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Thesis Working Plan: Objective 1 

Asia Murphy 

Title: Assessing population ecology of fossa (Cryptoprocta ferox) and species richness of terrestrial 

vertebrates, as detected by remote camera traps and lemur transects, in Makira Natural Park, northeastern 

Madagascar. 

Goal: My goal is to further the conservation of Madagascar’s apex predator, the fossa, and overall 

rainforest biodiversity by providing the first estimate of fossa density in northeastern Madagascar and 

examining the effects habitat fragmentation, human activity and exotic species have on fossa density and 

overall species richness and composition, as detected by camera traps and lemur transects. 

Objectives: 

1. Compute density estimates for fossa in Makira and determine what factors—habitat 

fragmentation, habitat characteristics, prey (lemur) and interspecific (fanaloka; Fossa fossana) 

densities, human activity, native and exotic carnivore and small mammal occupancy—influence 

fossa density. 

2. Examine relationships between the characteristics of the terrestrial vertebrate community that can 

be detected by camera traps and lemur transects—i.e., species richness and community 

structure—at intact and fragmented sites, to fossa density, habitat fragmentation, human activity 

and exotic species presence.  
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 OBJECTIVE 1: Compute density estimates for fossa in Makira and determine what factors—habitat 

fragmentation, habitat characteristics, prey (lemur) and interspecific (fanaloka) densities, human activity, 

native and exotic carnivore and small mammal occupancy—influence fossa density. 

a) Determine whether fossa can be reliably identified to individual from camera trap data and 

individual marks. 

b) Compare mark resight (MR) and spatial mark resight (SMR) density estimation techniques 

using maximum likelihood estimation and Bayesian inference for fossa for all surveys.  

c) Examine temporal and spatial relationships between fossa density and habitat fragmentation, 

macro- and microhabitat characteristics, lemur and fanaloka density, human activity and 

native and exotic carnivore occupancy.  

d) Estimate fossa population abundance in Makira and the greater Masoala-Makira landscape. 

Justification 

One of the most basic questions ecologists ask is how many animals exist in one area. The 

estimation of abundance is a key first step in many ecological studies; however, calculating the density of 

a species 

D  = N /A  

where N  is estimated population size and A  is estimated survey area, is needed if comparison between 

areas is an objective (Gerber et al. 2012a). Without knowing this basic parameter of density it can be 

difficult to ascertain conservation status, examine temporal trends or determine if protected areas are large 

enough to support viable populations (Wilson and Delahay 2001, Gardner et al. 2010, Pereira et al. 2011, 

Reppucci et al. 2011, Brodie and Giordano 2012, Gerber et al. 2012a, Gray and Prum 2012, Mansur et al. 

2012). Obtaining an unbiased and accurate density estimate is difficult for many species, especially rare, 

elusive or wide-ranging species, which are often the species for which such data are still lacking and thus 
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needed in the first place (Smallwood and Schonewald 1998, Obbard et al. 2010, Chandler and Royle in 

review, Gopalaswamy et al. 2012a).  

Capture-mark-recapture (CMR) models are commonly used to estimate population abundance for 

closed and open populations (demographically and geographically). Demographic closure requires that 

there is no recruitment or mortality during the survey period; geographic closure requires that there is no 

immigration or emigration into the population.  If the assumptions of demographic or geographic closure 

cannot be satisfied, then open population models must be used.  Both open and closed CMR models are 

based on capture histories of individually identifiable animals—i.e. identification based on unique 

marks—that result from repeated samplings of a population (Williams et al. 2002). They also incorporate 

detection probability into their model framework. Detection probability is rarely perfect (i.e., p is rarely 

equal to 1), especially with practical sampling techniques, and it is almost universally affected by 

heterogeneity among animals, responses to traps, and time effects. Ignoring imperfect detection of 

individuals (p < 1) can underestimate abundance (Smallwood and Schonewald 1998, Noyce et al. 2001, 

Boulanger et al. 2004, Mackenzie et al. 2005, Gerber et al. 2012a).  

Karanth (1995) pioneered the use of camera trap data to “capture” and “recapture” naturally, 

uniquely marked animals and estimate abundance in a CMR framework. Camera trap data have been 

successfully used to estimate abundance for elusive carnivores that have unique pelage patterns (tigers: 

Karanth 1995, Karanth and Nichols 1998, Royle et al. 2009a and b; leopards: Harihar et al. 2009; jaguars: 

Silver et al. 2004; ocelots: Trolle and K ry 2003, Dillon and Kelly 2007; Geoffroy’s cats: Cu ller et al. 

