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Abstract

Monitoring provides an essential feedback loop in the implementation of conservation
projects, ensung that impacts of management actions are measuhidnitoring of elusive
mammal species can be difficult as they are imperfectly detected and their distribution is
hard to predict.This study aimed to develop a novel monitoring method which integrates
occupancy modelling and Distance analysis to accurately estimate the population trend of
the Alaotran gentle lemur, an elusive species in a highly dynamic system that does not allow
for a probabilistic sampling scheni@ata was collected froraxistingmarshchannels and

lake edges by Durréladagascar staff in canoégtween Febrary and March from 2004 to
2007. As access to the marsh was limited a probabilistic sampling scheme could not be used.
Habitat and disturbance covariate data for occupancy modeksdaegived entirely from

remotely sensed data. This study found that although remote sensing data effectively
described habitat data, it was unable to account for the lack of occasion specific disturbance
data recorded during the study. Fire, habitat qualiNDVI) and a proxy for hunting pressure
were shown to be important drivers of occupancy, colonisation and local extinction
throughout the marsh. The study generated population estimates across the four seasons
ranging from2053+/- 1339to 6106 ++ 2504, a magnitude of which represents similar
estimates to those previously generatdeatterns in the distribution of occupancy are
investigated in relation to current protected areagtons showing that while partial

coverage of the occupied lemur habitatachievedcoverage is ndbcussed on the mst
important areas for the lemumMethods for refining this monitoring methoand its

potential foruse in similar systems are discussed.

Word Count13435
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1. Introduction
1.1 Monitoring ofelusive species

Monitoring provides an essential feedback loop in the implementation of conservation
projects ensuringhat impacts ofimanagement actions anmeasured and can bedaptedto
maximise effectivenesgPossinghanet al, 2001). Monitoring can also provide thelata
necessary for the development of models that can be used to make predictions about the

impacts of ptential future management intervention&éndall, 200;INichols, 2001).

Although they play a vital role in conservatiamany monitoringprogrammesare poorly
designed and the resulting conclusioren beflawed (Yoccozt al, 2001 Fieldet al, 2007
Lindenmayer and Liken2010). This is especially the case when studying rare or elusive
speciesvhichoften live in low density populationsyith low and variable detectabilitiesnd

are difficult to predict leading to small sample sizéEhompson, 2004)Monitoring
programmes are often created with the simple objective of gaining more information about
a system rather than defining the objectives sufficiently clearly to ensure they are designed

adequately (Yoccozt al, 2001).

Most populations span veryrge area and so it is often not possible to survey the entire
distribution. For this reason the design of most monitoring studies should include a
probabilistic sampling scheme with whiaecide on which sites to survey (Thompson,
2004).1f the data fromthe survey are then used to estimate population parameters which
are representative of the sampled population, it is essential ensure that sufficient sample
data are collected (Williamst al, 2001).The monitoring of habitat variables or other drivers

of the state variable is also essential in order to robustly describe the system. It is otherwise
possible that large amounts of the variation observed will remain unmodelled and any
inferences flawed. &mnote sensing provides &uccessfulmethod for describig such
variation, even when the system is very small and lacks topographic and climatic variation

across its range (e.g. Lahetonfort et al, 2010).

The choice of state variable is also an essential padiesigning a monitoring programme
A common conaodrum s whether to use datantensiveabundanceestimatessuch as Mark
recapture (White and Burnhani,999 or simply to track changes in @gpancy (defined as

the proportion of sites occupied) or distribution with presegabsence data (Mackenzie



and Niclols, 2004). Although abundance dataveacommonly been assumed to be more
informative on a per site basis, preserglesence data allows more sites to be visited
meaning inferences of patterns across a much larger study site are available. The decision
on which state variable to monitor is also influenced by the detectability of the study
species (Roylet al, 2005). When monitoring a more elusive specifesver data can be
collected on the individuals in the site and so preseabsence data represents a sto
effective method of data collectiorit hasalsobeenshown that presenceabsence surveys

in studies with small budgets or those targeting elusive species are most useful in an
attempt to successfully assigdCNred list categories of thregtloseplet al, 2006) and can

accurately represent trends in population s{Zzastoret al, 2000).

Many monitoring studies also fail to account for imperfect detection of their study species
as is common in elusive specie¥qgccozet al, 2001 Thompson, 2004 Varition in
detectability in space and times one of the main sources of error in many monitoring
studies Yoccozet al, 2001, Mackenzieet al, 2002. In studies where species are not
detected in sites in which they do ocg¢umcorrect inferences about theystem properties

and speciedabitat relationships may be madeTyre et al, 2003 Field et al, 2005
Mackenzieet al, 200§. Many abundance estimatiotechniqueshave mechanisms that can
0S SYLX 28SR (2 NBRdAzOS (KS Laniidg distSngeE8mping ( K S a
and markrecapture as well as occupancy studiédéhite and Burnham1999, Bucklandet al,

2001 Mackenzieet al, 2002; Polloclet al, 2002. In occupancy studies, the problem of
imperfect detection is dealt with through repeated vssitMackenziet al, 2006).Repeated
surveys allow formation o& detection historyof detections and nosdetections. These
detection histories can then be directly included into a maxirdikelihood framework
(Mackenzieet al, 2002 Tyreet al, 2003 in which a probability distribution is generated and
the point at which the values of the parameters maximise the function is used as the

estimator.

Although occupancy alone is a useful state variable, understanding the dynamic processes
that drive changes imccupancy(colonisation and local extinctiorgan provide a greater
understanding of the system and allow stronger inferences on the patterns observed. For

this reasonoccupancy is the state variable in many metapopulation studies [(egns,



1970 Hanskiand Gilpin, 1997 Hanski, 1998, 199%nd in studies investigating extinction
thresholds €.g.Lande, 198). The relationship between occupancy and characterigifcs

occupied patchescan inform future management actions and define areas of importance
throughout a habitat Occupancy maps hawbereforec SSy RS&ZONAOSR | &4 aidK
dzy Al 2F lylfeara Ay O2YYdzyyAiée SByzempding | YR
management actions that reduce the most common causes of local extinction of sites,

conservation can be focussed and so increasingly effective.

Occupancy estimates also present an opportunity for improvyoogulation estimates
produced usingdensity estimaibn techniques such as Distance (Thometsal, 2010;
Bucklandet al, 2001) whichhas been argued to provide a robust estimate for density in
elusive species (Thompson, 2008y applying the density estimate to only occupied areas
rather than all potential habitat, the uncertai with which predictions ar@associateccan

be reduced.By combining Distance anaccupancy, a monitoring programme will not only
generate data on population trends which have obvious implications for threat designation
but also how the population dynamics are impacted by the landscape structure, something
that has been seen as having increasing importance in biodiversity conservation @Viens
al, 1993 Fahrig and Mirriam, 1994

1.2 Aims and objectives

Aim

This study airad to develop a novel monitoring method which integrates occupancy
modelling and Distarecanalysis to accurately estimate the population trend of the Alaotran
gentle lemur, an elusive species in a highly dynamic system that does not allow for a
probabilistic sampling scheme. Data from surveys of the lemur carried out along a selection
of routes in the marshes of Lac Alaotra between 2004 and 2007 were used along with

remotely sensed data sources.



Objectives

1.

Create a maximum likelihoo@f occupancy colonisation and local extinction
explicitly accounting fordetectability to predict occupancof the lemur across the

surveyed site and apply this model to the entire marsh

. Map the distribution of site occupancy across the marsh surround Lac Alaotra

Combine the occupancy estimates with a density estimates from a Distance model
across the same ®tto generate estimates for population size in all years for which
dataareavailable

Assess the ability of this technique to generate population trends across gdaur
study period

Assess the use of remote sensing variables as the only source oftpradidables

for a dynamic occupancy model which incorporates detegtimbability

Provide recommendations fahe development of a robust monitoring programme

for the Alaotran gentle lemur and assess its potential for other similar systems.



2. Background
2.1 Remote sensing

Remote sensinf & GKS Gl OljdZAaAAGA2Y 2F AYF2NNIGAZ2Y |

YI1TAYy3 LIKeaAolt O:2S¢howedyérdt,A0dRemateksEnsiy meh&dllyl ¢ 0
refers to the use of aerial sensors to maplb RS SOG4 2062S8S0i0Ga 2y GKS
technology provides the possibility ofcheap form of predictor variables for spatial ecology
studies. Many remote sensing data is available freely to those with the technical knowledge
necessary to utilise tvhich means it has the capacity to contribute greatly to studies in
organisations that cannot afford an expansive ground staff. It also means it can be applied

to large area studies without the requirement for extended ground surviyslso allows
collection of habitat data for habitats that are largely inaccessible (e.g. Listuodort et al,

2010). Remote sengindatado howeverrequire sufficienttechnical knowledge¢o ensure

correct interpretation (Roughgardest al, 1991).

2.1.1 Remote sesing derived vegetation indices

Gommonly usedemotely sensed data includeegetation indices. Green vegetation absorbs
visible blue and red light through the large amounts of chlorophyll and other pigments in its
leaves and reflects near infrared wavelengths assult of the cell structure. This pattern

can be used to differentiate active vegetation from other habitat types using remote aerial
sensors, for example bare ground has similar reflectance from both bands and open water

reflects more near infrared thawisible light (Lillesandt al, 2008).

These reflectance properties have been used as the basis for several vegetation indices
derived from the remote sensing data (for a review see Gairaj, 2003 and Let a, 2004).

A commonly used index is thidormalsed Difference Vegetation Index (NDVI) whish
simply a ratio of the amount of near infrared light scattered by the leaf cell structure to the
amount of red light absorbed by the chlorophyibr each pixekthe index produces a value

for greenness rangg between-1 and 1 with the common range for green vegetatadr.2

to 0.8. NDVI has weaknesses in that it is known to be sensitive to some atmospheric

conditions for example sun position and background reflectance (Raetsty2002).

0]



2.2.Imperfed detection in occupancy studies
There is a large volume of literature on the subjetimperfect detection(e.g. Moilanen,
2002 Anderson, 2003Mackenzieet al, 2003 Tyre et al, 2003; Bailey et al, 2009. In
occupancy studies, detection historigather than presencebsence data ardirectly
included into a maximunlikelihood framework ackenzieet al, 2002 Tyreet al, 2003.
The likelihood function for a multiplseason model is a composite of the likelihood
functions for the individual season&n equation (2.1) can be formed for the Likelihood (L)
of the observed detection histories (hip a single seasont)(in terms of occupancy
probability /) and detectability (p)assuming independence between sites (MacKeatie
al, 2003. .
Equation2.1 L. il 1B, 500 h,\):l_[l’r(h“),

i=1

whereyt is the probability of sitet being occupied by the species of interestnd pt is the
conditional probability of detecting the species in siteggiven that the species is present

Within each season the occupancy state is assumed constant andleteaion history of
001 would have a probability of

y(1-p1) (1-p2) ps
However with a detection history of 000abuld be the result of either an wecuped site

or the nondetection the species at theite and so the probability becomes
Y (1-p1) (1-pz) (1-p3)+ (1)

Where for the third occasionhe possibilities of occurs but is not detected lps) and

species does not occur ¢y )are both included

This likelihood equation can be easily adapted to include missing data by effectively ignoring
survey information for that site on that occasion. This means that a detection historl of O

where, - indicates a missing observation,dmmes:
v (1-p)pa

The ability to include missing observations allows for unequal sampling effort at different
sites, meaning all data can be used despite a different number of visits to all of the
transects.The full likelihood equation for all seasons is calatied as the product of the

individual seasonal likelihoods as shown in Equation 2.

