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Abstract 

Monitoring is an essential tool for conservation. However, monitoring programmes are quite often 

costly and thus difficult to sustain especially in developing countries where resources are more lim-

ited. Another common problem in wildlife surveys is that species detection is usually imperfect 

which has implications in the validity of monitoring results and studies such as habitat analyses, 

population modelling and impact assessments. 

This study has explored the potential of applying likelihood-based occupancy models accounting for 

detectability to the monitoring of the critically endangered Alaotran gentle lemur (Hapalemur alaot-

rensis), a small primate inhabiting the dense marshes of Lac Alaotra in Madagascar. Occupancy as a 

state variable for monitoring presents the advantage of easy data collection thus reducing labour 

costs and offering the possibility to involve local fishermen in the monitoring effort. The models in 

this study allowed exploring the influence of different factors such as habitat quality, village man-

agement zone and levels of human disturbance on occupancy and detectability of the species. Esti-

mates of detection probability were used to calculate the number of visits required to detect the 

presence of the species at a site with a given certainty. This work has produced some useful results 

with implications for the monitoring and management of the species. Based on these, recommenda-

tions for the design of future monitoring programmes are proposed. The sensitivity of the results to 

the specific design of sampling sites was analyzed. Although the models showed consistency on the 

effect of some factors, the contribution of others varied from one sampling layout to another. Fur-

ther research on the heterogeneity induced by the arbitrary definition of sites could improve occu-

pancy modelling for territorial species like the one presented here.  
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1 Introduction 

1.1 Considerations for monitoring programmes 

The term monitoring refers to the “process of gathering information about some system state vari-

ables at different points in time for the purpose of assessing system state and drawing inferences 

about changes in state over time” (Yoccoz et al., 2001). In the context of ecological studies monitor-

ing programs constitute an essential tool of scientific research by providing insights about the behav-

iour of ecosystems, communities and populations. In addition, in the conduct of biodiversity man-

agement and conservation, monitoring is used in project-end assessments and as part of the con-

tinuous evaluation in adaptive management strategies (Salafsky et al., 2001). Monitoring is a crucial 

element for the decision-making process (Possingham et al., 2001). It provides a feedback link be-

tween implementation and management therefore allowing for making informed state-dependent 

decisions. Moreover, learning about the system through monitoring aids in the development of 

models to make predictions about its response to potential future interventions (Nichols, 2001). All 

this not only helps to make better management decisions, but also gives evidence and therefore 

confidence to donors who seek to understand the impact of their funds (Sutherland et al., 2004). 

Monitoring thus becomes an essential element for ensuring the continuity of conservation initia-

tives.  

 Unfortunately, despite their importance, monitoring programmes are often poorly designed and 

hence less likely to provide informative results (Legg & Nagy, 2006, Field et al., 2007). Frequently this 

occurs as programmes are developed without paying the necessary attention to three basic ques-

tions that need to be addressed at the design stage of any sampling exercise: Why monitor? What to 

monitor? How to monitor? (Yoccoz et al., 2001). 

Answering the “why” question involves being explicit about the objectives of the program. The type 

and amount of monitoring required depends on the characteristics of each system. Understanding 

the specific conditions present in the area allows for a better allocation of resources between differ-

ent types of monitoring and conservation action (Salzer & Salafsky, 2006), something vital in a disci-

pline that suffers from limited resources. The objectives of monitoring programs need to be clearly 

defined so that the design can match the questions to be answered. Quite often however this step is 

overlooked under a false perception that data collection is the goal of monitoring even if there is 

little use for data not associated with a well planned analysis and communication of results.  
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 Once the objectives are articulated, the “what” question is tackled by deciding on the appropriate 

state variable(s)1 to be monitored given the nature of the system and constraints on the program 

including time and cost. For monitoring to be useful it needs to be sustainable in the long-term and 

therefore cost-effective. It is important to realise that different state variables allow different kinds 

of inferences about the system so one has to make sure that these match the objectives of the pro-

gram. Traditionally, when dealing with single species, the most commonly used state variable has 

been abundance or population size. However, occupancy, defined as the proportion of area, patches 

or sampling units occupied by a species, is becoming increasingly popular as it is often sufficient for 

monitoring objectives and requires less effort and expertise in the field (MacKenzie et al., 2006). It is 

worth nothing that, although changes in abundance are not necessarily reflected in changes in occu-

pancy and vice versa, for some species the discrepancies between these two state variables may be 

small if the size of sampling units is chosen appropriately. For rare species, occupancy sometimes 

remains as the only practical state variable to monitor (MacKenzie & Nichols, 2004).  

Finally, the third question to be answered, how best to monitor, involves careful selection of the 

appropriate sampling methods required to ensure an accurate estimation of the chosen state vari-

ables taking into account relevant issues such as spatial variation and detectability (Yoccoz et al., 

2001, Thompson, 2002, Pollock et al., 2002). Spatial variation is an important subject to consider 

since it is usually not possible to survey the entire area of interest. Sampling sites have to be chosen 

based on study objectives and ideally in a fashion that allows making inferences beyond the sur-

veyed area. Statistical methods for selecting sampling sites are widely discussed in the literature and 

include concepts such as simple random sampling, unequal probability sampling, stratified random 

sampling, systematic sampling, cluster sampling, double sampling and different kinds of adaptive 

sampling (Thompson, 2002). The other important factor to take into account when deciding how to 

carry out the monitoring is detectability. This concept refers to the fact that in surveyed areas indi-

viduals and species may remain undetected despite being present. Detectability is relevant both in 

the context of abundance and occupancy as disregarding this issue leads to biased estimations and 

thus to incorrect inferences about system state and trends. To ensure reliable management, moni-

toring programs need to address detectability, a question until recently ignored in the analysis of 

presence/absence data by many but that is lately receiving growing attention (Pollock et al., 2002, 

MacKenzie et al., 2002, Wintle et al., 2005). 

Deciding how to monitor requires addressing issues such as how many sites are sampled, how these 

sites are chosen and how often they are surveyed, considerations constrained by the available 

                                                           
1
 Variable used to characterize the status of a system (e.g. population size, proportion of area occupied...) 
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budget and time. This in turn requires a decision on the magnitude of change (effect size) in the 

state variable considered sufficient to trigger a management response (Field et al., 2007). The task of 

defining the appropriate level of statistical power and effect size is not simply a statistical decision 

and should incorporate broader considerations on the significance of the change based on biological 

characteristics of the species and other aspects of the system. Management has to explicitly evalu-

ate the costs associated with false positives (detecting an inexistent effect) and false negatives (miss-

ing an effect) (Mapstone, 1995, Field et al., 2005a). These costs are not necessarily equal (e.g. extinc-

tion of a species vs. carrying out an unnecessary management interventions) and are based on 

valuations that extend beyond the scientific arena into socio-cultural perceptions and economic con-

siderations.   

1.2 Aim and objectives of the study 

The aim of this study was to explore issues regarding occupancy and detectability in the context of 

the monitoring of the Alaotran gentle lemur (Hapalemur alaotrensis) in order to provide further in-

sights on the appropriate sampling methods required to effectively inform management actions and 

thus contribute to the conservation of this critically endangered species.  

To achieve this, three main objectives were pursued: 1) to evaluate the applicability of likelihood-

based occupancy models that explicitly account for detectability to the monitoring of the Alaotran 

gentle lemur, 2) to explore factors affecting the occupancy and detectability of the species and 

evaluate the implications of these for its monitoring and 3) to propose, based on the results of this 

study, recommendations for the design of an efficient monitoring programme. 

1.3 Thesis structure 

Section 2 presents an overview of the field of occupancy modelling including examples where this 

type of approach has been applied. Special emphasis is given to the issue of imperfect detection and 

how to deal with it in this context. This section also includes a brief introduction to the study region 

and target species and presents the techniques used to date for its monitoring.  

Section 3 describes the methodology of this study. After a brief introduction, section 3.2 presents 

the methods followed for field data collection including the pilot phase, and a description of the dif-

ferent factors identified as potentially affecting the presence/absence and detectability of this spe-

cies. Section 3.3 describes the methods utilized for data analysis.  
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In Section 4, the results obtained for the different models evaluated in the study are presented. 

Based on these, section 5 discusses the potential influence of different factors in occupancy and de-

tectability of the species. This section also reviews the assumptions made for the modelling and dis-

cusses some limitations of the work. The thesis concludes with recommendations for the design of a 

future monitoring programme and suggestions for potential improvements of the methods.    
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2 Background 

2.1 Occupancy as a state variable 

Occupancy (i.e. presence or absence of a species from a group of sampling sites) is a concept widely 

used in ecological studies such as habitat suitability modelling (e.g., Reunanen et al., 2002, Gibson et 

al., 2004, Fleishman et al., 2002), metapopulation dynamics (e.g., Hanski, 1999, Hanski & Gilpin, 

1997), species distribution and range analysis (e.g., Brown et al., 1996, Holft et al., 2002) and conser-

vation status evaluation (e.g. IUCN red list categories). Occupancy is also proposed as an informative 

state variable in the context of monitoring programs, in particular for those targeting rare and elu-

sive species (MacKenzie et al., 2004b). The fundamental reasons for this are cost-effectiveness and 

efficiency. Occupancy surveys involve visiting a series of sampling sites in search of evidence that the 

target species is present, searches that are often less costly and technically demanding than those 

required for estimating abundance. In a simulation study comparing abundance and presence-

absence sampling strategies for estimating decline in distribution, Joseph et al (2006) show that the 

optimal strategy for monitoring is very dependent on the budget available. They demonstrate that 

presence–absence methods are superior to abundance methods at low budgets for low density or 

cryptic species. Another reason why presence-absence surveys are efficient is that signs of animal 

presence such as tracks or faeces can also be used as an indicator of occupancy, information often 

easier to collect than data coming from direct observations or capture of animals. The relative ease 

of implementation of occupancy surveys can facilitate the involvement of local people in monitoring 

activities through participatory monitoring programmes, initiatives that promote the engagement of 

the community in conservation efforts (Danielsen et al., 2005, Andrianandrasana et al., 2005).  

Given its advantages, monitoring based on presence-absence surveys has been recommended and 

used for several large-scale programs. These include the monitoring of multiple vertebrate and in-

vertebrate taxa across Switzerland (Weber et al., 2004), amphibians in different regions (Crossland 

et al., 2005), sun bears in Sumatra (Linkie et al., 2007) and an endangered insect, the Mahoenui 

weta, in New Zealand (MacKenzie, 2003). 

2.2 Presence/absence surveys and imperfect detection 

For most species, especially rare and elusive ones, it is not reasonable to assume that they will be 

perfectly detected in presence/absence surveys. As a consequence, under imperfect detection cir-

cumstances, occupied sites might be classified as unoccupied based on collected survey data. These 
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false absences (also referred to as false negatives, false zeros and pseudo-absences) may lead to in-

correct inferences about the system, a problem widely recognized in the literature (e.g., Anderson, 

2003, Moilanen, 2002, Tyre et al., 2003, Vojta, 2005). It is worth noting however that this issue is not 

exclusive to occupancy-based studies but is also acknowledged in the context of abundance estima-

tion (Buckland et al., 2001, Vojta, 2005, Borchers et al., 2003). This field has an extensive history of 

dealing with the issues of imperfect detection and various strategies have been developed for this 

purpose. For example, capture-recapture methods allow the estimation of recapture probabilities 

(Otis et al., 1978, Pollock, 1982, Pollock et al., 2002, Bailey et al., 2004a), while distance sampling 

techniques use a detection function to handle the decrease of detectability as distance from the ob-

server increases (Buckland et al., 1993).  

In terms of occupancy estimation, false absences lead to biased results that underestimate occu-

pancy, which in turn may lead to biased estimates of temporal trends in occupancy. This is particu-

larly significant in those cases when detectability changes over time, as its temporal variation will be 

confounded with any potential true temporal variation in the population under study (MacKenzie, 

2006). Similarly, in models of habitat relationships, traditional logistic regression approaches not ac-

counting for detectability yield biased results if applied to species data that includes false absences 

(Gu & Swihart, 2004, Field et al., 2005b, Tyre et al., 2003, MacKenzie, 2006). In such cases instead of 

modelling the relationship between a series of variables and those places where the species occurs, 

the relationship between the variables and those places where it is observed (which is actually a 

combination of detectability and occupancy) is modelled.   

The above arguments lead to the conclusion that reliable inferences about occupancy can be made 

only when data collection and analysis are carried out accounting for potential imperfect detection. 

In order to supply the information required to tackle this problem, it is intuitive to use repeated ab-

sence/presence (or, more correctly, detection/non-detection) surveys at each sampling unit, as this 

allows a history of detections to be gathered, which provides the basis for the estimation of the de-

tectability of the target species. With this idea in mind, a number of different methods have been 

proposed for estimating the proportion of sites occupied by a species when its detection is imper-

fect. These can be broadly classified into two categories: two-step ad-hoc estimation procedures 

and model-based approaches (MacKenzie et al., 2006). In the first type of method, detectability is 

estimated as an initial step in the process and is then used in a second stage to estimate occupancy 

(Geissler & Fuller, 1987, Azuma et al., 1990, Nichols & Karanth, 2002). In 2002 a major contribution 

to occupancy studies took place with the development of a method in which both detectability and 

occupancy could simultaneously be estimated in a single-model framework (MacKenzie et al., 2002). 

The proposed approach was based on the incorporation of detection histories directly into a maxi-
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mum likelihood estimation model, an idea that was also used at that time for the simultaneous de-

velopment of similar methodologies by other groups (Tyre et al., 2003, Stauffer et al., 2002).   

One of the attractions of the likelihood-based approach is its flexibility compared to the two-step 

procedures, as it provides the possibility to directly investigate potential relationships between the 

probabilities of occupancy and detection and factors such as habitat type or conditions at the time of 

the survey. Competing models attempting to represent the system can be easily explored and com-

pared within this framework. Besides, in a detailed comparison of six different methods, Wintle et al. 

(2004) found that the likelihood-based approach was the least biased estimator of detection prob-

ability and therefore of occupancy rate.  

The basic principle behind the likelihood-based method when applied to single-species single-season 

scenarios is to construct a probability model in terms of occupancy and detectability based on a de-

tection history built from collected data and then search for the values of these parameters that 

make the observed data more likely. There are five main assumptions involved in the description of 

this model: 1) another species is never wrongly identified as the target species (i.e. no false posi-

tives), 2) occupancy status at each site does not change during the survey season, 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 his-

tories at each location are independent (MacKenzie et al., 2006). It is important to consider these 

assumptions since, if they are not met, the resulting estimators may be biased and thus the infer-

ences extracted from them may be incorrect. 

Since its introduction, the likelihood-based occupancy estimation technique has been increasingly 

utilized and models have been extended to cover multi-season (MacKenzie et al., 2003) and multi-

species studies (MacKenzie et al., 2004a). Other developments include models for the estimation of 

occupancy when heterogeneity in detection probability is present (Royle, 2006) and a method that 

allows the estimation of abundance based on presence-absence data (Royle & Nichols, 2003). These 

techniques have been implemented in the program PRESENCE (Hines, 2006) and incorporated to the 

program MARK (White & Burnham, 1999).  