2006; snow leopards: Jackson et al. 2006). Balme et al. (2009), using a reference density determined from 

the home ranges of radio-collared leopards, found that camera trapping generally produced more accurate 

estimates of abundance than track counts. Additional benefits of camera trapping include that it is less 

expensive than physically catching and marking animals, it is non-invasive as animals are not marked by 

the investigator, sampling is continuous while cameras are properly functioning, and many sites can be 

simultaneously sampled. 
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One drawback of traditional CMR models is that they provide no direct estimate of density. To 

determine density for a geographically closed population for which the boundaries are known, it is a 

simple matter of division of abundance by area. However, because carnivores typically have large home 

ranges that often cannot be covered by a sampling grid, they are more likely to temporarily emigrate from 

the grid during natural movements and thus violate the geographic closure assumption. This “edge effect” 

can positively bias density (Dice 1938, Boulanger and McLellan 2001, Efford et al. 2004, Royle and 

Young 2008, Obbard et al. 2010, Gerber et al. 2012a). To obtain an unbiased density estimate, one must 

determine the effective trapping area (ETA; Gerber et al. 2012a). Dice (1938) suggested adding a buffer 

strip equal to the width of the species’ home range radius to the trapping grid to estimate ETA. 

Nowadays, the calculation of this buffer strip—while using camera trap data—is commonly based on 

either the mean maximum distance moved by an individual, as recorded by camera trap data, or half of 

that value (MMDM or 1/2MMDM, respectively). Wilson and Anderson (1984) in their simulation studies 

showed that this method reduced bias in small mammal density estimates by 22%. Adding buffers to a 

trapping grid—whether based on home range radius or ½ MMDM—have no formal model-based 

justification and are an ad hoc way of estimating density (Reppucci et al. 2011). Parmenter et al. (2003) 

found that the estimation of MMDM or ½ MMDM required assumptions about animal movement that 

were of uncertain validity. Animals might move further than the maximum distance between traps but 

those movements might be missed if the grid is too small, which would underestimate the ETA and 

overestimate density, and varying estimated buffer sizes lead to varying density estimates (Smallwood 

and Schonewald 1998, Soisalo and Cavalcanti 2006, Foster and Harmsen 2012).  

The fossa, unlike tigers, leopards or even the sympatric fanaloka, does not have pelage patterns 

that lend themselves easily to individual identification. Recently, researchers have attempted to 

individually identify naturally unmarked species, like the fossa, based on distinguishing physical 

characteristics like kinked tails or scars (Noss et al. 2003, Larrucea et al. 2007, Kelly et al. 2008, Trolle et 

al. 2007, Trolle et al. 2008, Harihar et al. 2010). The difficulty in identifying animals from naturally 
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unmarked species can increase with sample size and researchers are cautioned against depending 

exclusively on features like body shape and carriage, tail carriage and other transient markers to identify 

individuals (Harmsen 2006, Larrucea et al. 2007, R os-Uzeda et al. 2007, Trolle et al. 2007, Kelly et al. 

2008, Mazzolli 2010, Oliviera-Santos et al. 2010). In many cases, studies that identify naturally unmarked 

species do not account for errors in identification of individuals, seeming to assume that all individuals 

were correctly identified without fulfilling or testing that assumption (Oliveira-Santos et al. 2010, Pereira 

et al. 2011).  

Oliviera-Santos et al. (2010) experimentally tested the ability of experienced researchers to 

identify naturally unmarked animals (in this case, lowland tapirs Tapirus terrestris). They found that 

researchers were often unable to distinguish unambiguously between individuals despite overwhelmingly 

using sex and scars as unique characteristics to aid in identification. This led to errors ranging from a 75% 

overestimation to a 50% underestimation of the true population of tapirs (Oliveira-Santos et al. 2010). 

Foster and Harmsen (2012) suggest that researchers who attempt to estimate abundance or density of 

naturally unmarked species clearly indicate how they deal with ambiguous photographs, state how many 

captures are unidentifiable, report inter-observer variation in identifications and report level of inter-

observer agreement or disagreement to assess level of confidence in the results (Noss et al. 2003, Kelly et 

al. 2008, Paviolo et al. 2009, Harihar et al. 2010). They must also provide enough information for 

adequate repetition, avoid presenting only exemplary photos, and perhaps include photos or descriptions 

of the unique features of the individuals (Foster and Harmsen 2012). To that end, I will first test the 

ability of observers to identify fossa before I attempt to estimate density (see Objective 1a). 

What follows is a summary of three types of density estimation techniques—mark resight, 

spatially explicit capture-recapture and spatial mark resight—that are innovations on the traditional CMR 

analysis framework, of which I will use two (mark resight and spatial mark resight) in my analyses. I will 

only use mark resight techniques because these techniques include data on unmarked and marked 
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individuals that are unable to be identified, whereas spatially explicit capture-recapture does not. I 

compare each type to traditional CMR, list their assumptions and note their deficiencies.  
 

