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Introduction 

The elusive behaviour of rainforest large vertebrates combined with the inaccessibility of 

their habitat makes their study challenging (Sollman et al., 2011). Estimations of population 

size only based on direct observations are therefore infeasible and alternative methods must 

be used. Since the 1990’s, the use of camera-traps as observer substitute has greatly increased 

and concerns studies on a wide range of rainforest species or communities (Trolliet et al., 

2014) such as the tiger (Karanth, 1995), the puma (Bauer et al., 2005), the ocelot (Trolle and 

Kéry, 2013), the tapir (Tobler et al., 2013), mammals, (Griffiths and van Schaik, 1993), birds 

and mammals (Campo et al., 2012), rodents (Nyiramana, 2011). The space which these animals 

use is also difficult to evaluate as they generally range widely. Consequently, it is hard to 

estimate population density. Accurate and precise estimates of density are of paramount im-

portance for the identification of wildlife reservoirs on which conservation efforts must fo-

cus, as well as the long-term monitoring of these populations to assess conservation action 

efficiency. This study assesses the current camera-trapping methodology employed by con-

servationists to estimate density of these populations by studying the impact of study period 

and choice of statistical method. 

The largest mammal predator of the Americas, the jaguar (Panthera onca, Linnaeus, 1758), is 

an excellent case study to illustrate this issue. Typically, this predator inhabits dense second-

ary rainforest (Caso et al., 2008). In addition to being elusive, the jaguar is solitary and mostly 

nocturnal (Harmsen et al., 2010b). Because direct observations in rainforest are scarce, cur-

rent knowledge on jaguar ecology and ranging behaviour is very limited. Conservation efforts 

on jaguar which are necessary. Due to generalized deforestation and prey depletion across 

the continent, conflicts with human populations deepen as jaguars are more easily found in 

farmlands where they target cattle as prey substitute. Forest populations are threatened by 

genetic isolation as the forest patches shrink, with reduced connectivity and depleted prey 

base (Caso et al., 2008). This situation is causing jaguar decline across Latin America (Macdon-

ald et al., 2010). Although jaguar conservation status improved from “Vulnerable” to “Near 

Threatened” in 1996 thanks to the decrease of trade in jaguar’s body parts, the population 

trend decreasing and at the current rate, the status could return to “Vulnerable” in the near 

future (Caso et al., 2008). Moreover, conservation efforts focused on the jaguar species have a 

double interest. First, the jaguar is a charismatic species and its conservation easily raises 
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funds from public. Because jaguars involve wide-ranging movements, their conservation ne-

cessitates the protection of large areas and this certainly benefits to the whole rainforest 

ecosystem (Thornton et al., 2016). 

 To estimate density, the population is generally sampled with the aim of using the indi-

vidual rate of captures (i.e. the number of times an individual has been captured). This ne-

cessitates recognition at the individual level. Animals are physically captured in traps where 

they can be marked, or they are only detected by “proximity detectors”, such as their biolog-

ical material (fur or faeces) or camera-traps (Royle et al., 2014). The first proximity detector 

uses genetic material as individual signature, when the second uses the individually unique 

physical marks, for example the unique rosette pattern on jaguar’s fur (Silver et al., 2004). 

Camera traps consist of a waterproof box containing an automated camera which is triggered 

by a heat and motion sensor. The advantages of this tool are numerous (O’Connell et al., 2011). 

One trap can take a large amount of pictures of any wildlife, and can consequently give a lot 

of information on multiple species. This is a cheap tool compared to radio collars and a large 

amount of traps can be disposed as an array on the study site to compensate the limited spa-

tial information that a single trap can collect. Karanth (1995) was the first to ingeniously use 

camera-traps and the unique fur pattern of Indian tigers to estimate the population density. 

Since then, a large diversity of elusive species have been studied through camera-trapping 

(Trolliet et al., 2014). This technique has become very popular to estimate jaguar density (e.g. 

Kelly, 2003; Silver et al., 2004; Soisalo and Cavalcanti, 2006; Harmsen, 2006; Foster, 2008; 

Negrões et al., 2012; Boron et al., 2016). Jaguar camera-trapping studies generally rely on short-

term sampling (c. < 90 days) without repetition over the years. Because it is known that pop-

ulation density can greatly fluctuates for several reasons (e.g. transient individuals inflate 

local populations), density estimates derived from these short survey periods might be inac-

curate. For example, Harmsen et al. (in press.) showed that abundance estimates for one jaguar 

population greatly vary across years. 