There is a vast list of examples of applications of these models and it is not in the scope of this study 

to provide a systematic review of all them. However, as an illustration, Table 2.1 gathers some stud-

ies that have been carried out for different taxa and type of observations using this methodology: 
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Table 2.1 Examples of studies using likelihood-based occupancy models accounting for detectability 

 STUDY TAXA AND AREA TYPE OF OBSERVATION DESCRIPTION 

Bailey  et al. 
(2004b) 

Terrestrial 
salamanders, Great 
Smoky Mountains 
National Park, USA 

Looking under natural 
and artificial cover along 
walking transects 

Shows that detectability varies across 
time, space, species, and sampling 
methods. One of the first studies to 
apply this methodology.  

Pellet & Schmidt 
(2004) 

Four anuran species 
in western 
Switzerland 

Call surveys in ponds Assesses performance of call surveys 
and evaluates how detectability is 
affected by weather and site 
occupancy by site-specific covariates. 

Field  et al. 
(2005b) 

Red fox (Vulpes 
vulpes) in South 
Australia 

Direct observations 
along transects by car 

Uses the results of a detectability 
model to consider how future 
monitoring could be redesigned to 
achieve increased efficiency 

Ball et al. (2005) Palm Springs ground 
squirrel in southern 
California, USA 

Listening and visually 
scanning at each 
sampling point  

Refines the existing habitat model 
showing that occupancy differs by 
vegetation types and substrates and 
gives conservation recommendations 

Olson  et al. 
(2005) 

Northern spotted owl 
(Strix occidentalis 
caurina) in Oregon, 
USA 

Direct observations Investigates the effect of barred owl 
presence on occupancy and 
detectability of northern spotted owl 
and its implications for future surveys 

O'Connell et al. 
(2006) 

Meso- and large 
terrestrial mammal 
species on Cape Cod, 
Massachusetts, USA. 

Remote cameras, hair 
traps and cubby boxes 
(i.e. covered track 
plates) 

Evaluates the influence of different 
sampling methods and major 
environmental factors on the 
detectability of individual species 

Luiselli (2006) Gaboon and nose-
horned viper in 
southern Nigeria 

Direct observations 
along walked line tran-
sects 

Models detectability as function of 
habitat, time of day, season and 
presence of the other species. Explores 
influence of sex and feeding.  

Linkie et al. 
(2007)  

Sun bears (Helarctos 
malayanus) in 
Kerinci, Sumatra 

Camera traps Estimates occupancy from three forest 
study areas with different level of 
degradation and protection status and 
gives management recommendations. 

Henneman 
(2007) 

Red-shouldered 
hawk (Buteo lineatus) 
in central Minnesota, 
USA 

Call-broadcast 
surveys  

Evaluates detectability and occupancy 
under different sampling strategies 
and gives recommendations for 
monitoring 

Kroll  et al. (2007) Orange crowned 
warbler (Vermivora 
celata) in Oregon and 
Washington, USA 

Visual and aural 
detections in point-
count surveys 
 

Estimates occupancy probability 
of a stand as a function of 
covariates and identifies features 
subject to active management 

Pellet (2008) Four species of 
butterflies in 
California, USA 

Direct observation along 
transects 

Explores the seasonal variation in 
detectability using Pollard walks as a 
survey method and gives 
recommendations for monitoring 

Gorresen et al. 
(2008) 

Hawaiian hoary bat 
(Lasiurus cinereus 
semotus) in Hawaii 

Echolocation detectors 
coupled to digital 
recorders 

Examines the feasibility of remotely 
acquiring bat encounter histories to 
estimate detection probability and 
occupancy. 

Mortelliti & 
Boitani (2008) 

Red squirrel (Sciurus 
vulgaris) in Siena, 
Central Italy 

Hair tubes Estimates detection probability and 
sampling size required to infer absence 
to produce a reliable presence / 
absence dataset   
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2.3 Lac Alaotra and the surrounding marsh 

Lac Alaotra is Madagascar’s largest lake with over 20,000 ha of open water in the dry season. The 

climate in this region is characterized by pronounced seasonality with a wet season with elevated 

temperatures between December and April and a dry season with moderate temperatures between 

May and November (Mutschler et al., 1998). Situated between 17°19’ and 17°55’S, and 48°13’ and 

48°39’E, the lake is rather shallow, fluctuating its depth between 1 and 4 meters according to the 

season and it is surrounded by a vast wetland area consisting of marshes and rice fields (Ramanam-

pamonjy et al., 2003). The over 23,500 hectares of marshes are dominated by papyrus (Cyperus 

madagascariensis) and reeds (Phragmites communis) which provide habitat for several species, in-

cluding the critically endangered Alaotran gentle lemur (Hapalemur alaotrensis) and two critically 

endangered endemic waterbirds: Aythya innotata and Tachybaptus rufolavatus (IUCN, 2007).  

 

Picture 2.1 View of the marshes from Andilana-Sud village 
 

With more than 117,000 hectares of rice fields, the Alaotra basin is the most important source of 

rice in Madagascar producing one third of the annual national rice harvest (Pidgeon, 1996), and is 

consequently popularly known as “Le Grenier de Madagascar” (Granary of Madagascar). Lac Alaotra 

also constitutes one of the main inland fisheries in the country producing catches of 2000-3000 ton-

nes/yr mainly for export to the capital (Pidgeon, 1996, Andrianandrasana et al., 2005). The marsh is 

traditionally used by the surrounding villagers as fishing and hunting grounds as well as a source of 

material for construction, handicrafts and furniture (Ramanampamonjy et al., 2003). The human 

population in the Alaotra watershed has rapidly increased in the last decades, from 109,000 in 1960 

(Pidgeon, 1996) to approximately 550,000 in 2003 (CORDAL, 2003), a five-fold growth with most 

people dependant on rice cultivation and fishing for their livelihoods.  
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In September 2003, the entire Alaotra watershed was designated a wetland of international impor-

tance under the Ramsar Convention, recognizing its ecological functions and diverse economic, cul-

tural, scientific, and recreational values (Ramsar, 2008) and thus formalizing Madagascar’s commit-

ment to conserving biodiversity and maintaining ecosystem functions through sustainable use (CBD, 

2002). In 2007 a new protected area (IUCN category VI) encompassing the whole lake and marshes 

was designated (Ranarijaona, 2007). This area includes a strict conservation area (no extractive use) 

of around 8,900 ha (Andrianandrasana et al., 2005).  

2.4 The Alaotran gentle lemur 

The Alaotran gentle lemur or Alaotran bamboo lemur, locally known as bandro, is a small primate 

that exclusively inhabits the papyrus and reed beds around Lac Alaotra (Garbutt, 2007). This species 

is the only primate known to be completely dependent on marsh vegetation for food and shelter 

(DWCT, 2006). The lemurs occur in two subpopulations, a very small one on the northern part of the 

lake around the Belempona Peninsula and a larger one in the marshlands on the south-western 

shores (Mutschler et al., 2001) (Figure 2.1). 

The phylogenetic classification of the Alaotran gentle lemur remains disputed. Until recently re-

garded as a subspecies of the lesser gentle lemur Hapalemur griseus, its reclassification as a distinct 

species, Hapalemur alaotrensis, is increasingly gaining support (Groves, 2005, Mittermeier et al., 

2006). However the issue remains controversial as several genetic studies provide no support for its 

species status (Fausser et al., 2002, Pastorini et al., 2002). Unlike other bamboo lemurs, the bandro 

does not eat bamboo. In the wild it feeds mainly on selected parts of four plant species: the pithy 

stems of papyrus (Cyperus madagascariensis), the tender shoots of reeds (Phragmites communis) 

and two types of grasses (Echinochloa crusgalli and Leersia hexandra) (Mutschler, 1999).  

This lemur is highly territorial and consistently defends its home range against incursions by others 

(Nievergelt et al., 1998). Groups occupy home ranges of 0.6-8ha (Mutschler & Tan, 2003) with an 

average territory size of 2.05ha (Mutschler et al., 1994). Social groups are small, in general ranging 

from two to nine individuals (average 4.33), and have even adult sex ratios (Nievergelt, 2002). Stud-

ies based on direct observations and telemetry (Mutschler et al., 1998) indicate that the Alaotran 

gentle lemur shows cathemeral activity (Tattersall, 2006) with peaks at the beginning (6:00-9:00) 

and end (15:00-18:30) of the daylight cycle, as well as periods of activity during the night. This pat-

tern appears however to be highly flexible, with groups observed resting during the main activity 

periods while others are active at midday which, in principle, constitutes a resting period (Mutschler 

et al., 1998).  
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Figure 2.1 Lake Alaotra and surrounding marsh 
 

In recent decades, the increasing human demands due to rapid population growth around Lac 

Alaotra have resulted in severe loss, degradation and fragmentation of natural habitats.  This, to-

gether with pressures from hunting and fishing, are threatening many local species, among them the 

Alaotran gentle lemur, which is struggling for its survival. In fact, this species is recognized to be one 

of the most threatened lemurs and is considered to have highest conservation priority in the Lemur 

Action Plan put together in 1992 by the IUCN/SSC Primate Specialist Group (Mittermeier et al., 

1992). Accordingly, since 1996 the IUCN Red List classifies this species as critically endangered based 

on criteria A2cd and B1+2c v.2.3, 1994 (Ganzhorn, 2000). The main threats for the bandro are habi-

tat destruction and poaching (Mutschler et al., 2001) which appear to have caused a dramatic de-

cline in their population in the last decades. According to best estimates, the population has de-

creased from over 10,000 individuals estimated in 1994 (Mutschler & Feistner, 1995) to less than 

3,000 in 2002 (Ralainasolo, 2004b).  

Given that the bandro exclusively lives in the marshes, the reduction of this type of natural habitat is 

believed to have had a tremendous impact on the decline of its population. Most of the original 

Alaotran marshes have been converted into rice paddies, while remaining areas of marsh are fre-

quently burned in order to create new fields, pasture for cattle or to gain access to new fishing 
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grounds once traditional sites have filled up with invasive plants, which nowadays cover over 70% of 

the waterways and lakes (Andrianandriasana et al., 2005). On top of this, lake drainage for irrigation 

and siltation due to erosion have aggravated the habitat degradation problem. While old estimates 

of natural marsh cover ranged from 60,000 to 80,000 ha, by 1994 the surface had been reduced to 

about 20,000 ha (Mutschler & Feistner, 1995). 

In addition to the threat from habitat loss, despite existing laws that prohibit the hunting of lemurs 

in Madagascar, bandros are still captured for food or to be kept as pets. Although it is believed that 

awareness and educational campaigns carried out around the lake have somewhat decreased the 

number of these captures (B.J. Rasolonjatovo, pers.comm.) hunting seems to continue at a signifi-

cant level. In 2004, for instance, informal sources pointed out that over 800 animals had been killed 

in one of the villages alone (Ralainasolo et al., 2006). Surveys carried out the same year revealed that 

bandro hunting remained significant especially in Anororo and Ambodivoara (Andrianandriasana et 

al., 2005). 

 

Picture 2.2 Alaotran gentle lemur in the marshes 
 

The bandro is recognized as a flagship species (Mutschler, 2003) for initiatives targeted to protect 

the Alaotran marshes. Furthermore, this lemur and its habitat have been identified as key elements 

of touristic interest vital for the potential development of this industry in the area (CORDAL, 2005). 

All these reasons add to the arguments based on the intrinsic value of the species to reinforce the 

importance of actively working on its conservation. 
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2.5 Alaotran gentle lemur population censuses 

2.5.1 Durrell Wildlife Conservation Trust work in Alaotra 

The Durrell Wildlife Conservation Trust (Durrell) has been working for the conservation of the ban-

dro on several fronts since 1990 when an ex-situ breeding programme was initiated in collaboration 

with the Government of Madagascar. Other actions undertaken to specifically contribute to the con-

servation of the bandro include research about the species and monitoring of its population. At a 

more general level, Durrell has been working for the conservation of the Alaotran marshes through 

an educational programme and public awareness campaigns aimed at engaging local communities in 

these conservation efforts by helping them recognize why is in their interest to protect and regener-

ate the marshes (DWCT, 2006). Development aid has also been supplied to the villages as an incen-

tive for sustainable management of the marshes (R. Young, pers.comm.). Moreover Durrell has ac-

tively supported both the designation of the Alaotran watershed as a Ramsar site and the definition 

of a new protected area encompassing the lake and surrounding marshes. These interventions ap-

pear to have started to slow down the tremendous habitat loss that occurred in the past (DWCT, 

2006).  

2.5.2 Scientific monitoring 

Since 1994 Durrell has been conducting surveys aimed at estimating size and spatio-temporal trends 

of the bandro population. From 2001 onwards censuses are carried out on a yearly basis during the 

rainy season in the period from February to March. Four main key sites are surveyed: Anororo and 

Andilana-Sud in the western part of the lake and Andreba and Ambodivoara on its eastside (Figure 

2.1). These four sites directly bordering the marshes are easily accessible and cover more than 85% 

of the marsh (Ralainasolo et al., 2006). 

Initially the estimations were done following the method utilized by Mutschler et al. (1994) in the 

first of these censuses, a technique based on bandro encounter rates per time spent on the trail. A 

mean encounter rate 𝐸𝑅𝑖  is calculated for each location as the number of groups encountered 𝑁𝐺𝑖  

divided by the survey time 𝑆𝑇𝑖 . Based on this, a coefficient of relative group density at that site 

𝑅𝐷𝑖  is obtained. This information is then combined with the absolute mean animal density 𝐴𝐷𝑟𝑒𝑓  

measured at one of the study sites in Andreba-Gare, which acts as a reference site and where the 

density of animals is relatively well-known after capture and marking. Finally the animal density es-

timates for each of the sites  𝐴𝐷𝑖  are multiplied by the corresponding marsh surface in order to ob-

tain an estimate of total population size. The calculations are thus as shown in Equation 2.1. 
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𝐸𝑅𝑖 = 𝑁𝐺𝑖 𝑆𝑇𝑖    𝑅𝐷𝑖 = 𝐸𝑅𝑖 𝐸𝑅𝑟𝑒𝑓    Equation 2.1 

 
𝐴𝐷𝑖 =  𝑅𝐷𝑖 × 𝐴𝐷𝑟𝑒𝑓     𝑇𝑃𝑆 =  𝐴𝐷𝑖 × 𝑆𝑖𝑖   

 

 

Based on this technique the population was estimated to be around 7500-11,000 individuals in 1994 

(Mutschler & Feistner, 1995, Mutschler et al., 1994)  almost 50% less in 1999 (Mutschler et al., 2001) 

and reaching a level of 2480 individuals in 2002 (Ralainasolo, 2004b, Ralainasolo, 2004a).  

The bandro is a cryptic species difficult to detect in the dense marsh vegetation. The above de-

scribed survey method partly recognizes this fact by basing the calculations on relatively accurate 

knowledge of the number of animals in an area after exhaustive counts. However the method has 

limitations as it assumes that detectability is constant across sites and surveys. On top of that, ob-

taining abundance data at the reference site in principle requires the capture and marking of all indi-

viduals, a time-consuming task that may cause distress in the animals.  