6



Equation2.2 Liy,plh;,h,,... h,) ]_[Jiflj.l'.xp.}l:._h i i)

2.3 Multi-season occupancy models

Information onthe dynamic processggolonisation and local extinctiothat drive changes

in occupancy can providaformation on what management actions will have the greatest
conservation impactMany studies have focussed on sedynamic processes thatrive
occupancypatternswhich canthen be describedusingmeta-population dynamics (Hanski,
1998). Some examples of gties that have used presenedsence on which to base

dynamic occupancy models are shown in Table 2.1.

Table 2.1 A selection of studies that have used presence/absence data to draw inferences on patch
occupancy and dynamic population processes

Author(s) Target species and location Technique used to collect
presence/absence data

Peltonen and  Sorexspp. On islands in Northern Finland Mark-recapture

Harski, 1991

Bettset al, Blackthroated blue warblerDendroica caerulescens Direct observations

2008 in

North Amerca

Kery, 2004 Various plant species in Europe and North Americe Mark-recapture
Franken and Collared pikasd@chotona collarisin the Yukon Mark-recapture
Hik, 2004

Verboomet al, European nuthatchSitta europaeain Western Direct observations
1991 Europe

Araujoet al, 78 species of breeding passerine birds in Britain ~ Occurrence records
2002

Hameset al, Four species of tanagers in the gemisangaacross  Point counts

2001 North America

Hecnar and 11 amphibian species in Ontario, Canada Direct observations
M'Closley,

1996

Moore et al, Glaucouswinged gullsl{arus glaucescejs Direct observations
2008 Washington

Laweset al, Blue duiker Philantomba monticolg tree hyrax Direct observations
2001 (Dendrohyrax eboreug, and samango monkey

(Cercopithecus mitis labiatysSouth Africa




2.3.1Occupancy model assumptions
There are five main assumptions involved in the descriptionootupancy models
(MacKenzieet al, 2006):

1. Another speciess never wrongly identified as the target species (i.e. no false
positives)

2. Occupancy status at each site does not change during the survey season, meaning
the site is closed to changes in occupaficywever this can be relaxed in certain
scenarios; see Keall, 1999)

3. Occupancy is either constant across sites or differences are modelled using
covariates

4. Detectability is either constant across sites and surveys or differences are modelled
using covariates and

5. Detection histories at each location are indeplent

If these assumptions are broken, resulting estimators may be biased and the model flawed.
These techniques have been made available to science within program PRESENCE 3.1
(Hines, 2011), incorporated to the program MARK (Waitd Burnham, 1999) andan now

be used inUnmarked in Program R (Fiske and Chandler, 2011)

2.4 Distance analysis

Distance analysiss a common method for estimatingbundanceand density of animal
populations (Thomast al, 2010). In distance analysisletection probability isnodelled as
decreasing with increasing distance between observer and study sp@idiesnaset al,
2010). Selecting the key function is the first stepbuailding this model and Distance uses
three malels that have been showito create robust models withhe correct shape
criterion (Bucklandet al, 2001). The key functions are Uniform, Hatfrmal andHazardrate
and are used in conjunction witla series expansion that can adjust the key functian,

improve the fit of the modelo the data(Bucklancet al, 2001).

There are two main engines through which it is possible to perform distance analysis. Firstly;
conventional distance sampling in which detection probability is modelled only as a function
of distance from the observer and assumes perfect detectibzero distance. Secondly and

more recently developed is muitiovariate distancanalysis (Bucklanet al, 2004) inwhich

8



detection probability can be modelled not only as a function of distance but also of

covariates.

Distance analysis relies on tlr@ssumptiongBucklandet al, 2001) (1) that species on a
line are detected with certainty(2) animals do not move; distance analysis measures a
single point in time and movement of animals may result irolbservation. This is also a
problem if animalsattempt to avoid the observer and move further away before they are
detected as animals are assumed to be distributed independently to the position of the
observer (Fewsteet al, 2008).(3) Measurements are exaaibservers with little experience

will often make poor estimates of distance (Alldge et al, 2007)

2.5 Lac Alaotra; the habitat

Lac Alaotra is the largest lake in Madagascar and is situated in the Aldatgoro Region

of North-EastMadagascafl72i 2 MT ¢ ¢ Q{ 48400 K on yhdensreriab,a0Gha

of open water alone and is surrounded by a large wetland containing both marsh areas and
rice fields Andrianandrasanat al, 2005). The lake is shallpkanging from 1 metre idepth

in the dry season to 4 metres in the wet season (Raamapamonjyet al, 2003).Seasonality
dominates the climate in the region with a wet and hot season between December and April
and a dry season with lower temperatures between May and Nover{Metschleret al,
1998).The marsh area is estimated at arourisl@0 hectares (coloured green kigure 2.1)

and the dominant vegetation iand reeds Phragmites communjsand papyrus Cyperus
madagascariens)s The area isconsidered an important area for biodiversity (Pidgeon,
1996) supporting eighendemic waterbid and five endemic fish specieBJCN, 2011a
Andrianandrasanat al, 2009 as well as the subject of this study; the critically endangered
Alaotran gentle lemur Hapalemur alaotrensjsRumpler, 1975). Due to this biodiversity
value,Lac Alaotravas desigated a wetland of international importance under the RAMSAR
convention in 2003 (Ramanampamorgjyal, 2003). In 200,ahe lake wasalso designated a
protected areancluding a large area in which no extraction is permittgdCN category VI)

(Ranarijaona2007)



Madagascar

Figure 2.1 Lac Alaotra study area and its location within Madagascar. \Hilages

responsible for management of small parts of the marsh anarked on this map

The rice fields surrounding the marsh occupy an area of around 120,000ha and @aothlic
SadAYFGSR 2yS (GKANR 2F (GKS O2dzyiNASa NAROS o
DN} yINBE 2F alRIF3FaoOlINR® ¢KS 1S ARidgdoh, a2 (K:
1996).

The Lac Alaotra watershed is also home to over 550,000 p€Bp®, 2003), a population

that is thought to have grown rapidly from an estimated 106,000 in 1960 (Pidgeon, 1996).

This populationd KA 3Kf & RSLISYRSy (i 2 yRardfjaors, 200fancA G ( A 2
Pamard, 1987), however subsistence crop growth, livestock rearing and textile manufacture

are also known in the area (Jarosz, 1994).

Despite conservation efforfburning ofthnevs Gt YR A& | &aA3IYyAUOlIyld (K
Lac Alaotra and the surrounding marshes (Ranarijaona, 2007). The marsh has consistently
declined in recent years and is currentgss than half of its original 60,0@D,000ha

(Bakoariniainaet al, 2006) In 2004 the aea of wetland was reduced by c%Othrough

10



burning during the dry seaso®qrrell, 200¢. Conversion of lake tareas forrice cultivation

has beerrecordedas one of the main reasons for burning (Ralainastlal, 2006; Copsey

et al, 2009).Many channels cut by fishermen to gain access to new areas of thédale
also been recolonised by invasive plants such as water hyathhornia crassipgand
Salvinia spp, which now cover an estimated 70% of the waterways and lakes

(Andrianandraanaet al, 20095.

2.6 The Alaotrangentle lemur

The Alaotran gentle lemur, previously known as the Alaotran bamboo lemur and known
locally as the bandro, is a small primate that exclusively inhabits the papyrus and reed beds
surroundingLac Alaotra (Garlit, 2007). This species is the only primate known to live in
marsh habitat (IUCN, 2011b) and is regarded as a flagship species for its marsh habitat. The
lemur occus in two subpopulations; a small one in the North around the Beletapo
peninsular and aakger population in the Soutlof the marsh(Mutschleret al,2001) The
Alaotran gentle lemur was classified a separafeciesrecently having previously been
regarded a suispecies of the legs bamboolemur; Hapalemur griseugMittermeier et al,

2006 Groves, 2005). The lemur feeds mainly on papyrus, reeds and two grasses
(Echinochloa crusgalind Leersia hexandaMutschler, 1999).

The lemur is highly territorighnd observations have been made od#fending its home
range against other nearby lemwroups (Nievergelet al, 1998)even across channels
(GuilleraArroita et al, 2010a) The lemur lives in groups of betwe2rand 9 individuals with

an average group size of 4.33 with each group thought to occupy a home range®f 0.6
hectares (Mutschleand Tan, 2003; Mutschlet al, 1994). Groups of the lemur have been
found to have an even sex ratio as is common in the Hapalemur family (Nievergelt,
2002).The lemur displays cathemeral activity with peaks in activity at the beginning (6:00
9:00) and end(15:0018:30) of day light hours, however some activity has been noted
during the night Mutschleret al, 1998 Tattersall, 200k

The Alaotran gentle lemus classified asrf{fically Endangeredon the IUCN Red List as it
triggerscriteria A2c,d and B1€2Ganzhorn, 2000). The Alaotran gentle lemur has therefore
gained the highest conservation priority in the Lemur Action Plan (Mitternetiat, 1992).

The lemur action plan lists the madinreats as habitat destruction and poaching (Mutschler
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et al, 200] resulting in a population decline from an estimated 7500000 individuals in

1994 (Mutschler and Feistner, 1995) to under 3000 in 2002 (Ralainsolg), 200

Despite laws against hunting the lemitrremains common in several villages surrounding
LacAlaotra for both food andor pets Hunting is thought to occur at significant leveis
Anororo and Ambodivoara with one village in 2004 reporteliynting upwards of 500

lemurs Ralainasol@t al, 2004; Andrianandrasanat al, 2005).

2.6.1 Alaotran genle lemur population estimates

Since 200,lannualsurveyshave been carried out during the rainy season between February
and March (Ralainsolo, 2004Mutschler and Fietner, 1995) Five sitesare surveyed:
Anoror and AndilangSud in the SoutiWest of the narsh andAndreba and Ambodivoara

in the SoutkEast (Fure 2.1) and a reference sitdndrebaGarein which exhaustiveurvey
effort isused to produce a reference density of relatively high confidence (Nievergelt, 1999).
Estimates of population sizare then calculated for each of the other sites using group
encounter rates,calculated by dividing the number of lemur groups encountered by the
amount of time spent surveyindgutschleret al, 1994 Mutschleret al, 200). The mean
encounter rate is then caltated for each location and compared to the reference density
to calculate a relative group density for each site. This relative density is then multiplied by
the area of that site to generate four estimates white combined to calculate an overall

population size.