Mark Resight (MR), Spatially Explicit Capture-Recapture (SCR) and Spatial Mark Resight (SMR) 

One key assumption in CMR is that animals can be individually identified each time they are 

captured. However, there are many times when that is not the case (e.g., poor-quality photographs can 

make identifying a well-known individual difficult). Species that have spotted or striped pelage that can 

make them individually identifiable are rare. When researchers attempt to estimate the density of 

naturally unmarked species, they lose data by only including individually identifiable animals, as in many 

cases they are only a subset of the population. This raises the question of how to estimate density for 

naturally unmarked species. Mark resight (MR) models, which incorporate data from unmarked and 

unidentified-marked animals, as well as individually identifiable ones, addresses this issue (McClintock 

2011).  

 MR is based on the idea that a few field-readable marks are naturally or otherwise introduced into 

the population or are already available. Encounter data are collected on both marked and unmarked 

individuals and then used to estimate abundance. A major benefit of using MR over traditional CMR is 

that MR incorporates additional data by including unmarked individuals into abundance estimation 

(McClintock 2011). MR models were recently developed for Program MARK as more reliable and 

efficient alternatives to those available in NOREMARK, while providing the ability to use information 

theoretic model selection and multimodal inference based on AIC values
 
(White 1996, McClintock 2011). 

Researchers can also include individual and environmental covariates in the estimation of parameters. In 

Program MARK, parameters are estimated through maximum likelihood estimation, although outside of 

Program MARK, Bayesian inference has been used (McClintock and Hoeting 2010). 

MR has a few assumptions, namely: 

1. The sampled population is demographically and geographically closed,  
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2. Individuals possess field readable marks, 

3. Marked and unmarked individuals are identified correctly (no misidentification), 

4. No unknown marks are lost during the sampling period, and, most importantly, 

5. The marked subset of the population is representative of the entire population in terms of capture 

probabilities. 

MR assumes that the marked individuals are representative to of the entire population; however, some 

natural markers might be associated with certain types of individuals that are not representative of the 

entire population (e.g., males or individuals that are more aggressive could be more likely to have scars 

than other individuals; Foster and Harmsen 2012). MR assumes—like all CMR models—that individuals 

are correctly identified. However, misidentifications can occur due to poor-quality photos, changes in 

natural marks or inexperience of researchers (Jordan et al. 2011, Foster and Harmsen 2012). 

Misidentifications can lead to biased estimates of abundance, depending on whether false unique 

individuals are created or two individuals are lumped together (Yoshizaki et al. 2009, Oliveira-Santos et 

al. 2010).  

 MR, like CMR, only estimates abundance, which means that it is still vulnerable to the variance 

and bias of ad hoc density estimation using buffers. Spatially explicit capture-recapture (SCR) models 

attempt to address the issue of animal movement explicitly within the model description, can statistically 

answer the question of ETA size and estimate density directly (Reppucci et al. 2011, Royle and Gardner 

2011). SCR models combine information about the capture locations of individuals with their capture 

probability at point locations to estimate density (Efford 2004, Borchers and Efford 2008, Efford et al. 

2009, Royle et al. 2009a and b). With traditional CMR models, abundance is a parameter with no spatial 

context; with SCR, individuals have a fixed spatial attribute (Royle and Gardner 2011). This need for a 

spatial component arises from the fact that animals located closer to traps are more likely to be caught 

than animals that are further away (Chandler and Royle in review, Borchers 2012). In addition, if an 

animal is caught during the same sampling occasion at two different locations, SCR approaches can use 
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that data due to its additional spatial component, unlike traditional CMR approaches (Royle and Gardner 

2011). SCR approaches have been applied to different taxa: mammals (Efford et al. 2009, Obbard et al. 

2010, Royle et al. 2009a and b), birds (Efford et al. 2004, Dawson and Efford 2009) and reptiles (Royle 

and Young 2008). Density estimated by SCR models can be up lower than density estimated by applying 

buffers (Obbard et al. 2010). SCR models can be applied to sparse data sets, although it is generally 

desirable to obtain at least 20 recaptures per individual to increase precision (Efford et al. 2009). 

SCR approaches have two sub-models that are used to estimate density: the state and observation 

models (Foster and Harmsen 2012). The state model is a distribution of activity centers of individuals; 

activity centers can be thought of as home range centers or points about which animal movements can be 

described probabilistically (Efford 2004, Royle and Young 2008). The observation model is a spatial 

detection function, very similar to the detection functions that are used to estimate abundance in distance 

sampling analyses. Density estimation is equal to estimating the density of the activity centers that can be 

found in the greater trapping area (i.e., state space or S). The capture probability of an individual (i) at 

some trap (j) at some sampling occasion (k) is a function of the distance from the trap to the animal’s 

activity center (yijk; Royle and Gardner 2011). Because the capture probability is dependent on the time 

and the individual, SCR approaches partially incorporate both time and individual heterogeneity effects 

into capture probability. 