Apart from this type of census, since 2004 distance sampling has been utilized in the surveys as an 

additional method to allow comparisons between results and thus provide better estimates (Ra-

lainasolo et al., 2006). The estimates obtained for the years 2004-2006 indicate a bandro population 

of a few thousand individuals (R. Young, pers.comm.). Distance sampling is attractive because it does 

not require individuals to be marked and recaptured. This technique also allows detectability to be 

modelled as a function of covariates (Buckland et al., 2001, Marques & Buckland, 2003, Ramsey & 

Harrison, 2004), thus relaxing the assumption of constant detectability across sites/surveys. Re-

cently, models have been developed to accommodating covariate effects on abundance (Royle et al., 

2004). However distance sampling can be somewhat difficult to implement in the dense marsh as it 

is sometimes hard to reliably estimate the distance to groups and number of individuals. On top of 

this, the thick vegetation usually allows lemurs to be only spotted in the very first meters from the 

border, thus causing a relatively rapid decline in the detection probability which may complicate the 

analysis (Buckland et al., 2001). The distance sampling surveys carried out assume that the probabil-

ity of detecting bandros at distance zero is always one (i.e. g(0)=1) and thus that it remains constant 

between years, an assumption which is most probably not met (R. Young, pers.comm.). Estimating 

this quantity can be challenging and costly, however disregarding this aspect may introduce bias in 

the estimates of absolute and relative abundance. Distance sampling is an involved technique there-

fore it may be difficult to train local community members to conduct these surveys successfully.     
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2.5.3 Participatory monitoring 

Apart from carrying out the scientific surveys described above, Durrell has also set up a programme 

of participatory monitoring linked with environmental quizzes and an inter-village competition that 

helps raise interest in the monitoring and publicise the results. This programme has been running 

annually since 2001. It was started initially at five sites and was extended in 2002 to a total of 16 

sites together covering more than 98% of the remaining marshes (Andrianandrasana et al., 2005). 

Participatory monitoring usually takes four days per site: half a day dedicated to meeting with the 

villagers and planning the work, two days of data collection and a final half-day for the public quiz 

and presentation of results. The monitoring teams consist of villagers and technicians. Participants 

are chosen at the initial meeting taking into account candidates’ literacy and knowledge of the 

marshes. Five indicators are monitored for this exercise: bandro presence, waterbird sightings, fish 

catches, marsh quality and hunting signs. In particular, for the bandro monitoring, presence/absence 

surveys are carried out by local villagers. Usually two surveys are carried out in the early morning of 

two consecutive days, each covering a different area of the marsh around the village. The survey 

does not to follow any rigorous sampling but is rather focused on locating the animals to prove that 

they still occur in the area, a piece of information that is taken into account in the inter-village com-

petition. This means that, although this participatory initiative is proving to be very satisfactory in 

terms of achieving the engagement of the local communities in the conservation and management 

of the Alaotran biodiversity (Andrianandrasana et al., 2005), limited scientifically reliable conclusions 

can be extracted from the data collected. 

 

 

Picture 2.3 “Hunt of bandro” featured by local villagers in the environmental quiz in Andilana 2008  
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3 Methods 

3.1 Overview 

In this study, data were analyzed following the method proposed by MacKenzie et al. (2005) for sin-

gle-species single-season occupancy models which, based on maximum likelihood theory, estimates 

the probability of occupancy and detection that make the observed data more likely. Different com-

binations of covariates were tested to explore the factors that affect where the bandro occurs and 

how easily it is detected.  

The sampling protocol involved repeatedly visiting a series of sites and spending time looking for 

bandro presence. Due to the very dense nature of the vegetation, data were collected from surveys 

carried out moving quietly by canoe along natural borders of the marsh or already existing channels 

cut or burnt by local fishermen (i.e. no probabilistic scheme was utilized for site selection). The study 

concentrated on the marsh contained in the triangle formed by Anororo, Andreba and Andilana, 

where the southern and largest bandro population occurs (Figure 2.1). The marsh was accessed from 

four villages, the three mentioned above plus Ambodivoara.  

When, as in this case, sampling units are arbitrary (as opposed to being defined naturally, e.g. habi-

tat patches, ponds), special care has to be taken to define the size of these units according to the 

questions being asked, that is, at the spatial scale at which an observed 0 or 1 is meaningful. In this 

study sampling unit size was based on the average territory size of the bandro which is approx. 2ha 

(Mutschler & Feistner, 1995). Sites were defined as transect sections (Figure 3.1) of the length of a 

hypothetical square average-size territory (i.e. ≈150m). Choosing this scale allows making some 

rough inferences about abundance and ensures that the habitat information associated with each 

site is meaningful. 

3.2 Data collection in the field 

3.2.1 Pilot study 

In order to design the details of the sampling the first sessions were carried out as a pilot study. First, 

three of the villages (Andreba, Andilana and Anororo) were visited to try the equipment, get an im-

pression of the marsh and understand the possibilities and constraints in terms of data collection. 

Then the results from a set of surveys carried out at Andreba were used to refine the design of the 

sampling. The balance between the target number of repetitions and minimum number of sampling 

sites was determined by three elements: 1) level of acceptable precision for the occupancy estimate, 
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2) initial estimates of occupancy and detectability, 3) maximum number of surveys that could be 

conducted (Bailey et al., 2007, MacKenzie & Royle, 2005). In this case, detectability was estimated to 

be around 15% based on preliminary results from the channel in Andreba Park (ANDR2 in Figure 

4.1). The overall bandro occupancy in the marsh was assumed to be not greater than 30%. The op-

timal number of repetitions was found by minimizing Equation 3.1 (MacKenzie & Royle, 2005). 

𝑻𝑺 =  𝑲 ∙ 𝒔 =  
𝑲 ∙ 𝜳

𝒗𝒂𝒓 𝜳  
  𝟏 − 𝜳 +

 𝟏 − 𝒑∗ 

𝒑∗ − 𝑲 ∙ 𝒑 ∙  𝟏 − 𝒑 𝒌−𝟏
  Equation 3.1 

          , where 𝛹: occupancy,  𝑝: detectability,  𝐾: number of repetitions, 𝑠: number of sites, TS: total 

number of sites and  𝑝∗ = 1 −  1 − 𝑝 𝑘  

Although this equation assumes constant detectability and occupancy, which is not often the case, it 

provides an indication for the sampling design. The minimization gave an optimal number of repeti-

tions of 9-10. Given that one of the objectives of the study was to understand how different covari-

ates affected detectability and occupancy, it was decided to trade-off the number of repetitions with 

the number of sites to be visited, even if that meant a greater overall number of visits (𝑇𝑆). This way 

a wider range of different sites (combination of covariates) could be swept through. Based on this, 

the target number of repetitions was chosen to be six.  

Once the target number of repetitions was known, the number of sites to be visited could be deter-

mined. For this, the level of acceptable precision had to be defined first. In order to get an idea of 

the transect length to be covered it was assumed that the 95% confidence interval was expected to 

be at ±0.1 (i.e. SE ≈ 0.05). Based on this, the number of sites to be visited (Table 3.1) was calculated 

as indicated in Equation 3.1. These results multiplied by the site size provide an indication on the 

required length of transect.  

Table 3.1 Number of sites to be visited if K= Kopt and if K=6 (p=15%, target SE=0.05) 

 K = Kopt K = 6 

Ψ 0.1 0.2 0.3 0.1 0.2 0.3 

K 9 10 10 6 6 6 

TS 532 986 1358 624 1194 1719 

s 60 99 136 104 199 287 

 K = number of repeated visits to each site 
 Kopt = number of repeated visits than minimize overall effort 
 S = number of sites to be visited 
 TS = total number of visits to be carried out 
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Figure 3.1 Sampling sites layout and position of bandros within their territories (idealized scenario) 

In this idealized scenario bandro territories have a uniform size (≈150x150m) and are aligned with sampling 

sites (rectangles). Black crosses represent bandro group positions within their territories at a given point in 

time. Groups 1 and 2 may be detected from the channel. Groups 3 and 4 will remain undetected in this hypo-

thetical survey as they are further away into the vegetation (i.e. out of the sampling site) 

 

Figure 3.2 Sampling sites layout and position of bandros within their territories (realistic scenario) 

In this more realistic scenario bandro territories have varying sizes and are not aligned with sampling sites (rec-

tangles). Some bandro groups may be detected in different sampling sites in different surveys. The probability 

of detecting a bandro group in a sampling site depends on the degree of overlap between the sampling site 

and the bandro territory.  
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3.2.2 Survey design 

All surveys were conducted in a 7-week timeframe during the dry season (between 21-April and 4-

June-08). During this period, sites were assumed to be closed to changes in occupancy, (i.e. no 

births/deaths or permanent migration). Although in this study animals did actually come in and out 

of the sampling site, which was just the part of their territory visible from the transect, these move-

ments were assumed random so the occupancy estimator, now interpreted as the proportion of site 

“used”, remained unbiased (MacKenzie, 2005). 

Figure 3.3 presents the different transects that were followed in the surveys. These were carried out 

at a relatively regular speed (≈1-3kmh) to ensure constant effort to the extent possible. Table 3.2 

shows the length of these transects and the number of times they were visited to gather the infor-

mation needed for building a detection history.   

 

Figure 3.3 General view of the transects followed for data collection 
 

Surveys were carried out by a team that included at least one fisherman with intimate knowledge of 

the marsh and the species who acted as a local expert, one foreign student (the author or José La-

hoz-Monfort) and, depending on the type of canoe available and conditions and length of each par-
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ticular transect, one additional paddler (local from each village). Whenever possible, two teams 

were set up to allow for a larger coverage of the area. These two teams rotated amongst transects 

so that no site was only surveyed by one of the teams, thus minimizing the potential effect of having 

different observers. Although the initial idea was to use two local experts (Richard Rasolonjatovo 

and André Rakotonierana) who have decades of experience collaborating with researchers for all the 

surveys, for logistical reasons part of the surveys in Anororo and Andilana had to be carried out with 

other fishermen. Even if this could potentially introduce a certain heterogeneity in detectability it is 

believed that their ability to locate the animals was so high that the potential effects are very small.  

Table 3.2 Length and number of visits for each transect  

TRANSECT 
 ID 

TRANSECT 
 LENGTH (m) 

NUMBER 
OF VISITS 

TOTAL SURVEY 
LENGTH (m) 

1 vs. 2-
SIDED 

ANDR1 2586 11 28444 1 

ANDR2 740 11 8138 2 

ANDR3 448 11 4926 1  

AMBO1 1802 12 21624 2 

AMBO2 2910 3 8729 2 

AMBO3 2015 8 16119 2 

AMBO4 2200 6 13199 2 

AMBO5 1959 6 11754 2 

AMBO6 503 4 2011 2 

ANDI1 2422 9 21799 2 

ANDI2 4034 5 20168 1 

ANDI3 8020 4 32078 1 

ANDI4 4006 3 12018 1 

ANDI5 2553 5 12764 1 

ANOR1 5889 8 47110 2 

ANOR2 7101 7 49706 2 

ANOR3 1353 8 10821 2 

TOTAL 51 km ------------- 321 km --------- 
 

Whenever possible, surveys were carried twice per day (a.m. and p.m.) with each site visited only 

once per survey. All surveys were carried out within the same time bands each day (05:30-09:00) 

and (15:00-18:00), as previous studies (Mutschler et al., 1998) indicate those to be the times of peak 

bandro activity (thus higher detectability). To avoid heterogeneity in detectability due to always vis-

iting same sites at the same time of day, sites were surveyed in a different order to the extent possi-

ble. For surveys involving several short transects the sequence of visits was changed between visits 

and for loop transects (e.g. border of lakes) the direction of circulation was alternated. Designing the 

protocol paying attention to this aspect was especially relevant due to the marked time-behavioural 

pattern of the lemurs.  
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3.2.3 Data collection 

Direct observations of the animals encountered along the transects were recorded, noting down 

both the GPS position as well as additional information such as number of individuals, activity and 

type of vegetation at that particular location. Although not specifically looked for, casual observa-

tions of feeding traces were also noted where found. These provide information on the presence of 

the species in some sites and, although not utilized for the current study, such data if systematically 

collected could be incorporated in future analyses.  

Additional information was also collected regarding certain covariates that were identified as rele-

vant for the model. The choice of covariates was based on the knowledge about the system acquired 

in the field and at a session with the two local experts, where they were encouraged first to list all 

the factors they considered relevant and then to discuss each of those in detail. Factors are illus-

trated in Figure 3.4 and Figure 3.5. Different shades are utilized to distinguish among those aspects 

that were specifically addressed in the sampling design (medium shade), those incorporated as co-

variates into the model (lighter shade) and those which remained as a potential source of heteroge-

neity for the magnitude in question (darker shade).   

 

Figure 3.4 Factors potentially affecting detectability of bandro 
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 Given that in one dimension the sampling site was significantly smaller than a typical bandro terri-

tory (which extends into the dense vegetation), the detectability was composed in this case by two 

different factors: A) the probability of the species being present at the sampling site and B) the 

probability of the species being detected conditional to it being present (Figure 3.1). 

Whether the bandro is present or not at a site (A) may depend on several features such as the size 

and shape of its territory, whether there is intense traffic of fishermen going by, or other character-

istics of the site (e.g. lake vs. channel, type of habitat...). Another potentially important aspect, in-

herent to the fact that sampling sites are arbitrarily chosen, is the degree of overlap between the 

site and the actual bandro territory (Figure 3.2). 

The probability of detecting the bandro when present at a site (B) may be strongly dependent on 

how active they are at the time of the survey, as animals are usually detected in the dense marsh 

when the vegetation moves as they walk or jump amongst it. There are different factors that affect 

the level of activity, one of the main ones being the time of the day, something that was taken into 

account in the design of the surveys. The weather was identified as potentially affecting activity al-

though no clear pattern was hypothesized. There was consensus that this is a complex issue since 

not just present weather matters, but also recent meteorological conditions are relevant (e.g. ban-

dro activity may be high once the sun comes out if it has been raining, however they may avoid 

sunny hours otherwise). Weather as such was not explicitly accounted for in the design, although 

the fact that surveys for each site were carried out over several days (and thus over different mete-

orological conditions) reduces the potential heterogeneity introduced by this factor. The moon was 

also suggested as a potential factor by local experts. They indicated that in clear nights animals may 

spend time feeding and thus be less active during the following day. Since not much support was 

given to this hypothesis and due to logistical constrains this factor was not accounted for in the 

sampling design and remains as a potential source of heterogeneity.    

As in any monitoring exercise, the detectability of bandro is likely to be affected by observer skills 

and the amount of effort put into the sampling which depends among other factors on observers’ 

attention and survey speed. Detectability could also be influenced by the fact that transects can be 

1- or 2-sided, that is channel or lake. Introducing this as a covariate will evaluate the potential result-

ing effect of its influence in survey effort and location of the animal within the territory.    