This technique produced estimatesf between 7500 and 11000 from Mutschler and
Feistner (1995) and 2840 from Ralainasolo @08Ithough this technique accowswt least
partially for low detectability through thoroughly studying one aréeerefore gaining an
understanding of how many are detected and how many actually exist, it does assume that
detectability is consistentacross the marsh, something that more recent studies have
shown to be false (GuillerArroita et al, 2010b). The studidsetween 1994 and 1999 were
alsocarried out by a different team to the study in 2002 and heterogeneity in observer skill

is not included in the analysis makingtbomparability of these studies questionable
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2.6.2 Occupancy and suitability studies the Alaotran gentle lemur

GuilleraArroita et al (2010a, 2010b) carried out a singleason occupancy study on the
lemur in 2008. This study has shown that occupancy can be used successfully as a state
variable when monitoring the Alaotran gentle lemuhey alsoshowed that detectability

was not only very lowg(4%) but also lacked uniformity across the lake and so confirmed the
requirement for a robustlescription of detectability in any future monitoring of the lemur.
Around20% of the marsh area sun&y was predicted to be occupied by the lemur which
was supported byAndrianandrasan€2009) using Landsat classification of suitable habitat
to produce an estimate of 25% (6000ha) in 2007. Habitat suitability maps have also been
created by Lahe¥onfort et al (2010) producing predictionthat around 23% of the marsh

is highly suitable habitat. Lahddonfort et al also showed that using remdiesensed data

as the single predictor variable for producing these estimates maintained the integrity of the

results

Habitat suitability studies havlowever,not accurately accounted for hunting pressure and
other nonhabitat related variableghat havebeen shown to be a major threat to the lemur.
GuilleraArroita et al (2010b) is also a sneghot study only 1 mott in length. Drawing
conclusions from a single study period cgeneration spuriousconsequences, as it is
possible that thestate of the system at the time of the study maynot be a good
representation of the normal stateespecially in such a dynamic ®ms. If, for example
there had been dargeburn in that yearthe occupancy state of the marsh would likely have

been different than the occupancy state in a year with less burning.

No studyhas yet combined habitat variables and disturbance variables avmultiple year
study period in order to generate estimates of populativend in the lemur Although

Andrianandrasan2009) show a downwards trend irarea ofsuitable habitat, there is no
evidence for its impact on the lemur. It is possible thattlas lemur has survived in this

dynamic system for so long, thatistrobust tothese sporadic declines in habitat availability.
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3. Methods
3.1 Data Collection

In the data collection phase of this study a number of survey routes were chosen along
natural borders (e.g. around lake edges) and along channels that had beenmutined by
fishermen These sites were visited multiple times in order to generate a detedtistory

for the lemur (see dble 3.1 for number of repeats per route). It was not gibte to carry

out systematic sampling as the marsh is too dense to travel through without causing
considerable damage to an already delicate ecosystem through the facilitation of spread of
invasive plants. The study wearried out mainlyn the southernsection of the marsh which
contains the largest population (Mutschlet al, 2001) although two survey routes were
used in the orth of the marsh in 2007 (Seégkre 3.1).

Data collection was carried o@nnuallyby staff from Durrell Mdagascar betwee2004

and 2007 A team consisting of ree fisherman, one local guide, one researcher and one
paddler travelled along survey routes by canoe, recording the presendbeofemur by
direct observationThe day was divided into two sampling sessions (21000and 15:00
19:00) coinciding with two peaks in lemur activity (Mutsché¢ral, 1998) which would
increase the likelihood of detection but ensure detectabiitgs constant between sessions.

For each observatigrihe GPS location of the canoe at time ofhsigg, distance and angle

to the centre of the group of the lemurs at point of first sightings recorded The GPS was
also used to map out the survey routes to provide an understanding of the area covered by

the study.

The surveys were conducted throumkt March in each year. These periods were assumed

closed to changes in occupancy. It is assumed that animals may move in and out of the

dddRe dzyAada +a GKS dzyrida Yre y2d SyO2YLl aa

these movements were assumedndom in order for the occupancy estimator to remain
unbiased (Kendakt al, 1997; Kendall, 1999). By carrying the study out at the same time
each year, it is assumed that environmental conditions will be similar and so provide no

source of bias in the stly.

The length of survey routes and number of repetitidos each route was largely similar

across the four years as shown in table 3.1. This allows investigation into whether the
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results for each year are comparable and prevents the dynamic model fiamed through
biased sampling.

Table 3.1 A summary of the total length of routes surveyed across the 4 years of study including
the number of repetitions of the routes

Year Overallsurvey Range of Mean no. of Tatal length
route length (km)  repetitions repetitions surveyed (km)

2004 102 2-5 4 266

2005 78 2-5 3 232

2006 94 2-5 2 308

2007 109 2-5 3.3 364

3.2 Populationtrend estimation; a framework

This study combinednnual density estimategsingDistance analysis (Thomatal, 2004;
Bucklandet al, 2001)of lemur densitywith estimates ofthe total area occupiegdestimated
using a multiseason occupancy model (Mackeneteal, 2006),to generate a population
estimate for the years 2062007. Occupancy probability waaveragedfor all cells in the
grid to generate an estimate of percentage occupancy for the marsh for eactapdahen
multiplied by the total area of marsh studied (260 ha)in order to generate an estimate
for occupied areaThese annuabreaestimateswere multiplied by the densit of lemurs in
each yearto generatea population estimate.The error for the population estimates was
calculated using the root mean squared erf@MSE) methqadn which the standard error
of the occuped area (scaled down to a per hectare value) and deasity estimate error
were both squared and summed and the square root takéris error was then multiplied

by the area estimate to generate the error for the total population estimate for that year.

In order to assess whether or not the relative lemaibundance(lemurs / km route
surveyed)observed by the Durrell Madagascar stdi§played any evidence of a trend, a
route regression was used (Geissler and Sauer, 1990). Using this method, regional trends are
estimated as a weighted average of trends iodividual routes (Link and Sauer, 18997
1997b).
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Figure 3.1 The routes surveyed across the 4 years. The study was concentrated in the southern si
of the marsh which contains the largest population (Mutschietral, 2001) although two routes were
used in the north of the marsh in 2007
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3.3 Analysis of detection’ non-detection data

Occupancyf the lemurwas modelled using a mukieason singlspecies model developed
by Mackenzieet al (2006) that explicitly accounts for detectability (Mackenza al, 2002)
and estimated using the maximum likelihood approach as per Mackehak2006) as an
extension of the single season model the lemurcreated by GuillergArroita (2010b).
Covariates were examed to explore the factors that were most important in influencing
where the lemur occursyhen a site is recolonisedyhen a site becomes locally extinct and

when lemurs are detected.

The marsh area was delineated into units that could be assesse@¢dapancy by imposing

a 250m x 250m grid over the map (See Figure 3.2). A 28t mgrid was chosen as this
represented a square with equal area to the theoretical maxintdalaotrensiderritory

AT S 0adziaOKf SNJ YR ¢ y> Asnyno ab afiegiiRashdhabss @Sy G A
identified as the largest size for the optimal pixel size of predictor variables when mapping

H. alaotrensi$habitat (Lahozvionfort et al, 2010). Although usingnaarbitrarygrid approach

did ignore that often lemur territdes are separated by channels (Nievergglal, 1998) it

would not otherwise have possible to divide the marsh into meaningful units and derive a

marsh wide estimate of occupancy.

A detection history was created for each grid cell that had been surveyatleast one the
surveys. GPS records of each individual spotted were used to generate a map of lemur
sightings. Grid squares in which more than one lemur had been spotted in one sampling
occasion were identified and these duplicates were then remomed a detection history

formulated.
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Figure 3.2 The study area was delineated into 250gnid squaresA 250n% grid was chosen
as this represented a square with equal area to the theoretical maximHimalaotrensis
territory size (Mutschler and Tan, 200and was identified as the largest size for the
optimal pixel size of predictor variables when mappilhty alaotrensishabitat
(LahozMonfort et al, 2010)

The occupancy likelihood equation in background section 2.ltdrms ofoccupancyy()
and detectability (p) can be expanded to investigate the effects of colonisat@rad local

extinction ¢) whereQ is the probability that a site is colonised between occasiénis, the
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probability that the site became locally extinct at this siietween occasions. This resultant

dynamic process is visualised in Figure 3.3 (Adapted from Macleiradj2006).

Season 1 Season 2 Season 3 Figure 3.3 Adapted from
Mackenzieet al, 2006)
Representation of how

the occupancy state may

changebetween seasons
in terms of the processes
of occupancyy(),

colonisation &) and local

extinction ¢). Filled boxes
indicate species presence
in that season and empty
boxes indicate absence

—_—
I_Yl

This likelihood model, generates an estimate for initial occupancy only, it then incorporates
potential changes in the ocpancy of a site using the dynamic parameters of colonisation
and local extinction (Mackenzit al, 2003). Now a multiple year detection history is used
(e.g.010 000 110). From this detection history we can derive that the species was present in
the firstand third seasons however the second season has one of two possible explanations:
either the species went locally extinct between occasion one and two armblomised
between seasons two and three, or it did not go locally extinct between any of the pear

remained undetected in the second year. Mathematically this can be represented as:

A-e)[JQ-p. )1 -e)+ery2,

Where €, + Q) represents the local extinction followed by colonisation and the preceding part of
the equation represents nordetection in the second season

The model can then used to derive occupancy in subsequent seasons using Equation 3.1 in
which sites occpied in season 2 are a combination of those sites occupied in season 1 that

did not go locally extinct between seasonst()) and those not occupied in season 1 that

were colonised between seasonsy(1(t))* a (t).
Equation 31 v () =y (O)*(1-=(0)) + (1 -w(t)* ¥ (1)
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Using program PRESHNE 1 (Hines, 2011) the probabilities for each site were combined to
build a likelihood function of these variables. The likelihood function was then maximised to

estimate the parameter values for which the observed detection histories were most likely.

3.4 Occupancy models inclusive of covariates

The first model created was the fixed model; in which yheQ) ¥ and p parameters were
assumed constant. The model was then extended to include covarigtasKenzieet al,
2002, MacKenziet al, 2006) foreach of the parametersThis allowed investigation into the
relationships between the covariates chosen dahd model variables and develop a model

of the factors most important for predicting the dynamic process of occupartoy.model
covariates were normalised to ensure that each covariate had equal predictive power to
ensure that the beta value@ogit regression coefficients produced using Equation 3v8je

not skewed by uavenlylarge ranges in the datéMackenzieet al, 2006) The covariates
were added to the model using a logit link function (as per Mackeeizad, 2006)in whicha
linear combination bthe covariate values (which may take any valae)convertd to the

scale of probability and uskto create an extension of the linear regression model which
when combined to the original model is able to account for imperfect detec@mtupancy,
colonisation, extinction and detectability were expressed in terms of the chosen covariates
and the logit regression coefficien(s values) as shown in Equation 3.2 which shows the
probability of a site being occupied as a function of the covariate values at that site. All
covariates were site specific as no remote sensing data was available at a temporal

resolution great enough toalidate its use in predicting occasion specific values.