SCR approaches also have assumptions: 

1. Population is geographically and demographically closed (although there are geographically open 

SCR models; see Gardner et al. 2010), 

2. Individuals have independent activity centers, 

3. Locations of activity centers are fixed during the survey period,  

4. An individual’s probability of capture at a trap declines with increasing distance between its 

activity center and the trap and 
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5. Each capture is an independent event. 

Again, like the other methods, violation of geographic closure can bias density estimates. The 

assumptions of independent and fixed activity centers might not be realistic, depending on the biology of 

the species
 
(Royle and Gardner 2011). Animals are attracted to mates and avoid competitors, or might 

have many home range centers that they use intensely for a brief amount of time before moving on 

(Foster and Harmsen 2012). Territorial animals that spend the majority of their time patrolling the borders 

of their territory can violate the assumption that trapping probability is negatively correlated to the 

distance between the individual and the trap (Borchers and Efford 2008). SCR models also required that 

all individuals be uniquely identifiable, which is not always possible, e.g. in camera trapping studies 

where resulting photos are not always sufficient for individual identification because of quality or similar 

markings among animals
 
(Chandler and Royle in review). Thus, using SCR models where not all 

individuals are uniquely identifiable can lead to discarding valuable data. 

MR and SCR approaches both improve upon traditional CMR models, although they also have their 

shortcomings. MR, while incorporating data on unmarked and unidentified animals, still suffers from the 

need to estimate density through ad hoc procedures. SCR approaches, while estimating density directly 

and taking into account animal movement, still require that all individuals analyzed be identifiable. Very 

recent innovations have resulted in combining the two approaches in spatial mark resight (SMR) models, 

which allow the application of spatially-explicit approaches to populations of unmarked animals 

(Chandler and Royle in review). To date, no one has compared density estimates from MR and SMR 

analyses. In my study, I hope to provide one of the first comparisons of MR and SMR analyses. 

 It is not only the type of model (CMR, SMR, MR, SCR) that one must think about when 

attempting to estimate abundance/density, but also the method with which one estimates the parameters. 

What follows is a summary of two distinct methods—maximum likelihood estimation and Bayesian 

inference—used to estimate parameters in statistical models such as density and abundance, as well as a 
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brief explanation of data augmentation, which can be used with Bayesian inference (Royle et al. 2007). I 

hope to compare the precision of estimates using maximum likelihood estimation and Bayesian inference 

in my study (see Objective 1b).  

Maximum Likelihood Estimation, Bayesian Inference and Data Augmentation 

Density estimation has seemingly diverged into two distinct approaches: classical inference based 

on likelihood estimation and Bayesian inference (Royle and Gardner 2011, Foster and Harmsen 2012). 

MR continues to be overwhelmingly estimated by maximum likelihood approaches (Program MARK), 

although see McClintock and Hoeting (2010) for a binomial mark resight model with Bayesian inference. 

Royle and Gardner (2011) offer a concise comparison between likelihood and Bayesian inference 

approaches to SCR density estimation. In likelihood-based inference, a Poisson point process that is 

unconditional on N is assumed and inference is “formally based on the likelihood constructed from the 

marginal probability distribution”. In Bayesian-based inference, a binomial point process model that is 

conditional on N is assumed and inference is based on Monte Carlo simulation from the posterior 

distribution.  

Researchers commonly use Programs DENSITY and MARK and R package secr to estimate 

abundance/density within a maximum likelihood framework (Efford et al. 2004, McClintock 2011). 

Researchers can implement Bayesian density estimation through R, WinBUGS or the Program 

SPACECAP (Gopalaswamy et al. 2012b).
 