Other factors identified included wind, population size and water level. Detectability would in princi-

ple be lower in surveys carried out under windy conditions as all the vegetation is in constant move 

making it more difficult to locate animals. Group size could also introduce heterogeneity since it is 
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likely that bigger groups are easier to spot. Finally water level may affect detectability in two ways. 

On the one hand, it affects the ease of access to many sites. Moving through difficult to access areas 

translates in an increased disturbance (noise, movement of vegetation…) which may scare animals 

away from the surveying site. On the other hand, the higher the water level the easier to spot the 

animals would be as the amount of vegetation where they can be found is reduced and the boat is 

higher compared to the top of the vegetation thus allowing a better view over the marshes.    

 

Figure 3.5 Factors potentially affecting occupancy of the bandro 
 

Regarding factors affecting occupancy (Figure 3.5), these can be divided into two main groups. 

Firstly, those related to habitat quality. There are several factors that together determine the habitat 

conditions at a particular site including the type of vegetation which is influenced by the history of 

fires and flooding in the area. Secondly, there are factors that have to do with anthropogenic distur-

bance directly inflicted on the lemurs. These include hunting, fires that may kill the animals and 

presence of humans at the site as in general this would scare them away.  

Based on all of the above it was decided to gather information on habitat, traffic and wind. Qualita-

tive information on habitat was collected along transects at intervals of around 30 metres. The main 

structural species was identified (whether it was papyrus, reeds, grass or other floating vegetation) 

and presence of other species was recorded as an indication of species diversity (presence or ab-

sence of creepers, ferns, etc). Finally an overall impression of habitat density and patchiness was 

noted. These data were then used to assign habitat categories in a similar classification as the one 

followed by Mutschler et al. (2001) for describing the type of habitat where bandros were encoun-

tered during their study. A fourth class was added for habitat that was considered obviously unsuit-

able for the bandro. The categories correspond to the different habitat types as follows:  
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(0) Unsuitable: patches of floating invasive plants; very large patches of grass; extremely low 

density papyrus 

(1) Poor: very dense, uniform grass and papyrus up to 1m with little undergrowth; no creepers 

(2) Medium: dense, uniformly sized papyrus up to 3 m in height; not very diverse undergrowth 

often composed of fern although not exclusively; no or only very few creepers 

(3) Good: papyrus or reed over 3m high; dense diverse undergrowth up to about 1 m heigh; pa-

pyrus or reeds covered with dense creepers   

The number of fishermen and reed-cutters encountered along transects was also recorded in each 

survey as a means of obtaining an indication of the level of human disturbance that animals would 

suffer in each of the surveyed areas due to human presence. This information was used to identify 

infrequently used transects (average recorded traffic < 1 boat/hour of fieldwork) as opposed to 

those with moderate or high traffic (average recorded traffic > 1 boat/hour). Finally, a qualitative 

description on the strength of the wind was also noted for each survey.   

3.3 Data analysis 

As a first step in the analysis, transects were divided into a series of sites and a detection history was 

built for each of them, assigning a ‘1’ for surveys when the species was detected and a ‘0’ otherwise. 

For transects along channels, separate sites were defined for each of the sides since bandro territo-

ries tend to be separated by this kind of natural borders (Nievergelt et al., 1998). Only data on direct 

observations was utilized to build the detection history. Mixing this type of information with that 

coming from other sources (e.g. feeding traces) was not believed to be appropriate since detectabil-

ity for these observations is different. 

Based on the detection history built, a probability model was formulated in terms of parameters Ψ𝑖  

and 𝑝𝑖𝑗  where Ψ𝑖  is the probability of sampling site 𝑖 being occupied by the species and 𝑝𝑖𝑗   is the 

probability of detecting the species at sampling site 𝑖 and survey 𝑗, conditional upon it being present. 

It is worth noting that, since this was a single-season model, occupancy was assumed constant 

across surveys. For instance, if the detection history was ‘0110’ for a certain sampling unit, this 

would translate in a probability of Ψ𝑖 ∙  1 − 𝑝𝑖1 ∙ 𝑝𝑖2 ∙ 𝑝𝑖3 ∙  1 − 𝑝𝑖4   whereas if detection history 

was instead ‘0000’, the corresponding probability would be Ψ𝑖 ∙  1 − 𝑝𝑖1 ∙  1 − 𝑝𝑖2 ∙  1 − 𝑝𝑖3 ∙

 1 − 𝑝𝑖4 +  1 − Ψ𝑖 , thus including the fact that the site could either be unoccupied, or occupied 

and the species undetected in all the visits. Missing observations are easily accommodated into the 

model by effectively ignoring corresponding survey occasion for that site. For instance, if the third 

survey was missed for site 𝑖 so that detection history was ’01-0’ then the associated probability 
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would be  Ψ𝑖 ∙  1 − 𝑝𝑖1 ∙ 𝑝𝑖2 ∙  1 − 𝑝𝑖4 . The ability to accommodate missing observations into the 

model allows for unequal sampling effort to be allocated to different sites, which means that all data 

could be utilized even if a different number of visits was carried out for each of the transects.   

Once computed, all the probabilities were combined to build a likelihood function of the occupancy  

(Ψ) and detectability (𝑝) parameters given the recorded data. This is actually equivalent to determin-

ing the probability distribution for the data given these parameters, i.e. 𝐿 Ψ, p | history =

𝑃𝑟 𝑖𝑠𝑡𝑜𝑟𝑦|Ψ, p  (Severini, 2000). Assuming independence between sites, the likelihood for the 

whole history was calculated as indicated in Equation 3.2. Following the principles of Maximum Like-

lihood Estimation this function was then maximized to estimate the value of the parameters for 

which the data observed appears to be more likely.  

𝐿 Ψ, p | h1 , h2 , … , hs =  Pr  𝑖 |Ψ, p 

𝑠

𝑖=1

 Equation 3.2 

 

First of all, a model assuming constant detection and occupancy probabilities was evaluated. Then 

this assumption was relaxed and the model was extended to incorporate covariates (MacKenzie et 

al., 2002, MacKenzie et al., 2006) for occupancy Ψi  (site-specific) and detectability 𝑝𝑖𝑗  (site- and/or 

survey- specific) which allowed to explore the manner in which these probabilities varied with re-

spect to site and survey characteristics, one of the objectives of the study. This was accomplished 

through a logit link function which, in effect, transforms this model in an extension of the logistic 

regression model accounting for imperfect detection. Occupancy and detectability were thus ex-

pressed in terms of the chosen covariates and the logit function coefficients (𝛽) as shown in Equa-

tion 3.3 and Equation 3.4:  

𝑙𝑜𝑔𝑖𝑡 𝛹𝑖 = 𝛽0 + 𝛽1 ∙ 𝑥𝑖1 + ⋯ + 𝛽𝑁 ∙ 𝑥𝑖𝑁  Equation 3.3 

, where 𝑥’s are the 𝑁 site-specific covariates affecting occupancy.  

𝑙𝑜𝑔𝑖𝑡 𝑝𝑖𝑗  = 𝛽0 + 𝛽1 ∙ 𝑥𝑖1 + ⋯ + 𝛽𝑁 ∙ 𝑥𝑖𝑁 + 𝛽𝑁+1 ∙ 𝑦𝑖𝑗1 + ⋯ + 𝛽𝑁+𝑀 ∙ 𝑦𝑖𝑗𝑀  Equation 3.4 

 

, where 𝑥’s are the 𝑁 site-specific and 𝑦’s the 𝑀 survey-specific covariates affecting detectability. 

These logit link functions were then used together with the corresponding detection history to build 

a likelihood function in a similar manner as for the fixed model. The maximization was now per-

formed with respect to the logit parameters (𝛽) from which individual estimates of occupancy  Ψi  

and detectability  𝑝𝑖𝑗   were later calculated.  
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Based on the covariates chosen for the study (Table 3.3), all potential mathematical models without 

interactions (512 totally) were evaluated. Akaike Information Criterion (AIC) was used to rank and 

identify the most parsimonious models for the observed data. A set of candidate models was gener-

ated by selecting those at a distance of less than 4 Akaike units from the best model, since models 

further away have considerably less support (Burnham & Anderson, 2002). The fit of the models was 

assessed with a goodness-of-fit test based on bootstrapping and Pearson’s chi-square statistic pro-

posed by MacKenzie & Bailey (2004). This method tests whether the observed frequency of histories 

has a reasonable chance of happening if the model assessed is assumed to be correct. In order to 

assess the degree to which the fit is adequate an overdispersion parameter 𝑐  was estimated 

(MacKenzie & Bailey, 2004, White et al., 2001). As recommended the goodness-of-fit test and 

overdispersion calculation was performed for the most saturated model (Burnham & Anderson, 

2002). 

For the models in the subset Akaike weights (Burnham & Anderson, 2002) and overall estimates of 

occupancy and detectability, including their corresponding standard errors (MacKenzie et al., 2006), 

were calculated (Equation 3.5). 

θ overall =
 siθ ii

 sii
   𝑣𝑎𝑟 𝜃 𝑜𝑣𝑒𝑟𝑎𝑙𝑙  =

 si
2 𝑣𝑎𝑟(θ i)i

 si
2

i

 Equation 3.5 

 

, where 𝑠𝑖 :  number of sites of type i, 𝜃 𝑖 : detectability/occupancy for site i, 𝜃 𝑜𝑣𝑒𝑟𝑎𝑙𝑙 : overall 

detectability/occupancy 

Given that top ranked models had similar weights, a model averaging technique (Burnham & Ander-

son, 2002) was applied to estimate the overall occupancy based on the results of multiple models 

(Equation 3.6).  

θ A =  wjθ j

𝑚

𝑗=1

 𝑆𝐸 𝜃 𝐴 =  𝑤𝑗

𝑚

𝑗=1

 𝑣𝑎𝑟 θ j|𝑚𝑗  +  θ j − θ A 
2
 

         Equation 3.6 

 

, where 𝑤𝑗 : Akaike weight for model j,  𝜃 𝑗 : overall detectability/occupancy for model j, 𝜃 𝐴: overall 

detectability/occupancy for the averaged model 

Based on the obtained estimates, detectability curves were generated for the fixed and best ranked 

models as these provide useful information regarding the number of visits required to a site to infer 

absence with a given certainty. In order to provide input for the design of potential future sampling 
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protocols, the number of required visits and repetitions to achieve a given certainty was calculated 

based on the estimates obtained from the averaged model.  

Table 3.3 Covariates incorporated in the model 

COVARIATE SITE vs. SURVEY TYPE VALUE 

Lake (L) Site-specific Binary 1: lake      
0: channel 

Village (V) Site-specific 3 dummy variables (binary) to 
represent 4 villages 

1 to the variable corresponding to the 
village in question 

Habitat 
category (H) 

Site-specific 3 dummy variables (binary) to 
represent 4 categories 

1 to the variable corresponding to the 
category in question 

Traffic (T) Site-specific  
(transect level) 

Binary 1: more than 1 fishermen/hour 
0: less than 1 fishermen/hour 

Wind (W) Survey-specific Binary 1: strong wind 
0: otherwise 

 

Finally, to evaluate the sensitivity of the model to the particular split of transects in sites (Figure 3.2), 

the analysis was run with different sampling layouts keeping the same scale in the study. The split 

was done setting different starting offsets (Figure 3.6), first maintaining the same site size and then 

setting it to 300m, which is still in the scale of a bandro territory, in this case corresponding to the 

size of the biggest territories.   

 

Figure 3.6 Sampling sites for different offsets in the split of transects in sites 
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The scripts for generation of the detection histories and analysis of the different models were writ-

ten in Scilab (www.scilab.org). The optimization of the likelihood function was done numerically with 

the Scilab function optim. Standard errors for the estimated parameters were calculated based on 

the asymptotic properties of maximum likelihood estimators as the inverse of the Fisher information 

matrix and, based on these, approximate standard errors in terms of occupancy and detectability 

were calculated using the delta method (MacKenzie et al., 2006). Confidence intervals in terms of 

occupancy and detectability were obtained back-transforming the confidence intervals in the logit 

scale. These calculations were carried out with the software PRESENCE 2.2 (Hines, 2006). 
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4 Results 

4.1 Bandro encounters and initial exploration of the data 

In more than 120 hours of actual survey in the marsh, 71 group encounters (including repeated en-

counters of same groups) were recorded. The white points in Figure 4.1 show the locations where 

bandro groups were found in each of the four villages. A visual exploration of the data indicates that 

bandro encounters were relatively frequent in some areas while in others no groups were found. 

This indicates that either occupancy or detectability, if not both, are not constant but depend on cer-

tain characteristics of the sites.  

   

   

 Figure 4.1 Transects and bandro locations observed in the field 
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The number of bandros recorded in each group varied from 1 to 8 individuals (average = 2.9) as 

shown in Figure 4.2. These values are smaller than those reported in the literature which seems to 

indicate that some individuals within encountered groups remained undetected in the surveys.  

 

Figure 4.2 Number of individuals recorded in each group encounter 
 

Encounter rates appeared to be similar whether the survey was carried out in the morning or in the 

evening. Figure 4.3 presents the distribution of group encounters with time. The amount of effort 

put into the different time bins is also plotted. A sharp drop in encounter rates was observed after 

8:30 a.m. Observations were also rare before 16:00. This matches the cathemeral nature of these 

lemurs.  

 

Figure 4.3 Number of groups encountered and number of survey occasions (20 min bins) 
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In most occasions, when encountered, animals were either feeding on different plants or travelling 

through the vegetation. Some other times they were observed defending their territory against 

other neighbouring groups. Only in a few occasions animals were observed while resting amongst 

the vegetation (Figure 4.4). 

 

Figure 4.4 Number of groups per activity 
 

4.2 Fixed model 

After the initial exploration of the data, the first and simplest occupancy model accounting for de-

tectability was explored. This model assumes that both occupancy and detection probabilities are 

constant across sites and surveys and is denoted here 𝛹 ∙  𝑝 ∙  to indicate that it does not include 

any covariates. For the analysis, transects were split in 150 metre sections. 

In order to have a reference for comparison, occupancy was first estimated without accounting for 

detectability. This is often referred to as the “naive occupancy”. The estimation consists simply in 

calculating the proportion of sites for which there is at least one “1” in the history, that is, those sites 

where the species was detected in at least one of the visits and thus can be confirmed that were oc-

cupied during the time of the survey. For our data and sampling design the naive estimate was 

8.84%. 

Then the fixed model accounting for detectability was computed. The Akaike Information Criterion 

(AIC) obtained for this model was 512.0 and the estimates obtained for detectability and occupancy 
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 average SE precision confidence interval 

p 8.1% 0.0181 22.4856 5.17% 12.4% 

Ψ 21.6% 0.0486 22.3762 13.6% 32.6% 

Table 4.1 Occupancy (Ψ) and detectability (p) estimation for the fixed model (site size = 150m) 
 

As expected the detectability was rather low which means that in most of the surveys animals were 

not detected in sites that they did actually use. Correspondingly, the estimated occupancy was 

greater than the naive estimation that was obtained regardless of detectability. According to this 

model the occupancy estimator was in average about 140% higher than what the naive estimate 

seems to indicate. 