Equation3.2 logit(y,) =Py +PBix;; +Pox + ... +Puxw,

Where U is the maximum number of covariates associated with sitan € (i NI I @I f dgbto A & NI |j dzA
OF £t Odzt FGS GKS AyiSNDOSLIG 2F (rSmaBaNBaarzy YSIy

The likelihood maximization waben performed with respect to the parametersfrom

which individual estimates of the model variables were generated for each site.

In order to assess which combination of covariates best explained the detection ésstori

observed it was decided it was not suitable to run all possible models (there were 250000
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possible models) and seach modelparameterwas run against every combination of its
covariates whilst fixing the remaining thregarameters Thehighest ranked20% of each of

these covariate combinations were run against thighest ranked®20% of each of the other
parameters covariate combinationsased on the assumption that combining the best
explanatory covariates for each variable would generate the majoffitthe top overall

models. Withinamulty 2 RSt Ay FTFSNBYOS FNIYSg2Nl = !'1IFA1SQ
used to rank and identify the most parsimonious models for the observed data (Burnham &
Anderson, 2002). A set of candidate models was generatesel®cting those that had a

summed AIC weight of at least 0.95 indicating there was 95% confidence that these models

best explained the data. The lower the AIC weight, the less predictive power the model is

said to have (Burnham and Anderson, 2002).

Forthe models in the subset overall estimates of occupancy, colonisation, local extinction
and detectability (the average of the results for each season), including their corresponding

standard errors (MacKenzet al, 2006), were calculated as shown in Edqouat3.3.

) Y, s;0; A Yisi var ()
Equation 3.3 Ogyeran = var (Boveran ) = ¥ s?
171

2 Si

Wherei‘@number of sites of type i—hat = occupancy / colonisation / local extinction / detectability

The models in the subset had similar AIC weights and as there was no justification for
choosing between them, a model averaging technique (Burnham & r8ade2002) was
applied to estimate the average occupancy, colonisation, local extinction and detectability

probabilities described by these models (Equation 3.4 which includes standard error).

m m

. R R R Ir R R R 9
Equation 3.4 0,y = Z wi;6; SE(6,) = Z Wy \|‘I var(8;lm;) + (6; —64)"
=1 =1

Where 0 x AIC weight for modej, —& owerall occupancy/colonisation/local extinction/detectability for

modelj, —8: overall occupancy/colonisation/local extinction/detewbility for the averaged model

3.4.1 Estimatingand mappingoccupancyacross the marsh
Once this model had been createthet parameters were applied to all grid squares on the
marsh again using prograPRESENCHepending on its covariate values, a probability of

occupancywasgenemted for each of the grid cellall AIC weights were identical for both
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the model area alon@and the entire marsh as the same detection histories were used with

which to build the model.

The parameter estimates from the averaged model were then used to map occupancy
across the four years for the entire study area. The occupancy probability ¢orc=dl was

predicted based on the covariate values in that cell as in equation 3.4. This map represents
the probability of occupancy for each grid cell rather than each cell simply being occupied or

unoccupied.

3.5 Model Covariates

Factors suggested asost likely to impact occupancy have been identified in previous
studies (e.g. Guillerarroita et al, 201(M; LahozMonfort et al, 2010 and are detailed in
Figure 3.4 Thisstudy aims to use onlgovariates generatedrom remotdy sensed sources
to enablethe application of any models to the entire marstar this reasom new selection

of possible covariates had to lbeveloped

Variable Category Covariate Variable Category  Covariate

Habitat

Habitat type Patch size

Occupancy

colonisation|
/ local
extinction

Detectability Disturbance

Disturbance

Accessibility

Fig 3.4 Factors identified in previous studiestd@palemur ahotrensisoccupancy in Lac Alaotra (Guillera
Arroita et al, 2010) (light grey) and factors included in the model in this study (dark grey). Blatines
indicate a covariate that was unique to this study
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3.5.1 Occupancy, colonisation and local extinction covariates

Firstly covariates for modelling occupancy, cadation and extinction were examined.
These factors have previously been divided into two gro(pdhabitat quality required as

it is thought that lemurs preferentially inhabit areas of good reed structure for locomotion
(Mustchler and Tan, 2003; Garlhu?007) and2) disturbance (Guillerdrroitaet al, 2010).

There are several factors that in combination have a dramatic effect on the habitat type;
firstly the vegetation both in type and in quality and secondly the history of fires and
flooding in he area(GuilleraArroita et al, 2010b) It was decided that both of these factors
could be modelled simply using rembtesensd data in the form of a burn history and a
vegetation index. It was also assumed that proximity of nearby quality habitat would
therefore have an effect on the colonisation rates and local extinction rates of the lemur
and whether there was access to the nearby habitat, which would not be true on the edge
of a lake or in isolated patches of habitat. The second group of factotarlwhsice can be
described through the proximity and scale of anthropogenic impacts on the lemur. The
covariates of disturbance would not only impact where the lemur occurred but also how
easy it was to detect as disturbance would interrupt the normal agtpattern of the lemur

and so these covariates are discussed in more detail in the following section.

3.5.2 Detectability covariates

It was hypothesised that the activity level of lemurs would impact detectability as it is easier
to spot a moving objecthan a stationary oneHowever, this was accounted in the study
designwhich targeted periods of known activity in the lemur (see section. &&gondly the
level of anthropogenic disturbance would certainly have an impact on the behaviour of the
lemurs & has been shown in previous studi€u{lleraArroita et al, 2010. The Durrell data
collection teamdid not record data on humartraffic and so a retrospective estimateas
used. An expert in local fishing pressure was contacted prior to the study éstigate
patterns of fishing pressure within the marsh however it was deemed too variabledsifgla
retrospectively (Wallacepers. comm). and so it was decided that a proxy for fishing /

hunting pressure should be used.

Two variables were used for #hiirstly distance from nearest human settlement as it was

assumed that there would be higher levels of traffic near villages. This was derived from a
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point shapefile of human settlements surrounding the lake (&ppendix1). Secondly four
large villageshat manage zones of the marsh were used to classify hunting pressure as it is
known that lemurs are hunted more readily in some villagers over others
(Andrianandrasaneet al, 2005 GuilleraArroita et al, 201M®). This variable was derived
through the cration of Thiessen polygons to delineate the mairgio sections classifiely

the nearest of the four villaggSee Appendix 4)

Ability to detect the lemumwas alsothought to be affected by whether the survey route
was one or two sided, meaning whethie was along a lake edge or a marsh channel. It was
also thought that weather would affect the movement of the reeds and therefore the ability
to pick out a lemur from its habitat howevieaigain, no data had been collected and so this
remained a sourcefaunmodelled heterogeneity. Another covariate for which no data was
collected was observer name as observers would have differed in their ability to detect
lemurs. Finally lake height was assumed to have an effect in allowing the observer to see
varying dstances over the marsh and so was included as a covaAatell description of

how these variables were included in the model is provided in Table 3.2.

Table 3.2 The covariates incorporated into the occupancy models and the data type that was used

Covaiate Data type Initial Colonisation Local Detectability
occupancy extinction

Time since last Ordinal 04 years (capped at ¢ X X X

burn as this was the total of

available data for the first
year of the study

NDVI Continuous naturally X X X X
constrained to theaange-1 to
1
Village 4 dummy binary variables X X X X
management (one for each village as is
zone necessary in presence)
Distance to normalised continuous-{ to X X X X

nearest village +1)

Lake edge or binary variable (lake ege =1, X X X X
marsh channel marsh channel = 0)

Lake height relative lake height ordinal ( X
1,0, +1)
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3.6 Remotesensing data

Geotiff files for each of the MODIS products were downloaded and windowed to the Lac
Alaotra region (UTM coordinates: min X = 843008xm™ = 885000, min Y = 8033000, max Y
= 8084000).NASA FTP servers from which the data were downloaded arttief
processing notes for MODIS datsing the MODIS reprojection tool (MRand Idrisi
Kilamanjaro (Eastman, 200 listed in Appendis.

In order to generate a remotsensed estimate for habitat quality, two proxies were
examined; normalised differential vegetation index (NDVI) with a 250 resolution (Htiete

al, 1999) and tasdled cap greenness with only a 500m resolution (Zhangl, 2002. After
comparison of both NDVI and tadled cap greenness maps with Landsat images of the
sameyears from previous studies (e.g. Andrianandrasana, 2009) it was decided that NDVI
was the most accurate reflection of the vegetation across the ydadahita quality was
derived from the high resolution 250m x 250m normalised difference vegetation index
(NDVI) product (Huetet al, 1999).

3.6.1 Burn History

A burn history for each grid cell was derived from the MODIS burned area product (Justice

et al, 200§ combined with the FIRMS active fire ddfaiglio, 2019 The burned area

product data is only available at a 500m resolutinganing 4 grid squares would share the

same burn history. For each cell, a value of 1 or O was generated, recording a 1 if it was
burned in either the burned area image or had at least one active fire for thatfy@arthe

FIRMS dataAttempts have been made to make field observations of burned areas in the

marsh with limied success (Young and Lopgrs. comn). The covariate gghNJ 4§ SR Wi A Y
AAYOS fFald o0dNYyQ F2N gKAOK (KySaslapged a4 4s f I NB

this was the extent of data availability for 2004.

Appendix2 contains the maps of burned areas combined with active fire data from the
FIRMS databasfor the four years of this study and Figure 3.5 shows the resulting maps of
time since last burn used as a covariate in this study. Any grid square containing either a
burned area point or an active fire point is assumed entirely burned. Using these

assumptions a total area burned was calculated and is presented in Table 3.3, including data
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for 20012003 that was used to create the time since last burned covariate. As can be seen
for the years 2002004, 20042005 and 2002007 have abnormally large burdereas,

with 6, 12 and 14 percent of the marsh burned respectively.

2004 2005
¢

a

Years since last burned
I o
B

2

3

Cpe

S e e s e e e |
o 25 5 10 Kilometers

A

Figure 3.5 Maps of time since last burned for 262d07. The values were capped to 4 years as this
was the maximum available for 2004 arsb was required taavoid biasing data in later years
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Table 3.3 A summary of the total number of cells burned as observed by the MODIS burned area
dataset and the FIRMS active fire database. The number of cells is then extrapolated to generate a
total area burned and the perentage of the marsh this presents. This table includes years 2000
2003 as these years were used to generate the time since last burned covariate

Period No. of cells Area burned (ha) Percentage marsh burned (of
burned 24000ha total)

Mar 2000¢ Mar 2001 33 206.25 0.86

Mar 2001¢ Mar 2002 51 318.75 1.33

Mar 2002¢ Mar 2003 13 81.25 0.34

Mar 2003¢ Mar 2004 254 1587.5 6.61

Mar 2004¢ Mar 2005 477 2981.25 12.42

Mar 2005¢ Mar 2006 20 125 0.52

Mar 2006¢ Mar 2007 556 3475 14.48

3.6.2 Lake height

Lake heght was downloaded from thilational Snow and Ice CaCentre(NSIDCarchive in

the form of IceSAT surface elevation data granules (GLASO06 versiofZ®ally et al, 2011)

from orbits that intersected the Lac Alaotra region during the entire lifetiméhefsatellite
(20032010)of which there was only 5 instancdsor years when an estimate of lake height
was not recordedthe mean of all other available years was used as was the case in 2005
The results are shown in Table 3.4 and are accurate to wlibem (Zwallyet al, 2011) The
relative lake height fluctuates significantly between years with 2004 and 2006 having low

water levels and years 2007 and 2009 having high water levels relative to the mean.