There are advantages to both approaches. Likelihood-based 

approaches usually have faster computation time and are easy to implement with graphical user interface 

(GUI) programs (e.g., DENSITY). Although the new R package secr allows for more user specifications 

in models, there are still “safety nets”, as in the case where the program will alert you if the buffer size 

does not appear large enough.  Bayesian inferences—although there is the GUI program SPACECAP—

largely rely on user-built models that can be implemented in R or WinBUGS, requiring experience both 

in writing models and an understanding the underlying structure of said models (i.e., understanding the 
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influence of priors and checking to see that posterior distributions are stable). However, with Bayesian 

inference, one can accommodate prior information—such as home range size—into the estimation of 

parameters, which could lead to more accurate estimates
 
(Chandler and Royle in review). There have been 

claims that Bayesian inference is more robust in the face of small sample sizes because they do not rely 

on asymptotic arguments like likelihood-based inferences do (see Royle et al. 2009a, K ry et al.   1  and 

Noss et al. 2012). To date there have only been two studies that have compared maximum-likelihood and 

Bayesian SCR models (Gerber et al. 2012a, Noss et al. 2012). Gerber et al. (2012a) found that 

SPACECAP had lower and more precise estimates than DENSITY, although the 95% CIs overlapped, 

while Noss et al. (2012) found that density estimates were similar. No one to date has done a similar 

comparison for mark resight methods. 

Researchers using Bayesian inference can also use data augmentation in their analysis, which can 

allow for straightforward Bayesian analysis of complex models (Royle et al. 2007). In models where the 

parameter space (i.e., the number of activity centers [N], in the case of SCR models) is unknown, analysis 

can be difficult. There are generally two approaches to analyzing these kinds of models. One is the use of 

conditional likelihood where the likelihood of the capture histories is formulated by conditioning on the 

observed sample size n and N is estimated as a function of the estimated model parameters and the data 

(i.e., what is the abundance of the population given the number of marked individuals captured). The 

second is the complete-data likelihood, where the goal is to estimate the number of individuals one did 

not observe and add them to the animals one did to derive population abundance (Royle et al. 2007). Data 

augmentation is essentially creating a large number of all-zero capture histories, which in effect 

corresponds to hypothetically uncaught individuals (Royle et al. 2007). Data augmentation makes use of 

the complete-data likelihood; a researcher assumes that there is M number of possible individuals that 

could be in the sample space (S), where M is generally larger than N. All zero-capture histories are 

created to augment the dataset of observed capture histories (i.e., complete the dataset), creating a fixed 

pool of potential individuals that could have been captured. Estimation of N essentially becomes a 
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problem of determining the potential of an animal being available for capture (which animals out of M are 

actually within S; Royle et al. 2007, Royle and Gardner 2011).   

Analyses 

Objective 1a: Determine if fossa can be reliably identified using camera trap data and individual marks.  

Density estimates of naturally unmarked populations are sensitive to problems with identification 

of individuals (Oliveira-Santos et al. 2010). To determine the reliability of fossa density estimates from 

camera trap data, I must first determine if fossa can be reliably identified. Gerber et al. (2012b) was able 

to identify fossa—and ultimately estimate fossa density—because his baited camera traps allowed for 

multiple, close-up pictures of each fossa, allowing for easy identification of individuals. However, we 

have never, nor do we intend, to bait camera traps in Makira, which makes fossa identification much more 

difficult. Essentially, I must determine, given multiple fossa events, how different observers will organize 

those events based on what they believe are individual fossa, and will those classifications be congruent 

across observers?  

I will recruit a minimum of two additional observers to help me in identifying fossa from each 

survey. The identification process will be double-blind (i.e., each observer will be unaware of which fossa 

photos are being designated as individuals). Sites will be treated as independent entities, with no 

possibility of capturing one individual at two or more sites. This is reasonable given the large distances 

between the sites. Each observer will learn how to enter data and will be given a document that 

objectively defines what an unusable event is and what defines the three categories of useable events (see 

below). All fossa events will be pulled from the greater camera trap dataset. Events are typically three 

photos taken consecutively at one time. Each observer will determine whether the event is useable or not 

based on quality of the photos and how visible they feel marks, if present, would be. The type of camera 

that took the photos (infrared versus flash) will be recorded to examine the effects of camera type on the 

usability of photos.  
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After unusable events are discarded, events will then be separated into three categories: known 

marked individuals (K), unmarked animals (UM) and marked but unknown individuals (U). K individuals 

are easily identified due to unique markings or characteristics; UM events are events with animals that 

have no easily distinguishable markings. U individuals are individuals that are marked, but whether they 

are K individuals or a new individual is uncertain; in mark resight, captures of U individuals influence 

overall detection probability (McClintock 2011). After fossa events from all surveys have been separated 

into each category by each observer, I will compare the results among observers to ascertain variability in 

how each observer designated each event (K, U, UM or unusable). In the cases where two or more 

observers designated an event as a K or U individual, I will examine whether there is consistent 

agreement among observers as to what event belongs to which K individual.  

For example, Observer A and Observer B designate a fossa event as a K individual. They each 

give the K individual a unique identifier (e.g., CF01). For the initial capture of a K individual, agreement 

between observers is generally assumed, because if both observers agree it is a new individual, then the 

makeup (i.e., the events) of their new individual agree 100%, due to there only being one event for that 

individual. However, if, while examining another event, Observer A designates it, again, as CF01, but 

Observer B designates it as CF02, then they have disagreed about the makeup of the individual CF01. 

