the use of maximum entropy method for 

habitat suitability analysis in such a small geographical extent, using only satellite-derived 

information. Nevertheless, this study showed after extensive model exploration that useful 

predictors can be identified from satellite imagery. They ranged from the raw ETM+ bands to 

derived Vegetation Indices and measures of heterogeneity at different scales. A final model was built 

with Maxent using the best predictors. 

The following sections draw 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 debate over habitat suitability modelling and finally give some 

recommendations for the use of habitat suitability maps to aid the conservation of Hapalemur 

alaotrensis in the marshes of Lac Alaotra. 

 

5.1 Lessons from the exploration of candidate layers  

Some general conclusions can be drawn from the exploration of the raw and derived predictor 

variables explained in the Results section. Firstly, it is worth noting that some selected Vegetation 

Indices helped improve the predictive performance of the habitat models, which highlights the 

importance of the vegetation in determining the distribution of the Alaotran gentle lemur, a 

terrestrial mammal that completely depends on plants for food and support over the water of a 

marsh. Secondly, the exploration of the influence of the scale on variable predictive power 

demonstrated that the scale at which the habitat is studied does matter, as has been shown in 
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previous research (Gottschalk et al., 2005). The study of the semivariogram indicated that the 

correlation between adjacent pixel values was more relevant for the habitat suitability than those 

further apart. Intuitively, adjacent pixels should be more relevant for the lemurs as they measure the 

habitat continuity at the image resolution. Hŀōƛǘŀǘ ŦǊŀƎƳŜƴǘŀǘƛƻƴ ŀǘ ŀ ƭƻǿŜǊ ǎŎŀƭŜ ǘƘŀƴ ǘƘŜ ŀƴƛƳŀƭΩǎ 

territory size would have an impact on a species that relies on the vegetation for support and for 

moving around the marsh. In general, the model results also showed that more homogeneous areas 

were more suitable. Finally, the Shannon diversity index appeared to be a poor contributor at 

predicting the test data. This variable represented the class diversity within a kernel, but did not 

convey information about the spatial distribution of the different pixel classes, which might be more 

relevant for the lemur. A simple example can clarify this point. Figure 5.1 shows two kernels of 6x6 

pixels, with only 2 classes. The Shannon diversity index will be equal 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 lemur. Shannon diversity might be more relevant in 

studies where the presence of different Ƙŀōƛǘŀǘǎ ǿƛǘƘƛƴ ŀƴ ŀƴƛƳŀƭΩǎ ǘŜǊǊƛǘƻǊȅ ƛǎ important for its 

survival (see Mestre et al. (2007) for an example of distribution model where Shannon index is a 

good predictor). 

 

 

Figure 5.1: The same Shannon diversity index on 2 different habitat spatial configurations 

 
 
 

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 ETM+ images corresponds to a 30x30m square on the ground. While the 

model of habitat suitability produced in this study is able to predict relatively well a randomly 

selected set of test samples with that pixel size, the question remains if the model could be 

improved by adding information at higher resolutions. The fact that heterogeneity at the scale of the 

minimum available resolution (30x30m) contributed in the model to the prediction of suitable 

habitat encourages further investigation at higher resolutions. The study of heterogeneity at two 

different scales simultaneously could also yield interesting predictor variables. Some remote sensing 

satellites have higher resolution than Landsat. For example, IKONOS provides a panchromatic 

resolution of 1 m (Lillesand et al., 2008) that could be sufficient to distinguish vegetation on the 

basis of patterns and textures in the images, which are averaged out at a 30x30m scale. (see Pasher 

et al. (2007) for an example of IKONOS imagery used for habitat modelling). As a graphical example, 

Figure 5.2 displays a Landsat image of an area near Andilana next to the same area extracted from 

Google Earth (approximately 4m pixel resolution). It seems clear than more information about the 

spatial pattern can be extracted from the higher resolution image.  

  

Figure 5.2: Resolution comparison between a Landsat image and an image from GoogleEarth.  

 

 

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

offers a different view of the surface and have been used to study vegetation structure (Lillesand et 

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

layers under forest canopy, a task out of the capabilities of satellites operating at higher frequencies, 

Both the Landsat image (TM4, March 2007) and an image from GoogleEarth (RGB true colour, October 

2006) have an approximate width of 750m and the yellow areas correspond to clouds removed from the 

Landsat image. 