Table 3.4 Lake height estimates from I€§GLAS6 version 31) accurate to within 10cm for all
available years

Date Lake elevation Lake elevation on date minus Relative water level
from GLAS (m) mean lake elevation (m) on date

6™ Jan 2004 743.89 -0.98 low

18" Oct 2004 744.30 -0.57 low

11™ Aug 2006 744.34 -0.53 low

26" Mar 2007 745.83 0.96 high

239 Mar 2009 746.00 1.13 high

Mean 744.87

Covariate mapsvere generated foall the variables in ArcMap ve®.3.1(ESRI, 21p) and

are displayed in Appendices5l

3.7 Analysis of DISTANCE data
Density estimates (individuals/hectare) were calculated usingfabDce v6.0 Release 2

(Thomaset al, 2010), with individual survey routes assigned as sampling (oitée length
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was used to estimateusvey effort, beingmultiplied by two when it passed tbhugh areas of

marsh thatmadeit possible to survey from both sides of the canoe

Analysis was carried out on lemur clusters rather than individuals and group size was
recorded. In order to fulfil the requirement that detection probability is one ontilamsect,
distance to group was estimated from the edge of the re€isomaset al, 2010) Distance

was recorded inntervals as recommended by Thomeisal (2010) The intervals usedre

shown inTable 3.5. This technique prevents rounding by surveyarstherefore provides

more accurate data for analysis. The maximum distance was truncated by 5% to remove any
obvious outliers which contain little information used for density estimatiBaoklandet al,

2001).

Analysisvas run using the following comations of key functions and series expansions as
recommended by Bucklandt al (2001); uniform function with cosine/simple polynomial
adjustment, haknormal function with cosine/hermite polynomial adjustment, and hazard

rate function with cosine/simple g@ynomial adjustment.

Table 3.5 intervals used to record distances from bandro clusters for Distance analysis. Intervals
prevent rounding of distances by surveyors and generates a more accurate output

Interval name Interval (m)
Intl 0-2

Int2 34

Int3 5-6

Int4 7-10

Int5 11-13

Int6 14+

The estimates were then post stratified year to generate an estimate of density for all four
years using a global detection function as therersvinsufficient data points in each year
individually tocalculate accurat separatedetection functions. Lake height was used as part
of a multrcovariate distance analysis that allowed the detection function to be altered
dependent on the water height in the year as it wasught that with highemater height

the ability to cetect lemurs further into the marsh would be increased
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4. Results
4.1 Summary of observations

During the study, 596 lemurs were observed in 199 groups. More detailed observation data
with a break down for the individual years is shown in Table 4.TtaAde seen there is a

large fluctuation inrelative abundanceand the number of sites in which thesedividuals
occurred. Years 2004 and 2006 had relatively low lemur observations and sites whilst 2005
and 2007 are relatively high. The group sizes entmed ranged from 1 to 10 and the
mean group size recorded was 3.1103 with a ratio of 4:1 adults to juveniles. Group size
frequencies are displayed in Figure 4.1. A map of the observations is also displayed in Figure
4.2.

Table 4.1 A summary of thebservations made across the four study seasons

Year No. of lemurs No. Sites in which  Average group Relative abundance
observed observed size (lemurs / km of survey)

2004 105 23 3.17 0.40

2005 202 48 3.14 0.87

2006 102 26 2.76 0.33

2007 193 43 2.89 0.53

A route regression provideno support for a significant trend in reélge abundance across

the four studyseasongdf= 53, t=0.8014590, p=0.4264).
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Figure 4.1 Frequency group sizesseived during the study
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Figure 4.2 A map of observations made across the 4 years. Only the southern part of the marsh is
shown as although there were two transects in tmrth in 2007, no lemurs were observed

As carbe seen in Figure 4.2, the location of observation remains similar between years
however frequency varies greatlifigure 4.3 is a map showing all observations made in
relation to the protected area boundary and no take zores can be seefew observatbns

are made within the no take zones. Zone D is consistently occupied by a high abundance of

lemurs.
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Figure 4.3 A map of all observations made during the study overlaid with the protected
area boundary and no takeones
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4.2 Occupancy

4.2.1 Fixed model

This model assumes that occupancy, colonisation, local extinction and detection
probabilities are constant across sites and surveys and is denoted here with a dot to indicate
that no parameter is to be estimated®rogramPresence first calculates the occupancy
gAOGK2dzO | O02dzydAy3a F2NJ RSGSOGlIoAtAlE 1y26Y
consists simplpf calculating the proportion of sites for which there is at least one observed
lemur in the detection histty across thefour seasons This study generatedhaive
occupancy estimateof 5.46% in 2004, 13.52% in 2005, 6.91% in 2006 and 13.19% in 2007.
The fixed model accounting for colonisation, local extinction and detectability was then
computed. TheAIlC obtained for this model was 1544.4 and the model parameters
estimated are shown in Table54.Occupancy increased across the four year period from
10% in 2004 to 21.5% in 2007 (Figurd)4. Detectability across the four seasons was
estimated at19.6% suggestintpat many of the lemurs in the marsh remained undetected

during the surveys. The average estimate of occupancy generated by the fixed model (18%)

is therefore inflated in comparison to the naive estimate to reflect this low detection

probability.
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Figure 44 The trend in total percentage occupancy (average occupancy probability for whole study
site) (+/~1 Std. error) generated by the fixed model
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4.2.2 Covariate inclusive models

The models were ranked based on AIC value and as can be sEaiplerd.2, the covariates

for initial occupancy (time since last burn and NDVI) remain largely unchanged in the top
models suggesting there is a large amount of support for their inclusion. Village
management zone has little support for its inclusion asr¢hisfew data in 2004(only 23

sites containing a detectiorfpr which to provide support for a four level covariatewas

able to be fit to colonisation and local extinction as estimates of the parameters are derived
from the pooled data from 2062007 .

When modelling colonisation there is similar support for time since last burn, marsh channel
or lake edge and village management zone suggesting they have important roles to play in
the dynamics of the system. The results are similar for local exametth NDVI replacing

time since last burn. Here village management zone was supported in all models in the top
set as the estimates for colonisation and extinction are based on three years worth of data
which seems to provide overwhelming support foriiislusion.All models for whiclvillage
management zonewas not included as a parameter for both colonisation and local
extinction could not be fit as there was too large elenment of unmodelled heterogeneity

all sites had 95% confidence intervals ef Probability of occupancy and errors could not

be calculated).

Covariates of detectability werenore varied, although village management zone and
distance from nearest village have a very high level of support whilst lake height has less of

an impact tharexpected. More detail on covariate support is displayed in Table 4.3.
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Table 4.2 shows the top ten models based on AIC value together with the averaged mibdel.
Time since last burned, N= NDVI, V= Village management zone, L = Lake edgesbrcmannel, D=
Distance tonearest village, H= Lake height

Model AIC AIC Weight Delta AIC  No. Parameters
y (T,NﬁT,V,L,D?(V,L,N,DZ)(V,D) 1475.85 0.5352 0.00 25
y (T,NEXT,V,L,D§(V,L,N,D)(V D) 1477.42 0.2441 1.57 26
y (N,LﬁT,V,L,Dy(T,V,D@(V,LD) 1479.30 0.0954 3.45 25
y (T,NﬁT,V,L,D?(T,V,L,N)(V,DH) 1479.65 0.0800 3.8 26
y (T,NQXT,V,L¥(T,V,L,N)(V,D,H) 1480.86 0.0438 5.01 25
y (T,NﬁT,V,L)‘(T,V,L,N)(V,N,D) 1488.45 0.0010 12.6 25
y (T,NJXT,V,L,Dy(L,N,Dp(V,LNH) 1492.07 0.0002 16.22 23
y (V,LﬁT,N,V)‘(T,V,L,N)(V,L, D) 1492.28 0.0001 16.43 28
y (T,NﬁT,V,Ly (V,L,Np(V,D) 1493.48 0.0001 17.63 23
y (V,L,N,[ﬁV,L,D)‘(V,L,N@(V,D) 1493.51 0.0001 17.66 25
1543.44 0.0000 69.59 4

y Q&) “0p0)

Table 4.3 Support for each covariate in the t4@0 models and the model set used in
model averaging (summed AIC weight of 0.95% Time since last burned, N= NDVI, V

Village management zone, L = Lake edge or marsh channel, D= Distance to near:
village, H= Lake height

Initial occupancy

T N V L D
Top Set 75% 100% 0% 25% 0%
Top 100 Models  84% 100% 44% 43% 53%
Colonisation
T N Vv L D
Top Set 100% 0% 100% 100%  100%
Top 100 Models  43% 41% 100% 100% 57%
Local extinction
T N V L D
Top Set 50% 50% 100% 75% 75%
Top 100 Models  49% 57% 100% 100% 47%
Detectability
N Vv L D H
Top Set 0% 100% 50% 100% 25%
Top 100 Models  44% 100% 67% 84% 59%

Only the top four models were selected to create an averaged model as this encapsulated

95% of the AIC weigimeaningthere was 95% confidence ththe averaged model was the

best estimate possible from the data. A summary of the parameter estimates gedenad



shown in Table 4. The occupancy probability fluctuates between years reflecting the
pattern in the collected data with occupancy of betn 19% in 2004 and 21% in 2007 as
shown in the graph in Figure5}.Detectability is also loweor all yearsthan in the fixed

model as expectedesulting in hese higher occupancy estimat&he estimates from the
averaged model suggests that local iegtion levels remain fairly constant through the
years only dipping by 3% in one year whilst colonisation seems more variable building across
the years from 7% in 2005 to 11% in 2007. One problem with this modeltidetectability

is constantacrossoccasions as there were no occasigpecific covariates in the averaged

model.
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Figure 45 Percentage occupancy (+1 std error) as predicted using the averaged occupancy
model across the four years of this study when applied to the entire studgea

4.2.3 Top model
The top modely (T,NYXT,V,L,D¥(V,L,N,D)(V,D) was examined in further detail and beta

estimates for the covariates that were used to model epeinameterwere generated as

shown in Table 4.
4.2.3.1 Initial occupancy covariates

When examining théeta estimatesfor initial occupancy (Table 4), it can be seen that

both time since last burn and NDVI have a positelationship with occupancy, meaning
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occupancy increases in concert with both covariaféise inverse logit of thburn history
and NDVI slopes can then be graphed using equation 3.4 to provide an estimate Aor
graph in which varying time since last burn is plotted with five constant values for{IDVI(
0.5, 0, 0.5, 1) has been plotted (Figur®)4lt is worth noting that these are theoretical
combinations as the two variables graphedway meaning an N of 1 and a@ime since

lastburnedvalueof O would not occur in the same cell

Teble 44 Logit regression coefficient (beta) estimates of each of the model covariates. A positive
number suggests a positive relationship between the covariate and the model parameter it is a
predictor of and vice versa