Ideally, with naturally marked animals such as tigers and leopards, observers would be able to 

generally agree on the makeup of an individual, due to the uniquely identifying pelage pattern that would 

not change and would perhaps only seem to vary due to photograph quality or how the animal is posed in 

the photo. However, because fossa are naturally unmarked, then identification can be subjective (Oliveira-

Santos et al. 2010). In such cases, disagreements between observers on the makeup of an individual can 

cause differences in the number of events that each individual has (e.g., Observer A has 10 events for 

CF01 while Observer B only has three), which then has the potential to influence the estimated detection 

probability and MMDM or spatial extent of captures of that individual, and ultimately influence estimated 

density. 
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To address this problem, I will not only examine the inter-observer agreement between how 

events are designated (K, U, UM or unusable) but I will also determine the inter-observer agreement on 

the makeup of individuals, which I feel might be more important to the question of whether fossa can be 

reliably identified. To examine the inter-observer agreement between how events are designated, I will 

determine the number of events that all observers agreed were unusable and discard them. Then, I will 

take the total number of times observers agreed on how events were designated divided by the total 

number of events multiplied by 100 to get the percentage of inter-observer agreement on event 

designation. I will do this calculation for each survey and among all the surveys, as well as find the 

average agreement. To examine inter-observer agreement on the makeup of individuals, I will do the 

same calculation (for each survey, among all surveys and the average agreement), but this time taking the 

total number of times observers agreed on which events belonged to the same individuals.  

I will also examine how observers identified K and U individuals by determining what types of 

mark (e.g., scar) are used to identify individuals and the assumed permanence of those marks. For 

example, a scar, although permanent over the course of a two-month camera trap survey, might fade with 

time, potentially inhibiting the ability of an observer to identify an individual over years and making 

survival analyses difficult. A bobbed tail (see Fig. 1), however, is a permanent feature. I will also examine 

the location of used marks on the body to determine if there are any body parts that are useful in fossa 

identification.  

Finally, I will determine if fossa density estimates differ significantly among observers for each 

survey. Ideally, each observer would identify the same fossa events as the same fossa individuals. 

However, even if there were discrepancies among observers, if the results (the density estimates) are not 

significantly different, then it would seem that any differences in the identification process might not 

influence what is important: the density estimate. To estimate the fossa densities for each observer, I will 

follow the protocol in Objective 1b.  
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Expected Results:  

 Fossa events from infrared cameras will be designated as unusable more often than fossa events 

from flash cameras. 

 Marks will be overwhelmingly located on ears or the tails of fossa and most will be temporary in 

nature, although permanent over the course of a camera-trap survey. 

 Average inter-observer agreement on the designation of fossa events (K, U, UM, unusable) will 

be high (>75%). 

 Average inter-observer agreement on the makeup of individuals will be low (<75%). 

 Density estimates for the same survey will be congruent among observers. 

Objective 1b: Compare mark resight (MR) and spatial mark resight (SMR) density estimation techniques 

using maximum likelihood estimation and Bayesian inference for fossa for all surveys.  

As detailed in my justification section, density estimation techniques can be broken into two 

different categories: techniques that estimate density directly and those that require ad hoc estimation of 

density. Density estimation can also be broken down by inference approaches: maximum likelihood 

estimation or Bayesian. However, there have been few studies to compare these two different techniques 

and two different approaches for density estimation, and none to date that compare these techniques and 

approaches for estimating the density of naturally unmarked populations.  

I will use three different approaches to estimate fossa density: 1) a zero-truncated Poisson log-

normal MR model using maximum likelihood estimation (Program MARK), 2) a zero-truncated Poisson 

encounter MR model using Bayesian inference and 3) a zero-truncated Poisson encounter SMR model 

using Bayesian inference. The models using Bayesian inference will be run in R and WinBUGS. It is 

possible that in the near future there will be a SMR model available in the R package secr (maximum 

likelihood estimation). If that is the case, I will include that approach as well into my density estimate 

comparison. Very briefly, the zero-truncated Poisson log-normal MR models will be able to incorporate 
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capture data for unmarked and unidentified animals but will require the use of MMDM to estimate ETA 

and thus estimating density. The zero-truncated Poisson encounter SMR models will incorporate data for 

unmarked and unidentified animals in addition to incorporating the spatial component of capture.  