Based on the estimated detectability  𝑝 , the probability of detecting the species in a site at least 

once after 𝐾 repeated surveys was calculated as 𝑝∗ = 1 −  1 − 𝑝 𝑘 . The standard error of this mag-

nitude was obtained from the standard error of 𝑝 through the delta method. As illustrated in Figure 

4.5, given the low detectability of the species, it is necessary to carry out several visits to a site in 

order to be relatively confident of detecting the presence of bandro at a site that is used by the spe-

cies. Similarly it gives an indication of how many site visits are necessary to infer the absence of the 

species with a given certainty.  

 

Figure 4.5 Probability of detecting the bandro (±1SE) at an occupied site after K visits if p=8.1% 
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Another interesting value derived from the estimated parameters was the probability of a site being 

used by the species conditional on the outcome of K visits to that site (Table 4.2), a quantity usually 

referred to as 𝛹𝑐𝑜𝑛𝑑𝑙  (MacKenzie et al., 2006). For those sites where the species was detected at 

least once 𝛹𝑐𝑜𝑛𝑑𝑙  is 1 while for sites where the species was never detected 𝛹𝑐𝑜𝑛𝑑𝑙  takes a maximum 

value equal to the estimate of occupancy 𝛹 if K=1 and decreases as the number of repetitions in-

creases (i.e. the more times a site is visited and the species not detected the more certainty there is 

that the site is actually unoccupied).  

Table 4.2 Probability of a site being occupied given that the species is not detected in K surveys (Ψcondl) 

K Ψcondl SE(Ψcondl) confidence interval 

1 20.2% 0.0487 10.5% 30.0% 

2 18.9% 0.0486 9.2% 28.6% 

3 17.6% 0.0484 8.0% 27.3% 

4 16.4% 0.0480 6.8% 26.0% 

5 15.3% 0.0474 5.8% 24.8% 

6 14.2% 0.0468 4.9% 23.6% 

7 13.2% 0.0459 4.1% 22.4% 

8 12.3% 0.0450 3.3% 21.3% 

9 11.4% 0.0440 2.6% 20.2% 

10 10.6% 0.0429 2.0% 19.2% 

11 9.8% 0.0417 1.5% 18.2% 

12 9.1% 0.0404 1.0% 17.2% 
 

 

In order to verify whether the results obtained were very sensitive to the particular split of transects 

in sites, the model was run several times applying different starting offsets (Figure 3.6). Figure 4.6 

shows the detectability and occupancy estimated for each of the corresponding histories generated. 

Although the estimations showed some variation they seemed to be relatively robust to the specific 

definition of sites.  
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Figure 4.6 Detectability and occupancy for the fixed model with different sampling starting offsets 
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4.3.1 Ranking of the models 

Table A.1. in Annex A presents the AIC value calculated for each of the 512 models resulting from all 
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indicates little support for the fixed model, which had a much higher AIC (512) than the best models 

in the set, i.e. the fixed model is a much less likely explanation for the observed data than most of 

the models that include covariates.   

In order to select the models that better explain the observed data, initially all those with an AIC dif-

ference smaller than 4 units (lighter shade in Table A.2) were considered. A closer look at the results 

showed however that all those models having “wind” as a covariate for detectability appeared not 

to have any gain in the likelihood compared to the corresponding models without this covariate (AIC 
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cally zero for all these models, this covariate was eliminated from the analysis as everything indi-

cated that it did not have any explanatory value.     

When summing up the contributions of each covariate (i.e. sum of Akaike weights for all models in 

the set containing the covariate in question) the obtained percentages (Table 4.3) indicate that both 

“village” and “lake” have the biggest support (≥99%) as explanatory variables for occupancy while 

“traffic” has high support (>97%) as a covariate for detectability.  

Table 4.3 Summed weights for each of the covariates  

DETECTABILITY OCCUPANCY 

Habitat Traffic Village Lake Habitat Traffic Village Lake 

33.7% 97.7% 14.3% 36.8% 56.4% 40.7% 99.9% 98.9% 
 

The Mackenzie and Bailey goodness-of-fit test was run with 5000 bootstraps for the most saturated 

model (Table 4.4) in order to evaluate the fit of the models in the set and as a basis for the estima-

tion of a single overdispersion factor. 

Table 4.4 Results of goodness-of-fit test for the saturated model Ψ(H+T+V+L) p(H+T+V+L+W) 

MODEL FIT 

p - value 0.2210 

ĉ average 1.1437 

ĉ median 1.1732 
 

According to the test there is no evidence of lack of fit for this model (p=0.2210). This means that 

more parsimonious models should also provide an adequate description of the data (Burnham & 

Anderson, 2002). The overdispersion parameter is somewhat bigger than one, which suggests that 

there is more variation in the observed data than would be expected by the model. However, follow-

ing the strategy recommended by Burnham & Anderson (2002) given that the best-fitting model has 

an adequate fit (p>0.15) the overdispersion parameter was not used to make adjustments to the AIC 

or the standard errors of parameter estimates.  

With the factor wind removed from the analysis, the set of best models remained as listed in Table 

4.5. Akaike weights were recalculated for this set and models were ranked according to these as fol-

lows: 
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Table 4.5 Models with an Akaike difference smaller than four units 

ID MODEL AIC ΔAIC N Wi 

01 p(T) Ψ(H+L+V) 438.3 0.0 10 22.4% 

02 p(T) Ψ(H+L+V+T) 439.3 1.0 11 13.4% 

03 p(T+L) Ψ(H+L+V) 439.4 1.1 11 13.2% 

04 p(H+T) Ψ(L+V) 439.5 1.2 10 12.2% 

05 p(H+T) Ψ(L+V+T) 440.0 1.7 11 9.3% 

06 p(T+L) Ψ(H+L+V+T) 440.7 2.4 12 6.8% 

07 p(T) Ψ(L+V+T) 441.1 2.8 8 5.4% 

08 p(H+T+L) Ψ(L+V) 441.2 2.9 11 5.3% 

09 p(T) Ψ(L+V) 441.5 3.2 7 4.6% 

10 p(T+L+V) Ψ(H+L+V) 441.8 3.5 14 3.8% 

11 p(H+T+L) Ψ(T+L+V) 442.0 3.7 12 3.5% 

 Ψ: probability of occupancy, p: probability of detection 
 H: habitat category, L: lake vs. channel, V: village, T: traffic 
 AIC: Akaike Information Criterion 
 ΔAIC: Akaike difference  
 N: Number of parameters in the model 
 Wi: Akaike weight 

 

 

4.3.2 Detailed analysis of the best model: Ψ(H+V+L) p(T)  

The top ranked model out of the 256 possible combinations tested (i.e. that with the lowest AIC) 

was 𝛹 𝐻 + 𝑉 + 𝐿 𝑝 𝑇 . The logit link parameter values obtained from the likelihood maximization 

indicated that high traffic in a transect reduces the odds of detecting a bandro while low habitat 

categories, lake edge and certain villages reduce the odds of a bandro using a site. 

Based on the logit link parameters, detectability and occupancy estimates were calculated using 

Equation 3.3 and Equation 3.4. Having a look at the estimates of detectability (Table 4.6) it can be 

seen that the probability of detecting a bandro appears to be considerably higher (almost four 

times) for those sites along transects with low traffic. As can be appreciated the number of sites cor-

responding to medium or high traffic transects is much higher (382) than low-traffic sites (48). 

Table 4.6 Estimates of detectability for model Ψ(H+V+L) p(T) 

T Nsites p SE confidence interval 

0 48 18.1% 0.0327 12.5% 25.4% 

1 382 4.9% 0.0119 3.1% 7.9% 

 H: habitat category, L: lake vs. channel, V: village, T: traffic 
 Nsites: number of sampling sites with given characteristics 
 p: probability of detection 

 



4 - RESULTS  43 
 

From these estimates of detectability the probability of detecting the species at an occupied site was 

computed. Figure 4.7 shows this quantity both for sites with low traffic and sites with medium-high 

traffic.  

 

Figure 4.7 Probability of detecting the bandro (±1SE) at an occupied site after K visits (p=18.1%, p=4.9%) 
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It is worth noting here the uneven number of samples (Nsites) within each of the types of site, 

caused by the non-statistical nature of the sampling. For some combination of covariates there were 

very few or none sites sampled in the surveys. This caused some spurious results, for instance the 

probability of occupancy estimated for sites in Andilana with habitat category 1 (i.e. poor quality) 

was 100%. As can be seen in the results, confidence intervals are rather big for those types of cells 

for which the number of sites available is low. 
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Table 4.7 Estimates of occupancy for model Ψ(H+V+L) p(T) 

H V L Nsites Ψ SE confidence interval 

2 ANDR 0 3 100.0% 0.000 100.0% 100.0% 

3 ANDR 0 5 100.0% 0.000 100.0% 100.0% 

0 ANDR 1 1 0.0% 0.000 0.0% 6.2% 

1 ANDR 1 6 33.8% 0.270 4.6% 84.5% 

2 ANDR 1 6 63.5% 0.292 12.8% 95.4% 

3 ANDR 1 3 85.3% 0.172 28.3% 98.9% 

0 AMBO 0 10 0.0% 0.000 0.0% 1.0% 

1 AMBO 0 39 7.5% 0.055 1.7% 27.7% 

2 AMBO 0 57 21.7% 0.089 9.0% 43.7% 

3 AMBO 0 18 48.1% 0.229 13.3% 84.9% 

0 ANOR 0 13 0.0% 0.000 0.0% 0.5% 

1 ANOR 0 77 4.5% 0.033 1.0% 17.7% 

2 ANOR 0 65 13.7% 0.066 5.1% 32.1% 

3 ANOR 0 1 34.7% 0.232 6.7% 79.9% 

1 ANDI 0 1 100.0% 0.000 99.0% 100.0% 

2 ANDI 0 23 100.0% 0.000 99.7% 100.0% 

0 ANDI 1 5 0.0% 0.000 0.0% 0.4% 

1 ANDI 1 14 3.0% 0.032 0.4% 21.1% 

2 ANDI 1 71 9.4% 0.075 1.8% 37.0% 

3 ANDI 1 12 25.8% 0.204 4.1% 73.8% 

 H: habitat category, L: lake vs. channel, V: village, T: traffic 
 Nsites: number of sampling sites with given characteristics 
 Ψ : probability of occupancy 

 

From these individual estimates of occupancy and detectability, overall estimates were obtained 

taking into account the number of sites belonging to each of the types (Equation 3.5). The overall 

estimate of occupancy  𝛹𝑜𝑣𝑒𝑟𝑎𝑙𝑙   is was slightly smaller than the one provided by the fixed model. 

This model provided an estimate with increased precision compared to the fixed model, as can be 

noted also from the narrower confidence interval. The estimate of overall detectability 

 𝑝𝑜𝑣𝑒𝑟𝑎𝑙𝑙   based on this model was also somewhat smaller than the one obtained for the fixed 

model. Once again the estimate gained in precision by introducing the covariate.  

Table 4.8 Overall estimates of occupancy (Ψoverall) and detectability (poverall) 

 estimate SE precision confidence interval 

Ψoverall 20.29% 0.0247 12.1989 15.5% 25.1% 

poverall 6.40% 0.01118 17.4726 4.2% 8.6% 
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4.3.3 Summary of results for candidate models and model averaging 

As seen in Table 4.5 no model emerged clearly as a superior explanation for the observed data. The 

Akaike weight corresponding to the top-ranked model was 22.4%, which indicates that it did not get 

enough support to exclude the next best models and make inferences from this model alone. Thus in 

order to get a more robust estimation of occupancy and detectability, model averaging was used.  

To obtain the estimates for the averaging the same calculations as those described in detail above 

for the best model were repeated for all the models in the candidate set. Table 4.9 summarizes the 

results obtained including the overall estimates of occupancy and detectability and their correspond-

ing standard errors. Models are ranked according to the AIC. 

Table 4.9 Overall estimates of occupancy (Ψoverall) and detectability (poverall) for models in the candidate set  

ID MODEL Wi Ψoverall SE precision poverall SE precision 

01 p(T) Ψ(H+L+V) 22.4% 20.3% 0.02475 12.19 6.4% 0.01118 17.47 

02 p(T) Ψ(H+L+V+T) 13.4% 25.5% 0.04260 10.87 4.8% 0.00750 18.22 

03 p(T+L) Ψ(H+L+V) 13.2% 18.4% 0.02002 11.71 6.8% 0.01246 18.61 

04 p(H+T) Ψ(L+V) 12.2% 19.4% 0.02270 16.71 7.1% 0.01313 15.65 

05 p(H+T) Ψ(L+V+T) 9.3% 22.1% 0.03497 15.83 5.2% 0.00827 15.97 

06 p(T+L) Ψ(H+L+V+T) 6.8% 18.6% 0.03167 12.03 6.7% 0.01218 29.32 

07 p(T) Ψ(L+V+T) 5.4% 21.4% 0.03477 17.03 6.1% 0.01138 18.09 

08 p(H+T+L) Ψ(L+V) 5.3% 17.8% 0.02141 17.33 5.4% 0.01588 17.91 

09 p(T) Ψ(L+V) 4.6% 24.2% 0.04187 16.26 5.3% 0.00949 18.62 

10 p(T+L+V) Ψ(H+L+V) 3.8% 20.1% 0.03295 12.68 6.7% 0.01508 29.57 

11 p(H+T+L) Ψ(T+L+V) 3.5% 21.6% 0.03746 17.35 5.4% 0.01065 19.79 

--- Averaged model ------ 20.8% 0.03351 17.31 
 

6.2% 0.01490 
 
 

24.06 

 Ψ: probability of occupancy, p: probability of detection 
 H: habitat category, L: lake vs. channel, V: village, T: traffic 
 AIC: Akaike Information Criterion 
 ΔAIC: Akaike difference  
 N: Number of parameters in the model 
 Wi: Akaike weight 

 

 

The estimates calculated based on the different models vary somewhat. Occupancy estimates range 

from 17.8% to 25.5% while detectability goes from 4.8% to 7.1%. Weighing these estimates with the 

corresponding AIC weights for each model, the final estimates of occupancy (20.8%) and detectabil-

ity (6.2%) from the averaged model were obtained.   
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4.3.4 Sampling protocol design based on the averaged model 

In order to provide input for the design of a potential future sampling protocol, the total number of 

surveys required to 150m sites (Figure 4.8) was calculated for different number of repetitions (K) and 

different standard errors of the occupancy estimator as indicated in Equation 3.1 (MacKenzie & 

Royle, 2005). Calculations were first based on the final estimates of occupancy and detectability ob-

tained from the averaged model. The optimal number of repetitions (i.e. to minimize the total effort) 

was found to be 25. The number of different sites (s) to be surveyed (Figure 4.9) was then calculated 

as the total number of site surveys divided by the number of repetitions. As a reference, these 

graphs were recalculated for the detectability obtained for low-transited channels (Figure 4.10 and 

Figure 4.11). In this case the optimal number of repetitions to minimize the total effort was 8.   