Parameter Covariate Beta estimate Std. Error
Occupancy intercept -1.960 0.346
Time since last burn 0.476 1.871
NDVI 1.124 0.297
Colonisation intercept -8.279 2.884
Time since last burn 6.170 1.907
Ambodivoara vmz 3.249 1.938
AndilanaSud vmz 5.403 3.475
Andreba vmz 4.283 2.842
Anororo vmz -17.563 0.002
Lake or marsh -0.692 3.385
Distance to settlement 0.203 3.700
Local extinction  Intercept -0.894 2.140
Ambodivoara vmz -2.402 0.615
AndilanaSud vmz 0.143 1.438
Andreba vmz 1.037 1.246
Anororo vmz 0.364 0.761
Lake or marsh 1.724 1.500
NDVI -0.028 2.283
Distance to settlement 3.702 1.146
Detectability Intercept 2004 -0.813 0.406
Intercept 2005 1.423 0.607
Intercept 2006 -1.157 0.538
Intercept 2007 0.579 0.633
Ambodivoara vmz -1.011 1.431
AndilanaSud vmz -0.834 1.069
Andreba vmz 0.059 1.724
Anororo vmz -1.688 1.162
Distance to settlement -0.235 1.404
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Table 45 Model parameter estimats (probabilities)for the fixed model across the four seasons after applying the model to the entire marsh area

Probabilities 2004 2005 2006 2007
Estimate| Std. error| 95% CI | Estimate| Std. error | 95% CI | Estimate| Std. error | 95% CI| Estimate| Std. error | 95%ClI
Initial occupancy | 0.1005 | 0.0214 0.065% ]0.1585 | 0.0182 0.1228 1 0.1938 | 0.0239 0.1469 ] 0.2153 | 0.0304 0.1556
0.1509 0.1943 0.2407 0.2749
Colonisation 0.0974 | 0.0165 0.0695 ] 0.0974 | 0.0165 0.0695 | 0.0974 | 0.0165 0.0695
0.1348 0.1348 0.1348
Local extinction 0.2943 | 0.0883 0.1535 ] 0.2943 | 0.0883 0.1535 ] 0.2943 | 0.0883 0.1535
0.4897 0.4897 0.4897
Detectability 0.1958 | 0.0202 0.1592 ]0.1958 | 0.0202 0.1592 ] 0.1958 | 0.0202 0.1592 ] 0.1958 | 0.0202 0.1592
0.2385 0.2385 0.2385 0.2385

Table 46 Model parameter estimategprobabilities) for the averaged model across the four seasons after applying the model to the entire marsh area

Probabilities 2004 2005 2006 2007

Estimate| Std. error| 95% CI | Estimate| Std. error | 95% CI| Estimate| Std. error | 95% CI] Estimate| Std. error | 95% CI
Initial occupancy [ 0.1910 | 0.0609 0.1781 | 0.0225 0.1901 | 0.0413 0.2291 | 0.0456
Colonisation 0.0727 | 0.0203 0.0889 | 0.0253 0.1151 | 0.0435
Local extinction 0.3712 | 0.1050 0.3409 | 0.9981 0.3711 | 0.1101
Detectability 0.1777 | 0.0126 0.1084 | 0.0396 0.1931 | 0.0101
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Figure 46 Variation in probability of occupancy graphed as a function of years since last burned
and NDVI as generated by the model of occupancy used in this study

4.2.3.2 Colonisation and local extinction drdetection covariates

As shown in Table 4.Lake edge or marsh channel has a negative relationship with
colonisation suggesting that colonisation probability is lower for lake edges than for marsh
channels, it also has a positive relationship with extorctmeaning the probability of local
extinction was higher for lake edges than for marsh channels. Surprisingly NDVI also has a
marginal positive relationship with local extinction suggesting that risk of extinction
increased with marginally higher NDVIsesult that will be discussed later in this study.
Another unexpected result was the increased chance of extinction with distance from village
away from what is thought to be higher anthropogenic pressufégre is some support for
NDVI as a proxy for baat type as a source of variation in detectability however it was not
represented in the topmodels predicted in this study. This meant there wataek of
occasion(or survey specific variablesvith which to modeldetectability and so itwas
allowed to vary across theyears in an attempt to capture some of the temporal
heterogeneity.As a resultdetectability is lower in 2004 and 2006 than in 2005 and 2007

reflecting the relative abundances Trable4.1.

4.2.3.3 Village management zone results
Village management zone should be examined in more detail as although colonisation is

more likely in theAmbodivoara AndilanaSudand Andrebazones, there is also a positive
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relationship with chance of local extinction AndilanaSud and Andrebauggesting thse
are very dynamic zoree Ambodivoarais the only zone in which colonisation is high and
extinction low. Anororo ha a negative relationship with colonisation and a positive
relationship with local extinction suggesting lemur numbers are declininthah zone

particularly.

4.2.3.4 Occupancy maps

The maps of occupancy were created using the occupancy estimates from the averaged
model and are shown in Figure74ln 2004 there was no effect of village management zone

as a covariate and so there is a clpattern of low occupancy in low NDVI and time since
last burn areas. In 2088007 as occupancy is derived from colonisation and extinction,
village management zone becomes an important predictor of occupancy as is clear from the
straight edges in the cerdr of the maps. There is obvious grouping of areas of high
occupancy close to areas of low occupancy on these maps suggesting that displacement of
the lemurs may be occurring. There are high levels of occupancy on the south east edge of
the marsh and the agth west as was found in the observations showing that the model has
accurately captured this datd&igure 48 shows the map of occupancy in 2007 overlaid with

the national park and no take zone boundarigf07 was chosen as it is representative of

the distribution across the years (excluding 2004) and the distribution of fire is clear across

the South West of the marsk similarfigure for 2004 ishown in Appendix.6

Figure 4.8 shows thahere are large portions of the no take zones (e.g. E and [zags of

A) that contain no habitat that is predicted to be occupied. Zones A and B contain large
areas of burnt marsh suggesting thdgsignation as a no take zone has little impact on the
treatment the marsh receives from the local people. Both zone dEBudo however contain

patches of habitat that are predicted to have a very high probability of occupancy (>70%).
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Figure 47 Occupancy maps showing the predicted probability of occupancy of each grid cell based
on the estimates generated by the averageccupancy model
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Figure 48 Map of 2007 predicted occupancy based on the averaged model, overlaid with the

protected area boundary and no take zones

41



4.3 Estimating density

The density model selected was Half norg&osine on which a ekguaredgoodness of fit
test was performed showing no evidence for a lack of fit (DF=2S¢H.2532, p9.8811).
A global detection function is showin Appendix7. This detection function was then +e
estimated using distance from mean lake elevation as a aatearresulting in a separate

detection function for each lake height as shown in Figuge 4.
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Figure 49 detection functions resulting from the multcovariate distance analysis for 3 relative
lake elevations

This shows that in 2007 even though the ldleght was higher than in previous years there

is a weaker detection curve suggesting that the ability to detect lemurs dropped off more
quickly in years of higher water level, contrary to initial hypotheses, however this is likely to
have been compoundetty small sample sizes in the year of low water level. Table 4.7
contains the estimates of density calculated by this density model witéfficient of

variation and 95% confidence intervals.
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Table 4.7 Density estimates for each year produced by multic@ate distance analysis using lake
height as a covariate

Year Density (lemurs/ha)  Std. error % Coefficient of variation Lower 95% ClI Upper 95% ClI
2004  0.359 0.113 32.03 0.185 0.675
2005 0.671 0.211 31.23 0.360 1.270
2006 0.294 0.129 43.45 0.124 0.706
2007 0.726 0.268 36.66 0.349 1.533

The coefficients of vation on these estimates meathat the results produced should be
used with caution and havearge associated error92.9% of the variation was due to
variation in encounter rate which is expedtewhen studying a species with patchy
distribution (Bucklancet al, 2004).Estimates fluctuate between years; 2004 and 2006 have
relatively low and 2005 and 2007 relatively high densities.

4.4 Estimating population size

The estimate of percentage occupay multiplied by the total area surveyed provided an
estimate of area of occupancy which was then multiplied by density estimate for that year
generated an estimate of population size. A population range estimate can be generated for
the 4 years of the sidy of between 2053 +/1662and 6105 +/ 2504with a mean of 3766.

It is clear that according to this model area of occupancy does not vary greatly with year,
whilst the density estimates vary bgver 100% and have error of a magnitude that
unreliable These results are summarised in Tablé 4nd a graph of the population

estimates over time is presented (Figuré&@).

Table 48 Population estimates for the four years of the study, together with estimates of area of
occupancy and density estimates for eélayear of the study. The error for the area occupied is the
standard error of the 4 estimates used to create the averaged model

2004 2005 2006 2007
Percentage occupancy 19.1+~6.09 17.8 +£2.25 19 +-4.13 22.9 ++4.56
Area occupied (ha) 7009+ 1461 6535 +£ 540 6977 +£991 8405 ++ 1094
Density estimate (per ha) 0.359 +£0.113  0.671 +£0.211 0.294 +£0.129 0.726 ++0.268
Estimated no. of lemurs 2517 +/1662 4389 +£ 1481 2053 ++ 1339 6106 +/ 2504
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Figure 410 A graph of population estimates of the Alaotran gentle lemur generated through the
combination of occupancy estimates and density estimates using DISTANCE. Results are shown +/
1 RMSE
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5. Discussion
5.1 Overview

The population estimates gnerated bythe averaged model ithis study rangd between
2053 ++ 1339and 6106 + 2504 (+/- 1 RMSE)The fluctuations in these estimatase not
biologicaly possibleand the associated errors are relatively large meaning their reliability
must be exanined. The mean (3766and total range ofthe estimates areof a similar
magnitudeto estimates of the lemur population size that have been calculated between
1994 (7500) and 2002 (2840) (Mutschler amasther, 1995; Ralinasolo, 206). Although
this techique has allowed the generation of astimate of reasonablenagntidude,no

patterns can be inferred as the variation is too large.

The study hasalso confirmed the feasibility of using detectiawon detection data to
describe occupancy for the Alaotrargentle lemur. Overall occupancy estimates are
comparable to those generated by Guillekaroita et al (2010b) of 20.29% in comparison to

a range of 17.81% to 22.91% in this study. There is however, a difference in detection
probability between this and thprevious study. GuillerArroitaet al produced an estimate

of 6.4% compared to the average estimate of 14.9% in this study. It is thought the difference
in detection is likely a combination of the lack of occasion specific detection data collected
in this study and an artefact of the different data collected in the studies. For example,
GuilleraArroita et al carried out their study in 2008, a year with little burning and as can be

seen in Table 8, detectability was lower in 2004 and 2006; years wislarea burned.