From these samples, the capture-recapture (CR) models are commonly used to estimate 

population abundance. Density is then estimated by evaluating the size of the survey area 

(Royle et al., 2014). Developed for more than a century, CR models have been primarily applied 

to assess fish stocks (Pollock, 1991). However, the use of CR models to estimate the abundance 

of elusive terrestrial animals is problematic. Contrary to a shoal of fishes easy to target which 

mainly moves as one individual and facilitates the sampling to two general captures, elusive 

animals live in small groups if not alone, and so the sampling needs to be continuous and 
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camera-traps numerous and spatially dispersed to ensure sufficient detections. However, nei-

ther the spatial distribution of individuals nor of camera-traps are taken into account within 

CR models. This leads to biased estimations for two reasons. Firstly, a specific trap will not 

capture (i.e. detect) with the same probability all individuals of the sampled population: it will 

depend on the location of the individual HR relative to the trap location. Scientists preferably 

use the specific class of CR models, the Mh, which assumes that the detection probability is 

heterogeneous across individuals. Despite this, the Mh still does not fully recognize the spatial 

attribution of the camera-traps. The second problem is in the estimation of the total area 

sampled by the trap array, called “Effective Trapping Area” (ETA), which is required to esti-

mate density as abundance / ETA. This area is equal to the trap array area to which is added 

a buffer zone. The latter covers the area which takes into account all the individuals of which 

the HR are mostly outside the trap array, but are still in contact with the trap array. However, 

CR models do not involve any estimation of ETA, so scientists rely on ad hoc methods to esti-

mate ETA. Because telemetry data are not always available or sufficiently reliable to estimate 

HR size, the (½) Mean Maximum Distance Moved or (½) MMDM method is commonly em-

ployed to define the radius of the buffer zone as half of the mean of the largest distances 

travelled by the recaptured individuals between traps. However, this method is clearly de-

pendant on the trap array because the MMDM cannot be higher than the distance between 

the most distant traps. This distance can be smaller than the true HR diameter due to logistic 

constraints. Moreover, the individuals living near the edges of the trap array provide smaller 

measures of maximum moved distances than their HR diameters and this will reduce the 

MDMM estimate. As a result, the density estimation will be biased bigger as the ETA is biased 

smaller by these methods.  

Developed from CR models in 2004 (Efford, 2004), the Spatially Explicit Capture Recapture 

(SECR) models are more appropriate to analyse samples from camera-traps of elusive popu-

lations. They reformulate the capture probability as a decreasing function of distance be-

tween individual HR centre and the exact trap location (‘detection function’). The farther the 

trap from the individual HR centre, lower the capture probability for this specific trap and 

individual. Several detection functions have been developed. They all involve different ex-

pressions of the spatial scale parameter σ and so different forms and intensity with which 

the capture probability decreases. The spatial dimension of traps is consequently fully taken 

into account in SECR models. As a result, estimations of ETA and density are directly provided 

by the SECR model instead of being ad hoc results independent from the statistical analysis. 
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Tobler and Powell (2013) demonstrated through data simulations that the SECR model pro-

duces, with adequate study design, the most accurate results in comparison to CR models. 

The SECR models have first been used with the Maximum Likelihood (ML) type of inference 

(i.e. the statistical process to trace back from the sample to the total population). Ecologists 

still tend to favour the ML inference because of its easy formulations and short computations, 

which is not the case for the Bayesian inference. However, the latter is theoretically more 

adapted to small samples like most samples of elusive macrofauna (Royle et al., 2009). The 

SECR models also have the great advantage of considering many ecological aspects, such as 

the spatial variation. On a 3D plan, the capture probability can be indeed interpreted as the 

average HR. Efford et al. (2016) recently developed a specific parameter ‘k’ in the SECR model; 

when chosen constant for all the annual density estimations, k makes σ density-dependent. 

The k parameter enables ecologists to investigate the common observation that animals 

adapt their HR according to the density of the population for resource share reasons, making 

it larger when density is low and vice-versa (Sanderson 1966, Wilson 1975).  