As all models assume closure (demographic and geographic), I will determine closure using the 

robust design version of the zero-truncated Poisson log-normal MR model in Program MARK. Models 

that estimate immigration and emigration parameters have been used to determine closure, such as the 

Pradel model in Program MARK by Boulanger and McLellan (2001) and Gerber et al. (2012a; Pradel 

1996). I will use the robust design version of the zero-truncated Poisson log-normal MR model in 

Program MARK to examine within-survey closure instead of the Pradel model because the MR model 

incorporates data on unmarked animals. Essentially, if the immigration and emigration parameters as 

estimated by the robust design version of the zero-truncated Poisson log-normal MR model do not equal 

1, then the survey is not closed. Whether the violation of closure is geographic or demographic will not be 

determined. Both violations are possible. Geographic closure violation is likely as our survey area (~10 

km
2
) is small relative to fossa potential home range size. In addition, the fossa’s unique mating system 

might cause temporary movement into and out of the study area, as females climb into “mating” trees and 

attract males from unknown distances (Hawkins and Racey 2008). Because Hawkins and Racey’s (   8) 

study was conducted in the western deciduous forests, where water availability is seasonal, their observed 

mating season (September-November) might not be the mating season of fossa in the eastern rainforests, 

where water is more often available. Due to our lack of knowledge about mating in the eastern rainforests, 

we also will not be able to determine when fossa will give birth, which occurs in western deciduous 

forests during January and February. While we attempt to lessen the possibility of demographic closure 

violation by keeping our camera trap surveys at no more than two months in duration, if births occur 

during our surveys, this would be a violation (Hawkins 1998).  If a survey is not found to be closed, I will 

still estimate density, but include a caveat that the survey might not have been closed. 
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I will use the identifications and subsequent capture histories created by all observers as 

explained in Objective 1a to estimate fossa density using each technique. For the MR techniques, which 

will estimate abundance, I will determine the MMDM for each observer for each survey. I will estimate 

three types of MMDM for each observer for each survey: camera-based MMDM, an average of the 

camera-based MMDMs with the satellite-measured daily movements of the nine male fossa in Kirindy 

Forest (western Madagascar) as documented in Luhrs et al. (2012) and the average of the satellite-

measured daily movements from Luhrs et al. (2012). I will buffer camera station locations for each 

observer for each survey with these three MMDMs (unaltered camera-based, average camera-and-

satellite-based, and unaltered satellite-based) in ArcGIS to calculate ETA. I will then calculate density 

(N /ETA) and standard errors for each observer for each survey using the delta method, providing a 

density range for each survey (Williams et al. 2002).   

I will average these density estimates from each observer to come up with a mean density 

estimate as estimated by each technique for each survey. This means that for each survey there will be 

three (potentially four) mean density estimates, differing in how they were estimated (e.g., MR with 

Bayesian inference). I will examine differences in the three (potentially four) density estimation 

techniques by determining if their 95% CIs overlap. I will determine the “best” density estimate by 

comparing potential assumption violations for each model; the model for which the fewest assumptions 

have been violated will estimate the “best” density estimate. 

Expected Results:  

 Due to a small number of K individuals and a lack of recaptures, I will be unable to use SMR 

techniques for most (if not all) the surveys. 

 Density estimates from SMR methods will be lower than density estimates from MR methods. 

 Density estimates from SMR methods will be less precise than density estimates from MR 

methods. 
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 Density estimates between SMR and MR methods will not significantly differ. 

 Density estimates from Bayesian inference will not significantly differ from likelihood-based 

inference. 

Objective 1c: Examine temporal and spatial relationships between fossa density and habitat 

fragmentation, macro- and microhabitat characteristics, human activity, lemur and fanaloka density, and 

native and exotic carnivore occupancy.  

Completion of Objective 1c and 1d assumes that I can complete Objective 1a with confidence 

(i.e., that fossa can be reliably identified from camera trap photos). My preliminary analyses indicate that 

I will be successful in Objective 1a, but I do want to add a note of caution in case full analyses differ from 

my preliminary work.   

Factors that affect species abundance and density are important, especially for rare or threatened 

species. To characterize potential habitat and interspecific site characteristics that influence fossa density, 

I will examine the relationship between fossa density and site characteristics such as tree density and 

understory heterogeneity, human activity, estimated lemur and fanaloka density (as estimated by Zach 

Farris for completed surveys and by me for any new surveys), occupancy of other native and exotic 

carnivores and small mammal occupancy using linear regression.  