Density estimateslso fluctuate greatly between years (Table 4.7) ranging from 0.294+/
0.129to 0.726+£0.268 lemurs/ha in 2006 and 2007 respectiveljhe years predicted to
have the largest densitfand population sizegstimates are the years with the largest areas
of burning. Itis hypothesised that the increased density estimatesre the result of
crowding or clumping of lemurs thatere displaced by the fire. The same effect is noted in
the detectability predicted in the averaged mgpancy model with an increased estimate of
17.7% in 2005 compared with 11.7% in 2004.dsthought that the area occupied would
decrease andherefore account for the inflated density estimates, however there were no
such significant declineg.his lack of a declinemay be an intrinsic effect of the lack of a

probabilistic sampling design. Guilledaroita et al (2010b) suggest that the lemurs
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preferentially inhabit areas further from edges to avoid weather conditions and other edge
effects. During a yeaof large burns, lemurs may be displaced from interior arelsre
they would normally remain undetected tedgeswhere the surveys pick them up and so

artificially inflate occupancy estimates.

5.2 Distribution of occupied habitat

Although the estimatesof occupancy fluctuate between years, the distribution of the
population is predicted to remain relatively simildexcluding 2004) The predicted
distributionis similar to that of the suitable habitat predicted by Latanfort et al (2010)

as shownin Appendix8 suggesting that the integrity of the occupancy model has been
maintained when applying it to the entire marsharge areas of marsh in the SoWrest
and the SoutkEast of marsh are predicted to be both suitable and occupied. Lisloodort

et al predict there to be some suitable habitat in the centre of the marsh, althotnggh

studypredictsa low probabilityof occupancyor the same areag~igure 47).

The lack of a decline in abundance in 2007 despite large boowd also be explained
spatially. It appears that burns in 2007 took place in similar areas to those burnt in 2005
which remain unoccupied throughout 2006. Fire also occurs in the centre of the marsh,
again an area that is predicted to be unoccupied in 2@@€aningthere are veryfew

occupied sites that are affected by the burn.

Ocaupancy maps(Figure 4.7)also provide a potential mechanism fdhe survival of the
lemurs in large burn yearst seemsthat the lemur population is displacei new areas
within the marshas was sugg#ed by the detectability estimates of both the occupancy and
distance modelsAreasof fire in the South West of the marsh are surrounded by areas that
are predicted to have a very high level of occuparidyis suggests that when areas were

burnt, lemursmigrated to new habitat nearby

The pedictions on the drivers of changes in occupancy through the processes of
colonisation and local extinction are one of the significant results from this study.
Understanding the mechanisms of these processes is amritant part of conservation
action on a rare species such as the lemtutiam et al, 2003 Akcakayaet al, 2007 as they

can direct management objectives such as need for maintenance of corridors for the
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hypothesised displacement of the lemurs to occtiislalso clear that there is a need for a
continuation for the community education work that has been carried out by Durrell in

previous years aimed at reducing the prevalence of fires across the marsh.

5.3 Occupancynodel findings

5.3.1Initial occuparcy covariates

As expected, NDVa& proxy for habitat typeand time since last burn of each grid cell were
important predictors of occupancy in 200Mowever agFigure 4.6shows, no combination of
these two covariates can provide 100% probability of ocaggdor a patch which suggests
that there is at least some unmodelled heterogeneity in this parameter. This was expected
due to the inability to fit village management zone to this model parameter. It is thought the
management zone covariate could not bigefd as the number of cells in which lemurs were
present in 2004 was only 23 which wasableto provide support fo the 4 levels of the
covariate. For this reason the occupancy map in 2004 is thought not to represent the lemur
distribution as certainlyout does provide an insight into the effect of habitat type and fire

on the lemuir.

5.3.2 Colonisation and local extinction covariates

As shown in Table 4.4ime since last burn, village management zone, lake edge or marsh
channel and distance to settleme are important predictors of colonisation. Similar
predictors are important in predicting local extinction with timmcelast burn and lake or
marsh replaced by ND\Astime since last burn is an important predictor of colonisatidn

can be hypothesed that lemurs prefer habitat with a uniform history or suitabilias is
supported by negative relationship between NDVI and local extinctios also clear that as
hypothesised areas bordered by lakes are less likely to be colonised as the lakeg jaro

barrier to novement

As distance from settlement increasedoth colonisation and extinction increase. This
provides yet further eviderethat the marsh is a very dynamic systeaggestinghat areas

in the centre of the marsh arboth colonised ad go locally extincon a regular basisThis
may be the resulbf migrants that are looking for new habitabhd so move through the grid

squaresor possibly an area of high huntilgK A OK ONB I 1Sa | aaAiyqé
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Gaz2dz2NOS¢ | NIBdgdof the2ngmisiNRullidmk 1988)nfortunately the correlation
does not indicate causation and as yet the reasons for this pattern can only be speculated

upon.

The pattern of colonisation and extinction in the different management zones seems to
provide support for the observed pattern of hunting being common in the village of Anororo
(Andrianandrasanat al, 2005)exhibitinga positive relationship witHocal extinction and a
negative relationship witltolonisation. This pattern is not observed for Bodivoara which

is also suspected of carrying out lemur hyrdathough manual assessment ahe results
showthat very few lemurs were observed close to Ambodivoara (Figure 4.2) and so there is
little chance for extinction tde recorded Although thereis some local extinction observed

in the Andreba and Andilar@ud management zongthis is expected as a part of normal

population dynamicg¢Harski, 1998)

The willingness of fishermen to travel large distances across the marsh to catch the best fish
(Wdllace, pers. comm). mears responsibility for hunting in a particular zone cannot be
assigned to the people living in that zone with any certaiitavelling elsewhere to hurisg
likelyto occuras there is law prohibiting lemur hunting and so people nrayel away from

their village in order to minimise the chances of being caught.

It is worth noting that village management zone is a very crude proxy for hunting pressure
and although there is a great deal of support for the covariate, it is possible itha
encapsulates some other variation that is otherwise not included in the model and so the

results should be used with caution.

5.3.3 Detection covariates

The covariates that best represent detectability according to both the best and averaged
models ae village management zone, lake edge or marsh channel and distance from human
settlements. All these variables are site specific rather than occasion specific, meaning that
any heterogeneity between study occasions is not captured in these mddetsctaility

does vary inversely with relative abundane@dthough not sufficiently to account for this
variation. GuilleraArroita et al (2010b) showedhat an important predictor of detectability

is fishing traffic on thesurveyroutes. If a fishing canoe trals down a channel and scares
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away any lemurs, and soon after the survey is carried out, detectability will bificagily
reduced. Unfortunatelytraffic datawere not colleced during the studyand there was no
method for deriving a proxy for this vable using remote sensing. The importance of
disturbance is demonstrated within the models in this study in the form of distance from
nearest settlementwith detectability increasing toward the centre of the marsh. There are
several possible explanatiofi@r this result; firstly it is thought that the lemur is unlikely to
occupy the centre of the marsh as the habitat is more uniform and lacks the diversity
required for the lemur to survive (Mutbler and [eistner, 1995). Secondly it is likely there
are fewer fishermen in the centre of the marsh and so detectability may increase as less
human contact occurs. Withowtccasiorspecific disturbance variables, the resulting models
are not able to account for a variation in detectabilttyat is likely to occuiand so may
underestimate occupancy in some situations. This variable is a necessity should further
occupancy studies be carried out on tleenur. Detection is also higher in Andreba, a village
that has not been recorded as carrying out any significant $ewdl lemur hunting
(Andrianandrasanat al, 2005) and is home to a small ecological tours company (Young,

pers. comn).

5.4 Limitations

Thelimitations of this study can be categorisedto four groups; (1)ackof a probabilistic
sampling schem¢2) unmodelled heterogeneity (3accuracy of MODIS derived covariates
and (4)lack of occasion specific detectability covariates e.g. traffic on route surveys as

discussed in section 5.3.3,

5.4.1 Lack of a probabilistic sampling scheme

One of the main limitationg this study was the lack af probabilistic sampling schemi¢
presentsa problem because although this study can make generalisations to other areas of
lake edge or marsh channels, it is unable to predict successfullgatigpancy probability

for the lemur in habitatfor which there are fewer edge effectfhere is no other method for
surveying the marsh from the canoes without opening new channels which would facilitate
the proliferation of invasive species and so this problem will remaitinout significant
investment in for example infra-red aerial surveys which have been demonstrated to

produce feasible density estimate¥appeet al, 2003) By running canoe based surveys
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alongside aerial studiesaccuracy of the canoe surveys could be assessednbdelling

against the true estimates.

5.4.2 Unmodelled heterogeneity

It is clear that it is not possible for a model based amall sampldéo perfectly represent a
complex distribution (McPhersoat al, 2004), however having unmodelled heterogeneity
can seriously flaw models (Mackengieal, 2006). In this study only one notable covariate
that is assumed to be important in predicting lemur occupancy was not used. An example is
the lack of patch size data. This data was not available for MODIS dathicim this study

was based, due to a lack of endmembers (or pixel values for pure pixels of a specific habitat)
for the different habitat types. The greenness of the reeds and invasive plants such as
Eichhornia crassipeand Salvinia spp.were too similarto use the available LasHt

endmembers from previous Alaotra studies.

5.43 Covariate accuracy

Contraryto the findings ofprevious studies (e.dRamse)et al, 2002) NDVI seems to have
performed well whendescribing greenness of vegetation that hasvgnoon open water
areas, which was thought would cause incorrect reflectance descriptors. This success is
thought to be a result of the & and neatinfrared reflectanceswhich are used to derive
NDVI, being measured to 11 bit precision by the MODIS memn@ This is in contrast to
NDVI as derived from other sensors, for example Banhdvhich have a lower radiometric
resolution and have been criticised for their failure over open wa#dthough there has

been success in the use of NDVI, several otheartates require further assessment before

their subsequent use.

5.43.1 Burned area accuracy

The total burned area calculated using the MODIS burned area product and FIRMS active
fire database is significantly smaller in some years g981ha vs. 9566Ghin 2005) than has
calculated in previous studies (Andrianandrasana, 2009) using unsuperviseficeléssiof
LandSat imagesManual examination of LandSimages indicate that the MODIS sensor
does correctly identify recently burnt black areas, but nmet correctly identify brown

partially burned reeds as burnit is thought that through the inclusion of the NDVI
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covariate areas of browned reeds are picked up andomporated in the model The
occupancy maps seem to confirm this suggestiery. acrgs the centre of the southern

marsh in 2004 see Figure 4.6).

A more sophisticated method for monitoring burareas of reeds would be the creation of a
dense time series of MODL&and=at fused images to calculate a time series of delta
normalised burrration (Miller and Thode, 2007; Brewet al, 2005)which could be used to
generate a covariate for severity of historical burning, or time since last burn using a burn

after setting a threshold intensity.

5.4.3.2 Lake height accuracy

The lake height dates also flawed in that there is no estimate for 2005, a year in which the

long term mean was used as a replacement in the models. If the water height was
significantly different in 2005 than the mean, this covariate would be skewed and the results
inaccuate. There is sufficient support for lake height as a covariate of detectability in this
study to warrant further investigation into methods of its collection, an idea for doing so is

discussed in section 5.6.1.