 

4.3.5 Analysis with different offsets and site size 

In order to evaluate the robustness of the results with respect to the specific split of transects, mod-

els were recalculated with different starting offsets, first keeping 150m as the site size then setting it 

to 300m. Table 4.10 gathers the summed contributions within the set of 256 models for each of the 

covariates for different sampling layouts. As can be seen the results have some consistency and in all 

the tested sampling layouts “traffic” has strong support as a covariate for detectability while “vil-

lage” and “lake” tend to have strong support as covariates for occupancy. However the contribution 

for the rest of the factors varies significantly indicating the analysis is sensitive to the specific defini-

tion of sites and that the support of the models varies according to this.          

Table 4.10 Summed weights for each of the covariates for different sampling layouts 

SAMPLING DETECTABILITY OCCUPANCY 

Site size Offset Habitat Traffic Village Lake Habitat Traffic Village Lake 

150 0 33.7% 97.7% 14.3% 36.8% 56.4% 40.7% 99.9% 98.9% 

150 33 34.9% 99.6% 23.7% 35.8% 71.4% 40.6% 99.9% 98.5% 

150 50 46.3% 97.2% 10.6% 30.3% 45.9% 30.4% 100.0% 99.0% 

150 75 44.3% 99.0% 9.3% 71.7% 17.0% 28.7% 99.3% 50.0% 

300 0 29.7% 89.8% 60.2% 33.2% 74.4% 41.6% 99.9% 96.7% 

300 33 70.7% 90.0% 33.6% 33.8% 95.9% 84.2% 100.0% 95.4% 

300 50 52.2% 97.7% 12.3% 31.5% 68.6% 32.6% 100.0% 97.3% 

300 150 53.6% 99.7% 16.5% 34.9% 18.8% 33.7% 97.1% 81.4% 
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Figure 4.8 Total number of sites to be visited based on averaged model results 
 

 

Figure 4.9 Number of sites to be visited based on averaged model results 
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Figure 4.10 Total number of sites to be visited based on detectability obtained for low transited transects 
 

Figure 4.11 Number of sites to be visited based on detectability obtained for low transited transects 
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5 Discussion 

5.1 Occupancy and detectability 

For monitoring programmes to be useful they must be efficient, informative and reliable (Thomas, 

1996, Possingham et al., 2001, Nichols & Willians, 2006). The choice of an appropriate state variable 

for monitoring depends on the objectives of the program, scale of the question and resources avail-

able (Bailey et al., 2004b, MacKenzie et al., 2006, Yoccoz et al., 2001). This study has evaluated the 

application of an occupancy modelling method that accounts for imperfect detection (MacKenzie et 

al., 2002) in the context of monitoring of the bandro. Models were used to explore the influence of 

different factors on occupancy and detectability with the intention of providing further insights into 

aspects relevant to the monitoring and management of the species.  

Occupancy-based methods involve carrying out detection/non-detection surveys hence data-

collection is relatively cheap and has the potential to be implemented by non-professionals. Occu-

pancy is a different state variable than abundance and thus inferences based upon it also differ. 

However, for the bandro, changes in occupancy could be considered a proxy for changes in abun-

dance as it is highly territorial and the sample units were designed to be of comparable size to an 

average territory (MacKenzie & Nichols, 2004). Under these conditions the estimate of the number 

of occupied sites approximates the number of groups so, given information on average group size, 

an estimate of the number of animals could be produced. There are, however, some limitations to 

this assumption which will be discussed in section 5.5.  

Monitoring programs need to recognize that species are unlikely to be perfectly detected and that, 

therefore, lack of detection does not necessarily mean a site is unoccupied. If not accounted for, im-

perfect detection will cause the underestimation of occupancy estimates and bias in occupancy indi-

ces which may lead to wrong inferences about the system that may result in inappropriate manage-

ment interventions (MacKenzie et al., 2006). It is important to acknowledge that detectability is not 

simply a trait of the species (Mazerolle et al., 2007), but is also strongly related to other factors such 

as habitat characteristics, observer skills, survey design or meteorological conditions. Understanding 

how these different aspects affect the probability of detection of the target species is useful for the 

design of monitoring strategies (e.g., Field et al., 2005b, Henneman et al., 2007, Pellet, 2008) and 

may help select the sites to be surveyed. Estimates of detectability provide the basis for determining 

the number of repeated visits required to a site to have a certain confidence of detecting the species 

if it uses that site, or conversely, to reliably infer absences in the case of unused sites (e.g., Mortelliti 
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& Boitani, 2008, Pellet, 2008), a valuable piece of information when deciding on management inter-

ventions.  

The following sections put the results of this work in perspective first looking at the interpretation of 

how the factors explored affect detectability and occupancy of the bandro. Then model assumptions 

are reviewed in the context of this study and corresponding weaknesses identified. After discussing 

other limitations of the work some recommendations for monitoring are provided to finally end with 

the suggestion of potential improvements for the methodology. 

5.2 Interpretation of factors affecting bandro detectability  

The results of this study indicate that bandro detectability is very low (<10% on average) confirming 

the need to account for this aspect in the monitoring of the species. All higher ranked models indi-

cated that detectability is related to the level of traffic of fishermen and reed-cutters passing the 

site. The probability of detection was almost four times greater in sites that supported low levels of 

traffic (≈18%) compared (≈5%). This implies that occupied sites are used less often by the animals 

when the adjacent channel or lake is frequented by people. Although this may mostly be the case 

during the times when fishermen are out to work, it coincides with the hours when the animals are 

more active and thus when surveys are carried out. The support for the potential effect of other fac-

tors on detectability was lower compared to the factor “traffic”. Some models indicated a negative 

relationship between detectability and habitat quality. A plausible interpretation for this would be 

that bandros spend less time in patches of lower habitat quality within their territory compared to 

high quality areas.  

Although the covariate “wind” did not provide any contribution to the models, it is believed that this 

could be due to the quality of the data collected (one qualitative measure per survey) rather than 

due to actual lack of effect. An appropriate measure of wind may be difficult to obtain since condi-

tions can change extensively during a survey. Ideally, monitoring of the wind strength would be con-

tinuous. In addition wind direction may also be relevant. The effect of wind is greater in lakes, so the 

interaction of these two factors could also play a role.  

In this study the effect of water level as a potential source of heterogeneity in detectability was not 

explored as it was not considered to be significant within the time frame of the surveys (50cm drop 

recorded from 28-April to 4-June). However it is worth noting that, if occupancy estimates are to be 

compared among years, it may be necessary to include this as covariate in the analysis.   

 



5 - DISCUSSION  51 
 

5.3 Interpretation of factors affecting bandro occupancy 

The evaluation of factors affecting occupancy reveals strong support for models that incorporate 

“village” as an explanatory variable indicating that, other factors being equal, the proportion of sites 

used by bandros is much lower in two of the villages (Ambodivoara and Anororo) compared to the 

other two included in the study (Andreba and Andilana). Several explanations could explain this pat-

tern. A key factor may be the variable poaching levels in different areas. According to recent village 

surveys (Andrianandrasana et al., 2005) the level of hunting remains relatively high in Ambodivoara 

and Anororo, the two villages that appeared to have lower occupancy probabilities in the models. It 

is believed that in Andreba the long time presence of researchers and the creation of a “villager’s 

park” to protect the bandro have significantly reduced the poaching (Mutschler et al., 2001). Durrell 

reports that in 2005 local villagers from Andreba forced some poachers who had captured bandros 

to return the animals to the marsh (Andrianandriasana et al., 2005), which seems to confirm that 

villagers are aware about the protected status of the lemurs and to some extent committed to their 

conservation. During this study no direct evidence of bandro poaching was found in the field. When 

asked about the topic locals always insisted that there were no hunters in their village but also ad-

mitted that hunting continued to be carried out by people from “other” areas. During the data col-

lection phase we heard reports of poachers being caught with captured bandros. All these pieces of 

information seem to indicate that hunting continues to be a significant threat to the bandro, and 

that hunting pressure is unevenly distributed across the marsh, supporting the results of the models 

in this study. 

The other factor very strongly supported in the models was whether the surveyed site was adjacent 

to a channel or a lake. According to the results, bandros seem to avoid using lake edges as part of 

their territories. It is important to realize that this does not mean that the whole marsh around lakes 

is void, but it rather suggests that animals refrain from using the border of the vegetation. They may 

still however have a territory just a few metres into the marsh. There are at least two reasons that 

could explain this pattern. First of all, bandros may exclude lake edges from their territory (or use 

the rarely, something that models could capture as lack of use) to avoid being exposed to the some-

what harsher weather conditions there. According to our guides, bandros dislike windy conditions 

and become less active under these circumstances, which could mean they prefer to stay amongst 

the vegetation. A second potential explanation is that bandros may not need to protect the marginal 

portion of their territory bordering a lake. However when the site is adjacent to a channel, they may 

need to keep certain level of surveillance and defence of their territory against neighbouring groups. 

There are reports in the literature of groups trespassing or defending territories on the opposite side 

of a channel (Nievergelt et al., 1998). During the course of this study several group encounters 



5 - DISCUSSION  52 
 

across channels were witnessed, with animals even crossing from side to side to explore other 

group’s territory or chase away intruders.  

A positive relationship between occupancy and habitat quality was captured by all the three top-

ranked models. Bandros prefer diverse and dense marsh as opposed to areas of poorer vegetation 

and habitat quality is considered a key determinant of site occupancy. The relative mild support at-

tained by this covariate is probably due to limitations on the data rather than due to limited impor-

tance of this factor. Habitat categories were assigned on a qualitative basis with information col-

lected only from transects. There are other issues that may complicate the identification of a clear 

relationship such as the fact that good habitat may be empty due to poaching or not yet recolonized 

after fire, while bandros may remain in relatively bad habitat areas when the surrounding vegetation 

has been burnt. 

Finally, traffic also received support from some of the models. The contribution was always negative, 

meaning that sites with more traffic appeared less likely to be occupied. This could be interpreted as 

the extreme of the effect of this factor on detectability. Bandros will tend to use less the areas with 

people around. In some cases they will completely avoid using those parts of the vegetation or use 

them so rarely that the effect would be captured in the occupancy part of the model. 

5.4 Review of model assumptions 

The method applied in this study makes certain assumptions (section 2.2) that, if not met, can cause 

the estimators to be biased and thus inferences drawn to be incorrect. The first of these assump-

tions relates to the correct identification of the target species. It is believed that false positives were 

very unlikely in this study since the only lemur sympatric with the bandro is Microcebus rufus, a 

much smaller primate entirely nocturnal (Mittermeier et al., 2006). The second assumption is the 

closure of sites to changes in occupancy. As pointed out in the methods section, surveys were car-

ried out in a short period of time so it is believed that the movement of animals in and out of the 

sampling sites was random thus not violating this requirement.   

The third and fourth assumptions relate to heterogeneity in occupancy and detectability. One of the 

objectives of the study was to evaluate factors that affect these two probabilities through the incor-

poration of covariates to the analysis. It is believed that the models presented here identified rela-

tively well some of the main elements contributing to the variation in these two quantities. Never-

theless models are a simplification of reality so there will always be some level of heterogeneity re-

maining. While for some studies abundance-induced heterogeneity (Royle, 2006) is an important 

issue, this was believed not to be so relevant for the bandro given than it is a highly territorial spe-
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cies in which individuals move closely as a group. Although group size will have a contribution to de-

tectability it is believed that the main contributor to detectability is the location of the group within 

its territory rather than its size.  

Another key source of heterogeneity in detectability that cannot be modelled through covariates 

and potentially affects the robustness of the estimation, comes from the territoriality of the species. 

In studies like this one the definition of sampling sites is arbitrary, as opposed to discrete sites such 

as habitat patches or ponds. Since the bandro is highly territorial (Nievergelt et al., 1998), the de-

tectability for each site depends on the degree of overlap between the sampling site and the actual 

territory of the group (Figure 3.2). The sensitivity of the results to the arbitrary definition of sites was 

illustrated in this study by analysing the same dataset with different sampling layouts. The support 

for some of the model covariates varied significantly among models showing the relevance of this 

aspect.    

The last of the five model assumptions is the independence among detection histories. In this case, 

there may be some level of spatial correlation between adjacent sites that lay within the same 

group’s territory. This situation may arise for bigger territories or due to the lack of site-territory 

alignment. Under these circumstances if the group was detected in one site it could not be detected 

in the adjacent site during the same survey. To avoid this situation the sampling should have ideally 

left enough distance between sites to ensure complete independence. Given that the number of 

detections was so low it was decided not to do this as the resultant large reduction in the amount of 

samples would have caused a problematic increase of variance in the estimator and thus decreased 

our capacity to draw inferences from the results.   

5.5 Limitations of the study 

This study has produced useful information on factors affecting bandro occupancy and detectability. 

However there are some limitations in this work that are worth mentioning here. It is important to 

note that most of these issues are not exclusive to the method applied but are inherent to the char-

acteristics of the study system and would also affect other monitoring methodologies. 

Probably the biggest limitation is the lack of a probabilistic scheme to carry out the sampling, which 

strongly limits the basis for generalizing the results beyond the surveyed area. Sampling was limited 

to existing channels and marginal vegetation. This was seen as the only option for a series of reasons 

including the amount of work required to open new channels and, more importantly, the fact that 

this would contribute to the spread of invasive plants and provide local villagers with access to new 

grounds, with the potential increase in hunting, reed cutting and fires, factors that threaten the sur-
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vival of the bandro. Minimising the physical impact to the surveyed sites was seen essential in this 

exercise (Legg & Nagy, 2006). Even though study areas were selected to maximise the range of site 

types, the number of samples belonging to each of the different combinations of factors remained 

quite uneven. The limitation in terms of generalizing the results was illustrated before with the case 

of low habitat quality sites by channels in Andilana or Andreba, a combination of characteristics that 

was not found during the sampling. The model predicted full occupancy for those sites, which would 

not be the case in real life. This emphasizes the need to be cautious with inferences drawn from 

these models. These are channel/lake surveys that, like road-side surveys (Pollock et al., 2002), in-

form about the population around the channel/lake/road but provide limited information about the 

population elsewhere. Although one could argue that an occupied site is an occupied territory, due 

to this sampling bias, it is not possible to know whether an unoccupied site represents an “unoccu-

pied territory” or whether it is just a strip of marginal vegetation that is not used, thus limiting the 

validity of generalizing the results and extracting conclusions about abundance.  

Other limitations involving the measurement of some of the covariates have already been pointed 

out above. Wind measurements were very coarse which could explain why this covariate did not 

show any effect in the models. Regarding the classification of habitat, measurements were based on 

what could be seen from the transects so information was limited to the quality of the first metres 

of vegetation. If the habitat beyond was of a different quality this was not reflected in the habitat 

category assigned to the site. This happened for instance in part of the transect ANDI4 where, be-

hind an area of relatively good-looking vegetation, there was an enormous extension of grass un-

suitable for the bandro. In this case the area could be accessed and taken into account in the analy-

sis. However this was an exception and for the majority of sites the condition of the habitat behind 

the first meters of vegetation remained unknown.  