Lemur density will be estimated using Program DISTANCE; if I am unable to estimate species-

specific density, then I will aggregate the lemurs into groups based on factors that I believe will influence 

their predation by fossa, such as activity pattern (diurnal versus nocturnal) or body size (small versus 

large). If I am unable to estimate lemur density based on those factors due to a lack of data, I will estimate 

total lemur density for each survey. To estimate the density of fanaloka, I and two to three other observers 

will identify individual fanaloka and create capture histories for each new survey. I will then determine 

whether the surveys are closed following Gerber et al.’s (2012a) protocol. Because all fanaloka have 

uniquely identifying spot patterns, I will use SPACECAP (SCR model with Bayesian inference) to 
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estimate fanaloka density (Gerber et al. 2012a). Occupancy of other native and exotic carnivores (e.g., the 

vontsiras and the domestic dog) and of ground-dwelling birds and small mammals will be estimated using 

single-season analysis in Program PRESENCE (Mackenzie et al. 2006). Although the camera traps were 

set for carnivores, we have captured plenty of ground-dwelling birds and small mammals to make it 

feasible to estimate their occupancy. 

I will use the best mean fossa density as determined by Objective 1b (i.e., if Bayesian SMR is the 

model with the fewest assumptions violated, I will use density estimates from that technique in this 

analysis). To examine whether fossa can be useful sentinels for other conservation activities, I will 

examine the relationships between fossa density and a) habitat fragmentation (e.g., patch area, distance 

from nearest patch and % edge), b) human activity (e.g., trapping success or the number of human trap 

events divided by the total number of trap nights) and c) exotic species (domestic dog, feral cat, small 

Indian civet and black rat) occupancy using linear regression. I will do this for all potential 14 surveys (n 

= 14). I will use appropriate statistics to determine if there are significant differences between fossa 

density at intact sites and fragmented sites. Finally, to examine temporal trends in fossa density, I will 

determine if there are significant differences in past and present density estimates for sites that have been 

resurveyed (AJB, MGB and FRK). As MGB and FRK will have been surveyed two times, sample sizes 

will be n = 2. For AJB, n = 5.  Significant differences will be determined by comparing 95% CIs.   

Expected Results:  

 Fossa density will be positively related to lemur density, fanaloka density, tree density, average 

basal area, understory heterogeneity, native carnivore (broad-striped, brown-tailed and ring-tailed 

vontsiras and falanouc) and ground-dwelling bird and small mammal occupancy (exotic and 

native). 
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 Fossa density will be negatively related to measures of habitat fragmentation (e.g. isolation of 

habitat patch), human trapping success, and exotic carnivore (domestic dog, feral cat and small 

Indian civet) trap success and occupancy. 

 Fossa will not be useful sentinels, despite being negatively related to measures of habitat 

disturbance, because many of the relationships will be weak. 

 Fossa density in intact sites will not be significantly higher than in fragmented sites (mainly due 

to imprecise density estimates). 

 Fossa density will decline over the years, but not significantly (again, due to imprecise density 

estimates).  

Objective 1d: Estimate fossa abundance in Makira Protected Area and Masoala National Park. 

According to Gerber et al. (2012b), 95% of the rainforest fossa population exists in the Masoala-

Makira and Zahamena-Mantadia-Vohidrazana complexes. However, this estimate is based on a density 

estimate from Ranomafana National Park, in southeastern Madagascar. Environmental conditions and 

human pressures are almost certainly different between northeastern and southeastern rainforests. Thus, I 

will attempt to confirm that the fossa population in the Masoala-Makira complex has the potential to be 

viable, e.g. greater than 500 individuals. The number of individuals needed for a population to be viable is 

debated, depending often on what researchers mean by population viability and whether they are thinking 

short-term or long-term viability. Recent work has suggested that for a population to be viable, the 

effective population must be greater than 500, and preferably in the thousands (Jamieson and Allendorf 

2012). To determine whether the fossa population in Makira and the Masoala-Makira complex, I will take 

the lowest, median, and highest mean fossa density estimate—as estimated by the best density estimation 

technique (see definition of “best” on pp. 39 and 41)—from the most current camera trap survey and 

apply it to the respective areas of Makira Natural Park and the Masoala-Makira landscape. I will take 

these three estimates to provide a range of potential fossa abundance for WCS. If the fossa population is 
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500 or above, I will suggest that the fossa population does have a potential to be viable, although this 

estimate will not be the estimate of the effective population (Jamieson and Allendorf 2012). 

Expected Results:  

 The fossa population in Makira will be less than 500 adult individuals.  

 The fossa population in the Masoala-Makira complex will be less than 2000 adult individuals. 

 The Makira population will not be considered viable according to published recommendations on 

needed population size, but the Masoala-Makira population will have the potential to be viable.  
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FIGURES AND TABLES 

 

Figure 1. (Top) Fossa captured on camera during 2012 survey of Anjanaharibe (AJB) with a vine tied 

around its neck and a fossa with a bobbed tail (Sahavary, bottom). Fossa with bobbed tails have been seen 

at four of the seven surveyed sites. 