Another method that was thought feasible wahe use of radar altimetry from TOPEX or
SSM;however this was not possible as these sensors have a 10km resolution meaning the
height variations in lake height would not contribute sufficiently to the lavater mixed
signal to generate any usable vdite (Long,pers. commn). A simple solution to the lack of

lake height data in future studies is the use of a simple water height measure at some point

in the lake such as a large ruler which can be checked annually.

5.5 Implications for management

Thisstudy has shown that in years with large amounts of fire, the lemurs are more likely to
be observable on marsh channels and lake eddéss suggests that fire causes more
damage than simply destroyirdmabitat; it may also confound the risk of hunting aoither
disturbances such as poor weathé&or this reason the focus on reducing burning the marsh
has to be seen as a priority and work with the communities by Durrell in recent years must

continue Andrianandrasanat al, 2005.
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The protected area boundg does appear to surround most of the occupied habitat with
exception of a small part of the south west of the mafBigure 48). The designated no take
zones have variable levels of success in their coverage of occupied lemur habitat. Zone A for
example covers a large area of the centre of the marsh which is not predicted to be
occupied at any point during the study suggesting its role in lemur conservation is limited.
Zones A and B also contain large areas of burnt habitat possibly the result of tolleoht
burns by fishermen attempting to gain access to f{§lopseyet al, 2009) In a dynamic
system such as Lac Alaotra with uncontrolled burns, it is very difficult to designate and
provide adequate protection to certain areas. However, as can ba se€igure4.3 very

few observations are made within no take zones A and B. This is a result of there being no
access channels in these areas. It is possible then, that the local people do respect the
protected area boundaries and do not cut fishing chaningis these areasAs much of the
population around the lake rely on it for their livinRgnarijaona2007). Designation of

large areas close to settlementgere much of lemur population is predicted to oc@as no

take zones is unrealistidhe current protected areasthen, do appear to provide good
coverageof the marsh considering the restrictions within which they must operate although
there are areas of significant lemur occupancy that are not within these zones and

designation of some important cador areas could be assessed.

Local extinction estimatesuggest that conservation action with local people should be
focussed in the Village of Anororo dsspite legal protection for the lemuR@lainasolet
al, 2009 there is stillevidence of huntingnd large fires that saturate some of the no take

zonesin the area.

5.6 Recommendations for monitoring

This section has great importance in its impact on a study that is due to commence at the
end of 2011. Further monitoring is taking place on the Kkogentle lemur funded by the
MacArthur fund (Longpers. comn). This study has the advantage of collecting data weekly
rather than annually and so the ability to detect trends should be increased through the
creation of a longer time series. It woulden be possible to use a general additive model

rather than a general linear model as used here to model a trend which would allow a more
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complex relationship to be fit (Sutherland, 2006lhe larger time series of estimates for
population size wilalso povide greater power with which to detect trend&érrodette

1987). This study is also likely to detect seasonal changes in the lemur population which may
be an important factor that thistudy is unable to investigate. However, the

recommendations fromttis study could have important impacts on the data collection

methods used in the new program.

Asdetection nondetection datais simpleto collect, it is a candidate for use in participatory
monitoring programmes (Danielsa@t al, 2005). As the new mawiring programme will run

over an extended period of time, at times participatory monitoring could be run alongside
professional monitoring in order to assess differences in the quality of data produced. This
could easily be built upon the existing Durretheme that uses the lemur as a predictor of

marsh health Andrianandrasanat al, 2005).

Rhodeset al (2006) suggests that there are two ways of using occupancy surveys to best
detect trends. If the aim of the study is to detect a decline in occupahey the study
should focus on habitat that is known to be occupied and if the study is attempting to detect
an incline in occupancy, it should aim to survey areas of-bgghi quality that the species

may expand into during a period of population growtdsing these suggestions, monitoring
could be focussed on areas that this study has estimated have a high or medium probability
of occupancy and exclude sites that have a low probability of occupancy as these have little

or no part to play in describing trels in the species.

The newmonitoring programme should attempt to focus some survey effort on the North
of the marsh as this study has shown an area in the North West that has a relatively high
probability of occupancy (up to 70% in 2007). Ralainsol64R€riled to detect any lemurs

in the area but suggested there was some evidence for their existence. Confirmation that a
lemur population still occurs in this area is essential. If the population has gone locally
extinct it would demonstrate the fragifitof the lemur population but would also justify a
focus on conservation of the South of the margh.the population still exists, some

investigation into the genetic quality could be required as it is possible that the population is
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genetically isolatend may suffer from some level of inbreeding depressknarfkhamet

al, 2002;Kellerand Waller, 2002).

5.6.1 Improving density estimates

In order to reduce the coefficient of variation that results from encounter rate, surveys that
are found to pass thagh habitat that is found to be unoccupieduld be removed from the
analysis. Thelensity estimate for occupied and unoccupied habitatoteerwise being
applied to only occupied habitaiesulting in an underestimatiarirhis was not attempted in
this stud/ s a map was not generated with and 1 values for occupancy, but is
recommended in future studiesMulti-covariate distance analysis could be expanded to
generate adensity estimate for each village management zone in order to capture some of

the variaion observed across the marsh.

5d2NAy3 GKS al O! NIIKdzNJ Fdzy RSR aididzRexz Ad A& NB
employed in order to build the skills with which to successfully spot the lemurs. Experienced
spotters in Distance surveys have beewwh to miss less individuals and record distances

more accurately (Alldredget al, 2007).

5.7 Future work

5.7.1 Integrated modelling of suitability and occupancy

Although the model created by this study uses habitat descriptors for each site to model
ocaipancy, it models usage of habitat rather than suitability. By combining habitat
suitability and occupancy in the same model as suggested in Macketradi€2006, p. 272),

the occupancy estimates produced are likely to be more sensitive to the reduatiaarea

of suitable habitat caused by the burns across the mamshsuch a study, a history of
suitability would also be formed and included in the likelihood model. If no individual was
detected in a grid square this could then be explained through tdckuitability. It is
thought this may show a reduction in occupancy in large burn years to account for the
hypothesised clumping that is thought to have occurredvdiuld also allow investigation
into the lowest suitability of habitat that is requiretb maintain a group and so allow

estimation of extinction thresholdd.énde, 1988Merila and Kotze, 2003
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5.8 Transferability

There is potential to use this technique not only for cryptic species but also for species that
occur over a large area for whiexhaustive sampling is unfeasibléis techniquewould
howeverwork bestin studiesin which habita use can be describegsingremotely sensed

data which has been shown to be possible for species ranging from lizagdddrkt, 2007),

to large mammaan herbivores€.g.Heitkoniget al, 1998 Heitkonig et al, 2003 (reviewed

in Leyequien, 2006 This technique is especially applicable in other wetland areas where
surveys are often limited tdeing boat based Both Distance and occupancy data can be
collected by boat unlike many other abundance estimation techniqisngrove forests
present an example of where this technique has potential as limited access and low
detectability may limit the amount of data available. Another example is the Pantanal in
Latin Americavhich spans an area of a size that would unfeasible to survey exhaustively.
Areas such as the Pantaraald Lac Alaotrare of particular interest as freshwater habitats
and the species therein have been shown to be among the most threatanmehd the

world (Jenkins, 200Revengat al, 2005)

The technique could also be applied to nest counts or burrows such as for the giant jumping
rat (Hypogeomys antimerjan Madagascar for which Distance studies have been shown to
produce goodbaselinepopulation estimates (Youngt al, 2008), but the occupancy of the
species within its theorised extent remains unknown, something that this method could

rectify and so improve the accuracy of thepulationestimates.

Concluding remarks

This study hassuggested that combination of accurate density models with maps of
occupancy corrected for detectability have the potential to be used to generate estimates of
population sizes foelusivespecies in habitats that prevent extensive surveyasgecially in
wetland areasDistance densitestimates used must be stratified by habitat or region as the
variation inencounter rateobserved when monitoring an elusive species can be prohibitive
to producing a precise estimate of densit§@anbining detection historiesand habitat

suitability also has the potential for increasing the accuracy of this technique.
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Appendices
Appendix 1 Distance from nearest settlement map
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Appendix 2 MODIS burned area map combined with FIRMS active fire niapthe 12

months preceding March of the year shown

2004 2005

- | T
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Appendix3 NDVI map fotMarch of20042007
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Appendix 4 Map of village management zones
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Appendix 5SNASA FTP servers used to download tM&©DISdata and further processing

notes using the MODIS reprojection tool

The MODIS reprojection tool (MRT) was used to convert all 'bands' of each HDF scientific data set to
geotiff format, then project from integerised sinusoidal (ISIN) to UTM zone 38S on the WGS84 datum
and then nearesheighbour resample to 500m resolution (imed area product) or 250m resolution

(NDVI). All subsequent image processing used Idrisi Kilimanjaro (Eastman, 2002).

MODIS collection 5 data granules from MODIS tile h22v10 (North Madagascar)}HDEG&mat
were obtained from the following NASA FSépvers:
1 Burned areas product
ftp://e4ftl01lu.ecs.nasa.gov/MOTA/MCD45A1.005

(all months from April 2000 until March 2007 except June 2001 and Feb 2009 which were
not available)

1 Vegetation indices product
ftp://e4ftl01lu.ecs.nasa.qov/MOLT/MOD130Q1.005

(all 16 day periods ending on day of year 97 (usually 7th April) in years2P00
1 Nadir bidirectional reflectance distiution adjusted reflectance (NBAR) product
ftp://e4ftl01lu.ecs.nasa.gov/IMOTA/MCD43A4.005

(all 16 day periods ending on day of year 97 (usually 7th April) in years22003

Active fies data from theFire Information for Resource Management SystefRIRMS) of the
University of Maryland were downloaded. Maps for the relevant tile and year were downloaded
with no need for further processing. These were downloaded from the FIRMS firevearchi

(http://firefly.geog.umd.edu/download).

¢2 3ASYSNIGS GKS WOGAYS aAayOS ftlLad odNYyQ O20F NRI
reclassified in each month such that areas which had been ldumé&e month of the product took

values of 1 and all other areas, including cloud andlaia fill areas, took values of 0 {8 0; 1- 366

->1; 367- 11111->0) (Justiceet al, 2009). The reclassified monthly burned areas maps from all 11

periods of tke 12 months preceding March in the years 20@007 were added together to produce

4 maps of the pixels burnt in those years using Idrisi Kilimanjaro (Eastman, 2Z0@2e maps were
subsequently reclassified (as 0 or 1) to identify areas which hade®st burned at all or which had

been burned at least once in the previous year. This allowed the generation of a burn history for

each cell (truncated at April 2000 as there are no observations prior to that date). This value was

capped at four years as thivas the most data available for 2004.
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Appendix6 Map of predicted occupancy for 2004 overlaid by the protected area boundary

and the no take zone
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Appendix 7 The global detection function produced by pooling the Distance data across

the four years @ the study
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Appendix8 Alaotran gentle lemur habitat suitability map fit to the study area used in this

study, adapted from LaheMonfort et al, 2010
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