5.6 Recommendations for monitoring 

Occupancy appears to be a useful state variable for the monitoring of the bandro as detection/non-

detection information can be collected with relatively little effort. In the present study this allowed 

us to gather enough data to extract some interesting conclusions from the model in a short and rela-

tively cheap field season. Monitoring is an essential part of conservation programmes, however it is 

often costly and hard to sustain, especially in developing countries where resources are more limited 

(Danielsen et al., 2005). This project demonstrates the utility of the evaluated method for the moni-

toring of cryptic species. Although requiring skilled resources for the analysis of data, this occupancy-

based approach allows for a relatively inexpensive data collection, thus contributing to keeping the 

program within budget. Moreover, given that data collection is relatively easy to implement, this 
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technique has the potential to be utilized in locally-based monitoring initiatives which, if properly 

designed, may be cheap while still reliable and thus more likely to be sustainable (Danielsen et al., 

2005). Based on the results of this study the following recommendations for the design of an effec-

tive sampling protocol based on occupancy for the bandro are proposed: 

 Get to know the state of the marsh prior to monitoring – Find out with local communities what 

the possibilities for sampling are. The Alaotran marsh is a very dynamic system. New channels 

(even lakes!) are opened from year to year by human activities, storms or floods. In addition ex-

isting channels and lakes become covered as vegetation grows or invasive plants clog the sur-

face. Having a good understanding on the state of the system will help planning the sampling 

protocol.  

 Choice of sites to be surveyed – It is very important to choose the sites to be surveyed carefully 

within the obvious limitations to maximize the possibility for drawing inferences beyond the sur-

veyed area. Increasing the coverage of site characteristics may require a trade-off between the 

optimal number of repetitions and the total number of surveys. To the extent possible, monitor-

ing should concentrate in channels as, according to the results of this study, bandro seems to 

avoid using the vegetation by the border of lakes strongly reducing the number of observation in 

these surveys. Monitoring should also try to concentrate away from areas with high traffic of 

fishermen or reed-cutters, especially those where they actually work on the marginal vegetation 

(e.g. setting traps or cutting stems). Where this type of sites is monitored (e.g. if the interest is in 

the state of the population in these marginal areas rather than overall abundance) more effort 

should be assigned to them to compensate for the low detectability. The analysis should ideally 

take this into account as covariate.   

 Number of sites to be surveyed and repetitions to be carried out – It was not in the scope of 

this study to decide on these two design parameters as this involves broader considerations in-

cluding the effect size that will trigger management interventions and the availability of financial 

and human resources. However, this study provides the tools for designing the sampling proto-

col according to the accepted level of precision and programme constraints (Figure 4.8, Figure 

4.9, Figure 4.10 and Figure 4.11). For example, if an estimate with ±15% is targeted (i.e. 

SE≈0.075) this could be achieved with 10 repetitions of 30km of transects. Assuming that in each 

survey 6 km are visited and 2 surveys are carried out per day (a.m./p.m.), this would require 25 

days of survey. Other arrangements are possible to achieve the same level of precision (e.g. 

60km visited 7 times over 35 days of survey). The most appropriate set-up has to be defined 
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based on the objectives of the programme, resources and other logistical constraints (Bailey et 

al., 2007, MacKenzie & Royle, 2005).  

 Evaluate the feasibility of using local fishermen for the data collection – The same system 

characteristics causing some of the limitations in monitoring may actually represent opportuni-

ties to somewhat compensate for these weaknesses. Channels and marginal vegetation are tran-

sited daily by local villagers during the times of activity of the animals. This means that, in effect, 

transects are being “surveyed” repeatedly throughout the year. If information on bandro pres-

ence could be collected in a systematic way it would serve as very valuable input for the moni-

toring of the species allowing more effort to be put into this task. Detection/non-detection data 

is easy to collect. The proposal here would be to select a handful of local fishermen who would 

officially participate in the data collection phase of the monitoring program. This could reduce 

the costs of surveys and contribute to the engagement of the local community in conservation. It 

would require choosing appropriate candidates with the correct skills (including certain level of 

literacy and knowledge of the marsh) and right incentives to carry out this task. A feasibility 

study could be run in parallel to professional monitoring to evaluate the potential of this idea 

and design the details of the arrangements (e.g. pay, candidate requirements, training, etc). 

Probably not every villager will be suitable for this task, however, during this study, we encoun-

tered individuals who seemed very proud of having the bandro in their marsh and who could 

make a good contribution to the monitoring effort. Given the low detectability of the bandro the 

number of repetitions to be carried out is large so the contribution of local villagers may help to 

bring the monitoring within budget. The utility of involving non-professionals in the context of 

monitoring programs has been identified for instance in several amphibian surveys where the 

participation of volunteers was shown not to introduce substantial bias, especially when based 

on presence/absence data (Genet & Sargent, 2003, Solla et al., 2005). Furthermore, a review of 

locally-based monitoring approaches recognized that, if well designed, these schemes have the 

potential to provide cheap and reliable alternatives to professional monitoring (Danielsen et al., 

2005).  

 Incorporate habitat information derived from remote sensing data – This would tackle the limi-

tations derived from measuring habitat quality from the transects and would provide input for 

inferences over the whole marsh. 
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5.7 Improvements 

There are a number of issues that could be explored in order to improve the methods considered for 

this study. These include:  

 Incorporate local knowledge – Fishermen spend long periods of time in the marsh so they have 

an intimate knowledge of the bandro and its habitat. Ignoring this knowledge seems illogical, 

however that is what likelihood-based methods effectively do (MacKenzie et al., 2006). Bayesian 

methods provide a tool for incorporating this expert knowledge to establish prior distributions, 

leading to less uncertainty in the estimation of the posterior parameter distributions (McCarthy, 

2007), a cost-effective way of making more confident predictions about the system (Martin et 

al., 2005).  

 Incorporate information from feeding traces – During the surveys feeding traces are also rela-

tively often found. Extending the model to incorporate detections coming from different sources 

would allow the utilization of this information, potentially improving the estimate of occupancy.  

 Extend the model to account for territoriality-induced heterogeneity in detectability – The 

varying degree of overlap between sampling sites and actual territories can be an important 

source of heterogeneity for territorial species when sites are defined arbitrarily. This issue could 

probably be handled through some sort of mixture model where detectability would be viewed 

as a random function rather than a single value (Royle, 2006). To my knowledge no study has 

specifically addressed this matter in the literature to date. Further research on this topic could 

improve occupancy modelling in the context of territorial species.    

 Extend the model to account for group-size-induced heterogeneity in detectability – Royle & 

Nichols (2003) developed an occupancy model for abundance-induced heterogeneous detect-

ability that allows for the estimation of abundance from detection/non-detection data. This 

model assumes independent detection of individuals so it is not directly applicable to the case of 

the bandro where individuals belonging to a group move together within their territory. If group-

size-induced heterogeneity in detectability is believed to be significant similar models based on 

other mixture distributions could be explored to identify the best alternative for this scenario.   

 Multi-season models – The method utilized in this study was based on a single-season model. 

Although these models are useful, the study of single-season patterns provides limited informa-

tion regarding underlying processes (MacKenzie et al., 2006). The marsh is a very dynamic sys-

tem. Areas of marsh are frequently burnt and it is reasonable to expect that bandros will not be 
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capable of recolonizing new areas instantly once the habitat has recovered. Multi-season models 

provide a tool for exploring this type of processes (MacKenzie et al., 2003, MacKenzie et al., 

2006). 

 Evaluate the utility of thermal imaging – Under certain circumstances infrared technology (Lille-

sand et al., 2008) allows detecting warm-bodied animals even if obscured by vegetation. An 

evaluation of the performance of this technology for bandro monitoring would reveal whether it 

provides a significant gain in terms of detectability. Thermal imaging equipment is expensive so 

its use would only be justified if an overall cost reduction is achieved through the decrease in the 

number of surveys required. In order to extend the monitoring beyond channels and marginal 

vegetation, airborne thermal imaging could be utilized to survey the whole marsh. Although ex-

pensive, this technique would bring information that cannot be obtained with conventional sur-

veys. Whether this type of monitoring can be sustained depends on the budget of the pro-

gramme and frequency of surveys. Carrying a limited amount of surveys could nevertheless be 

still beneficial as it would bring insights about how representative current monitoring is of the 

state of the whole population.      

 

Finally, it is worth keeping in mind that, although this study has brought some additional insights on 

the monitoring of the bandro, it should be considered as a step in a learning process (Field et al., 

2007) that must continue to improve and refine the sampling design with an experimental and adap-

tive mindset. 
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Annex A 

Table A.1 gathers the AIC values for the models in the full set. Cell with a lighter shade correspond to 

models which AIC is less than four units bigger than the AIC of the best model.  

 

Table A.1 AIC for the models in the full set 

W:wind, H:habitat, T:traffic, V:village, L: lake, p:detectability, Ψ: occupancy 

 

 

 

 

 

W H T V L

512.0 491.1 494.0 483.2 485.2 479.2 471.5 470.4 513.1 489.5 496.0 484.5 458.5 454.5 450.7 449.3 0 0 0 0 0

513.1 492.9 495.1 484.8 487.2 481.2 473.4 472.3 514.1 491.1 497.0 486.0 460.5 456.5 452.7 451.3 1 0 0 0 0

488.1 492.6 475.8 480.9 471.1 476.0 464.0 469.6 487.1 489.5 477.4 482.8 450.6 455.8 445.2 450.6 0 1 0 0 0

489.6 494.2 476.9 482.0 473.0 478.0 465.9 471.5 488.4 491.0 478.5 483.9 452.6 457.8 447.1 452.5 1 1 0 0 0

484.6 469.2 486.4 470.3 453.8 453.3 455.7 455.3 486.5 470.5 488.3 471.5 441.5 438.3 441.1 439.3 0 0 1 0 0

485.7 470.8 487.5 471.9 455.8 455.3 457.6 457.3 487.7 472.0 489.5 472.9 443.5 440.3 443.1 441.3 1 0 1 0 0

471.4 472.9 473.3 473.4 451.7 457.4 453.6 459.4 473.1 472.7 475.0 472.2 439.5 443.7 440.0 444.6 0 1 1 0 0

472.8 474.4 474.6 474.9 453.7 459.4 455.5 461.4 474.4 474.1 476.3 473.5 441.5 445.7 442.0 446.5 1 1 1 0 0

495.8 482.5 477.7 474.5 482.5 474.2 466.5 464.2 479.0 473.3 475.2 471.1 457.7 453.3 450.1 448.0 0 0 0 1 0

497.8 484.5 479.6 476.4 484.4 476.2 468.4 466.1 481.0 475.3 477.2 473.0 459.7 455.2 452.1 450.0 1 0 0 1 0

482.7 485.7 470.5 476.3 470.6 476.5 462.1 465.3 470.5 472.8 468.3 473.1 452.7 457.3 447.3 451.8 0 1 0 1 0

484.7 487.7 472.4 478.2 472.6 478.4 464.1 467.2 472.5 474.8 470.3 475.0 454.7 459.3 449.3 453.8 1 1 0 1 0

468.6 466.3 470.3 468.2 458.7 457.6 460.2 459.6 461.3 459.0 463.3 470.2 445.1 442.7 446.5 444.6 0 0 1 1 0

470.5 468.2 472.2 470.1 460.7 459.5 462.2 461.5 463.3 461.0 465.3 472.1 447.1 444.6 448.4 446.5 1 0 1 1 0

464.0 470.0 466.0 472.0 456.5 461.7 458.0 463.5 458.5 460.6 460.5 474.0 443.5 447.8 444.9 449.6 0 1 1 1 0

465.9 471.9 467.9 473.9 458.4 463.7 459.9 465.4 460.4 462.5 462.4 475.9 445.5 449.7 446.9 451.6 1 1 1 1 0

512.8 489.6 495.9 484.1 462.5 461.3 455.1 456.3 514.8 491.1 497.6 486.1 460.0 456.3 452.2 451.1 0 0 0 0 1

513.8 491.3 497.0 485.6 464.5 463.3 457.1 458.2 515.8 492.8 498.7 487.6 462.0 458.3 454.1 453.0 1 0 0 0 1

486.3 491.0 476.6 481.8 454.5 459.7 448.8 454.3 488.3 491.5 478.5 478.2 451.3 456.5 445.7 451.3 0 1 0 0 1

487.7 492.5 477.8 482.8 456.4 461.7 450.8 456.3 489.6 492.9 479.7 479.2 453.3 458.5 447.7 453.3 1 1 0 0 1

486.0 471.2 487.9 472.3 449.1 448.3 449.0 449.5 487.0 471.8 488.9 472.0 443.0 439.4 442.9 440.7 0 0 1 0 1

487.2 472.8 489.1 473.9 451.1 450.3 451.0 451.5 488.2 473.4 490.0 473.5 445.0 441.3 444.9 442.7 1 0 1 0 1

473.4 474.9 475.2 475.4 447.7 452.9 448.1 453.4 474.5 472.7 476.4 469.7 441.2 444.5 442.0 446.0 0 1 1 0 1

474.7 476.4 476.6 476.9 449.7 454.9 449.9 455.4 475.8 474.2 477.7 471.2 443.2 446.5 444.0 448.0 1 1 1 0 1

478.2 472.4 472.1 468.6 458.8 456.8 451.2 451.6 478.5 473.8 474.0 469.3 458.4 454.2 450.8 449.0 0 0 0 1 1

480.2 474.4 474.1 470.6 460.8 458.8 453.2 453.5 480.5 473.9 476.0 471.2 460.4 456.2 452.8 451.0 1 0 0 1 1

468.9 474.9 465.5 471.3 454.5 459.6 448.9 454.5 470.9 476.9 467.4 468.5 453.7 458.6 448.2 453.2 0 1 0 1 1

470.9 476.9 467.4 473.2 456.5 461.6 450.9 456.4 472.9 478.9 469.4 470.4 455.7 460.5 450.4 455.3 1 1 0 1 1

464.3 463.1 466.3 465.0 454.2 453.1 452.5 453.1 463.0 465.0 465.0 466.8 445.1 441.8 447.1 443.0 0 0 1 1 1

466.2 465.0 468.2 466.9 456.2 455.0 454.5 455.1 464.9 466.9 466.9 468.7 447.0 443.8 449.0 445.1 1 0 1 1 1

460.6 466.6 462.6 468.6 453.1 457.9 450.9 456.5 460.4 468.6 462.4 470.6 443.8 447.3 445.8 449.0 0 1 1 1 1

462.6 468.6 464.6 470.6 455.0 459.8 452.8 458.5 462.3 470.6 464.3 472.6 445.7 449.3 447.8 451.0 1 1 1 1 1

0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1 H

0 0 1 1 0 0 1 1 0 0 1 1 0 0 1 1 T

0 0 0 0 1 1 1 1 0 0 0 0 1 1 1 1 V

0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1 L

P
AIC

Ψ
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Table A.2 gathers the AIC differences for the models in the full set.  

 

Table A.2 AIC differences for the models in the full set 

W:wind, H:habitat, T:traffic, V:village, L: lake, p:detectability, Ψ: occupancy 

 

 

 

W H T V L

73.7 52.8 55.7 44.9 46.9 40.9 33.2 32.1 74.8 51.2 57.7 46.2 20.2 16.2 12.4 11.0 0 0 0 0 0

74.8 54.6 56.7 46.4 48.9 42.9 35.1 34.0 75.7 52.8 58.7 47.7 22.2 18.2 14.4 13.0 1 0 0 0 0

49.8 54.3 37.5 42.6 32.8 37.7 25.7 31.3 48.8 51.2 39.1 44.5 12.3 17.5 6.9 12.3 0 1 0 0 0

51.3 55.9 38.6 43.7 34.7 39.7 27.6 33.2 50.1 52.6 40.2 45.6 14.3 19.5 8.8 14.2 1 1 0 0 0

46.3 30.9 48.1 32.0 15.5 15.0 17.4 17.0 48.2 32.2 50.0 33.1 3.2 0.0 2.8 1.0 0 0 1 0 0

47.4 32.5 49.2 33.6 17.5 17.0 19.3 19.0 49.4 33.7 51.2 34.6 5.2 2.0 4.8 3.0 1 0 1 0 0

33.1 34.6 35.0 35.1 13.4 19.1 15.2 21.1 34.8 34.4 36.7 33.9 1.2 5.4 1.7 6.3 0 1 1 0 0

34.5 36.1 36.3 36.6 15.4 21.1 17.2 23.1 36.1 35.8 38.0 35.2 3.2 7.4 3.7 8.2 1 1 1 0 0

57.5 44.2 39.4 36.2 44.2 35.9 28.2 25.9 40.7 35.0 36.9 32.8 19.4 15.0 11.8 9.7 0 0 0 1 0

59.4 46.2 41.3 38.1 46.1 37.9 30.1 27.8 42.7 37.0 38.9 34.7 21.4 16.9 13.8 11.7 1 0 0 1 0

44.4 47.4 32.2 38.0 32.3 38.2 23.8 27.0 32.2 34.5 30.0 34.7 14.4 19.0 9.0 13.5 0 1 0 1 0

46.4 49.4 34.1 39.9 34.2 40.1 25.8 28.9 34.2 36.5 32.0 36.7 16.4 21.0 11.0 15.5 1 1 0 1 0

30.3 28.0 32.0 29.9 20.4 19.3 21.9 21.3 23.0 20.7 25.0 31.9 6.8 4.4 8.2 6.3 0 0 1 1 0

32.2 29.9 33.9 31.8 22.4 21.2 23.9 23.2 25.0 22.6 27.0 33.8 8.8 6.3 10.1 8.2 1 0 1 1 0

25.7 31.7 27.7 33.7 18.2 23.4 19.7 25.2 20.1 22.3 22.1 35.7 5.2 9.4 6.6 11.3 0 1 1 1 0

27.6 33.6 29.6 35.6 20.1 25.4 21.6 27.1 22.1 24.2 24.1 37.6 7.2 11.4 8.5 13.3 1 1 1 1 0

74.5 51.3 57.6 45.8 24.2 23.0 16.8 18.0 76.5 52.8 59.3 47.8 21.7 18.0 13.9 12.7 0 0 0 0 1

75.5 53.0 58.7 47.3 26.2 25.0 18.8 19.9 77.4 54.5 60.4 49.3 23.7 20.0 15.8 14.7 1 0 0 0 1

48.0 52.7 38.3 43.5 16.2 21.4 10.5 16.0 50.0 53.2 40.2 39.9 13.0 18.2 7.4 13.0 0 1 0 0 1

49.4 54.1 39.5 44.5 18.1 23.4 12.5 18.0 51.3 54.6 41.3 40.9 15.0 20.2 9.4 15.0 1 1 0 0 1

47.7 32.9 49.6 34.0 10.8 10.0 10.7 11.2 48.7 33.5 50.6 33.7 4.7 1.0 4.6 2.4 0 0 1 0 1

48.9 34.5 50.8 35.6 12.8 12.0 12.7 13.2 49.9 35.1 51.7 35.2 6.7 3.0 6.6 4.4 1 0 1 0 1

35.1 36.6 36.9 37.1 9.4 14.6 9.8 15.1 36.2 34.4 38.0 31.4 2.9 6.2 3.7 7.7 0 1 1 0 1

36.4 38.1 38.3 38.6 11.4 16.6 11.6 17.1 37.5 35.9 39.4 32.9 4.9 8.2 5.7 9.7 1 1 1 0 1

39.9 34.1 33.8 30.3 20.5 18.5 12.9 13.3 40.2 35.5 35.7 31.0 20.1 15.9 12.5 10.7 0 0 0 1 1

41.9 36.1 35.8 32.3 22.5 20.5 14.9 15.2 42.1 35.6 37.7 32.9 22.1 17.9 14.5 12.7 1 0 0 1 1

30.6 36.6 27.2 33.0 16.2 21.3 10.6 16.2 32.6 38.6 29.1 30.2 15.4 20.2 9.9 14.9 0 1 0 1 1

32.5 38.5 29.1 34.9 18.2 23.3 12.5 18.1 34.5 40.5 31.1 32.1 17.4 22.2 12.1 17.0 1 1 0 1 1

26.0 24.8 28.0 26.7 15.9 14.8 14.2 14.8 24.7 26.7 26.7 28.5 6.8 3.5 8.8 4.7 0 0 1 1 1

27.9 26.7 29.9 28.6 17.9 16.7 16.2 16.8 26.6 28.6 28.6 30.4 8.7 5.5 10.7 6.8 1 0 1 1 1

22.3 28.3 24.3 30.3 14.7 19.6 12.6 18.2 22.1 30.3 24.1 32.3 5.5 9.0 7.5 10.7 0 1 1 1 1

24.3 30.3 26.3 32.3 16.7 21.5 14.5 20.2 24.0 32.3 26.0 34.3 7.4 11.0 9.5 12.7 1 1 1 1 1

0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1 H

0 0 1 1 0 0 1 1 0 0 1 1 0 0 1 1 T

0 0 0 0 1 1 1 1 0 0 0 0 1 1 1 1 V

0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1 L

ΔAIC
P

Ψ
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Annex B 

This annex collects the key Scilab scripts used for the analysis of the models.  

// this script loads a function that calculates distance to origin of transect of the 

// bandro positions seen along that transect 

// inputs  

// bandros: array with bandro positions in UTM 

// transect: array with transect point coordinates in UTM 

// outputs 

// dist_origin: array with distance to origin of each bandro position along the transect (m) 

// L: total length of transect 

 

function [dist_origin,L]=calculatedistances(transect,bandros) 

 

  //function to calculate Euclidean distance between 2 points in a 2 dimensional space 

  function distance=mydist2D(a,b) 

  distance = sqrt((a(1,1)-b(1,1))^2 + (a(1,2)-b(1,2))^2); 

  endfunction 

 

  //initialize output 

  dist_origin=zeros(max(size(bandros))); 

 

  //calculate the accumulated length of the transect  

  length_transect = zeros(max(size(transect))); 

  for jj=2:1:max(size(transect)) 

      length_transect(jj) = length_transect(jj-1) + mydist2D(transect(jj,:),transect(jj-1,:)); 

  end 

  L = max(length_transect); 

   

  //for all bandro points find distance to origin of transect 

  [nbandros,nada] = size(bandros);  

  for ii=1:1:nbandros 

   mindist = 10000; 

   for jj=1:1:max(size(transect)) 

      temp1 = mydist2D(bandros(ii,:),transect(jj,:)); 

      if (temp1<mindist)  

        mindist=temp1;     

        closest=jj;     //keep track of closest transect point for this bandro position  

      end; 

   end; 

 

    if closest==1       //find out between which 2 transect points is this bandro position 

     prev=1;  

    elseif closest==max(size(transect))  

     prev=closest-1; 

    else  

     [a,b]=min([mydist2D(bandros(ii,:),transect(closest-1,:)), 

mydist2D(bandros(ii,:),transect(closest+1,:))]); 

     if (b==1) prev=closest-1; else prev=closest;end 

    end 

    next=prev+1; 

 

    l1 = mydist2D(bandros(ii,:),transect(prev,:));  // projected distance from previous point 

    l2 = mydist2D(bandros(ii,:),transect(next,:)); 

    l3 = mydist2D(transect(prev,:),transect(next,:)); 

    distancia_proy = (l1^2 - l2^2 + l3^2)/(2*l3); 

 

   dist_origin(ii) = length_transect(prev) + distancia_proy; //calculate total distance 

   

  end //for bandro 

 

endfunction 

 

 



ANNEXES  70 
 

// this script calculates a detection history based on the distance of bandro positions to the origin  

// of the transect, the number of visit when each of the observation was done and sampling design  

// inputs  

// BANd: array with distance to origin of each bandro position along the transect in meters 

// BANv: array with number of visit of each bandro observation 

// VIS: matrix indicating which transects were visited in which survey  

// L: total length of transect  

// SiteSize: size of sampling site in meters 

// SiteSize: separation between sampling sites in meters 

// offset: meters from origin of transect where sampling starts 

// outputs 

// history: detection history (-1 used to indicate missing observations) 

 

 

function history=calculatehistory(BANd,BANv,VIS,L,SiteSize,SiteSep,offset) 

 

//remove part of the transect if want to introduce offset 

BANd = BANd - offset; 

intransect = find(BANd>=0); 

BANd = BANd(intransect); 

BANv = BANv(intransect); 

L = L - offset; 

 

//calculate history 

numSites = floor((L-SiteSize)/(SiteSize+SiteSep))+1; 

history = zeros(numSites,length(VIS)); 

 

if (numSites>0) 

history(:,find(VIS==0))=-1;   

 

for ii=1:1:length(VIS) 

  if VIS(ii)==1 

      temp = BANd(find(BANv==ii)); 

      a=floor(temp/(SiteSize+SiteSep));   //indices last site before bandro 

      b=temp-(SiteSize+SiteSep)*floor(temp/(SiteSize+SiteSep));   

      temp2=find(b<=SiteSize);          //check if bandro in site or in separation 

      if isempty(temp2) 

      else 

        jj=a(temp2)+1;                  //calculate which sites contain bandro 

        if (jj<=numSites) 

        history(jj,ii)=1; 

        end 

      end 

   else if VIS(ii)==0                 //if transect not surveyed this time 

      history(:,ii)=-1;               //indicate this as missing observations -1 

      end 

  end 

end 

end 

endfunction 
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//single season occupancy model without or with site specific and survey specific covariates 

 

//----------------------- build likelihood function-------------------------------// 

// inputs  

// K: array with logit link parameters (occupancy and detectability) 

// history: detection history (-1 used to indicate missing observations) 

// numsites: number of sites visited 

// numvisits: maximum number of visits 

// mycovar_p: matrix with site-specific detectability covariates 

// numcovars_p: number of site-specific detectability covariates 

// mycovar_p2: matrix with survey-specific detectability covariates 

// numcovars_p2: number of survey -specific detectability covariates 

// mycovar_psi: matrix with site-specific occupancy covariates 

// numcovars_psi: number of site-specific occupancy covariates 

// outputs:  

// mylikelihoodlog: loglikelihood 

 

function mylikelihoodlog = modelcovars(K,history,numsites,numvisits,mycovar_p,numcovars_p, 

mycovar_p2,numcovars_p2,mycovar_psi,numcovars_psi) 

mylikelihoodlog=0; 

temp  = mycovar_p(:,1:numcovars_p+1)*K(1:numcovars_p+1)*ones(1,numvisits); 

temp  = temp + 

ones(numsites,1)*mycovar_p2(1:numcovars_p2,:)*K(numcovars_p+2:numcovars_p2+numcovars_p+1); 

p     = exp(temp)./(1+exp(temp)); 

temp  = 

mycovar_psi(:,1:numcovars_psi+1)*K(numcovars_p2+numcovars_p+2:numcovars_psi+numcovars_p2+numco

vars_p+2); 

psi   = exp(temp)./(1+exp(temp)); 

for ii=1:1:numsites 

  npresent = length(find(history(ii,:)==1)); 

  missing = find(history(ii,:)==-1);  

  if (npresent==0)  

       temp1 = (1-p(ii,:)); temp1(1,missing)=0;temp1 = prod(temp1(find(temp1))); 

       mylikelihoodlog = mylikelihoodlog + log(psi(ii)*temp1+(1-psi(ii)));  

  else  

       present = history(ii,:);  

       present(1,missing)=0; 

       absent = ~present; 

       absent(1,missing)=0; 

       temp1 = present.*p(ii,:); temp1 = prod(temp1(find(temp1))); 

       temp2 = absent.*(1-p(ii,:)); temp2 = prod(temp2(find(temp2))); 

       mylikelihoodlog = mylikelihoodlog + log(psi(ii)*temp1*temp2);  

  end 

end 

mylikelihoodlog=-mylikelihoodlog; 

endfunction 
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//-------------- likelihood maximization (i.e. minimize negative likelihood) --------------// 

// inputs  

// history: detection history (-1 used to indicate missing observations) 

// mycovar_p: matrix with site-specific detectability covariates 

// numcovars_p: number of site-specific detectability covariates 

// mycovar_p2: matrix with survey-specific detectability covariates 

// numcovars_p2: number of survey -specific detectability covariates 

// mycovar_psi: matrix with site-specific occupancy covariates 

// numcovars_psi: number of site-specific occupancy covariates 

// outputs:  

// mylikelihoodopt: maximum loglikelihood 

// AIC: Akaike Information Criterion 

// Kopt: logit link parameters that maximizes the likelihood 

// nparams: number of parameters in the model 

 

function [likelihoodopt,AIC,Kopt,gopt,nparams] = myMLE(history,mycovar_p,numcovars_p, 

mycovar_p2,numcovars_p2,mycovar_psi,numcovars_psi) 

// parameter initialization 

K0   = 0.5*ones(numcovars_p+numcovars_p2+numcovars_psi+2,1); // starting values  

Kmin = -30*ones(numcovars_p+numcovars_p2+numcovars_psi+2,1); // minimum parameter value 

Kmax =  30*ones(numcovars_p+numcovars_p2+numcovars_psi+2,1); // maximum parameter value 

 

[numsites,numvisits]=size(history); 

if (numcovars_p==0) mycovar_p=ones(numsites,1);end; 

if (numcovars_p2==0) mycovar_p2=ones(numsites,1);end;   

if (numcovars_psi==0) mycovar_psi=ones(numsites,1);end; 

 

// likelihood maximization   

[likelihoodopt,Kopt,gopt]=optim(list(NDcost,modelcovars,history,numsites,numvisits,mycovar_p, 

numcovars_p,mycovar_p2,numcovars_p2,mycovar_psi,numcovars_psi),'b',Kmin,Kmax,K0,imp=0); 

nparams = 2+numcovars_psi+numcovars_p+numcovars_p2; 

AIC = 2*likelihoodopt+2*nparams; 

endfunction 