The use of density estimates biased because of inappropriate models or due to short study 

periods can have major consequences for defining priority areas status for conservation. The 

aim of this study is to compare the density estimations of a real elusive animal population 

derived from one-survey or from multiple-survey, and from traditional CR model or from 

SECR models. We use camera-trap detections of jaguars from the Cockscomb Basin Wildlife 

Sanctuary (CBWS) in Belize, Central America. With a method using short period study and CR 

model, the density of its jaguar population was estimated at 8.8 adults/100 km², one of the 

highest recorded to date across jaguar range (Silver et al., 2004). The sanctuary also welcomes 

the longest camera-trap array ever deployed which is of 13 annual surveys. The jaguar pop-

ulation from the CBWS is one of the most well-known jaguar populations and the CBWS ap-

pears as a source population, especially when Belize’s neighbours, Guatemala and Honduras, 

have been gripped by deforestation for timber production and oil palm plantations (Portillo 

et al., 2015). It is therefore important to have the most accurate density estimates possible for 

the population of this strategic area.  

Because research on SECR models is burgeoning, we investigate more about the density 

estimates they can provide through two auxiliary questions. Firstly, we study the impact of 3 

choices concerning the SECR modelisation on precision and accuracy of density estimates: 

the ML or Bayesian inference, the type of detection function and the consideration of behav-

ioural differences between males and females as sexual covariates. Indeed, jaguar males are 
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known to have larger HRs than jaguar females as most felids. Male capture probability is also 

higher than females due to their greater use of trails where camera-traps are located (Harm-

sen and Foster, 2012). Secondly, we consider models including the SECR parameter k in order 

to explore the relation between HR size, overlap between HRs and density in jaguar popula-

tions. As suggested by Efford et al. (2016), we also compare our overlap results provided by 

this k-model with the classic indices of overlap using utilisation distributions (UD). Generally, 

UDs are generated by telemetry data and Kernel methods to define the probability distribu-

tion mapping the animal’s use of space. We test, for the first time in ecology, the use of data 

from camera-traps to generate UDs. This type of data limits the spatial information due to 

the fixed trap locations, but it has the advantage to provide information for many more indi-

viduals at the same time, and over significantly longer period than data obtain through te-

lemetry. 

In summary, we focus our study on density estimations for elusive populations through a 

jaguar camera-trapping dataset, and the possible influence of time and SECR model parame-

terisation on these estimations. It completes the study of Harmsen et al. (in press.) on temporal 

variations in abundance estimates, which used the same dataset on the CBWS jaguar popula-

tion. We finally explore the relation between the size and overlap of jaguar HRs with the 

population density, which is of paramount importance to understand temporal variations in 

density. 
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2 Material and Methods 

2.1  Study area 

The study was conducted in the Cockscomb Basin Wildlife Sanctuary or CBWS (16°76’N, 

88°63’W). This protected tropical forest area is located on the eastern side of the 5000 km² 

Maya mountain forest block, in south-central Belize (Appendix 2.1). The northern part of 

the CBWS forms a valley of 350 km², almost entirely surrounded by high ridges or low moun-

tain ranges of the Maya massif (Kamstra, 1987). Low hills (< 200 m) stretching along the North-

South axis equally separate it into the East and West Basins. The central areas of the basins 

are notably different: if this is relatively flat in the East Basin, this is much more rugged and 

sloping in the West (Appendix 2.2). This particular topography gives rise to numerous 

streams. The Maya Mountain extension of 150 km² in the South of the CBWS connects the 

sanctuary to the biggest nature reserve of Belize called “Bladen”. The CBWS is buffered on its 

west side by a mixt landscape of narrow and unprotected forest, shrublands and pine savan-

nahs interspersed by crop fields, livestock pastures, and small villages (Foster et al., 2009).  

The CBWS is characterized, like the rest of Belize, by a tropical climate involving a dry 

season from January to May, and a wet season from June to December. The CBWS receives an 

average precipitation of 2700 mm/year (Harmsen et al., 2014) which makes it one of the wet-

test area in Belize (Belize Audubon Society, 2017). Temperature in the sanctuary is 25°C ± 5°C 

(Weckel et al., 2006). There is an arrangement of lowland evergreen broadleaf tropical forests 

in the valley floor, and submontane broadleaf forests where the valley side rises steeply (Sil-

ver et al, 2004) (Appendix 2.3). Concerning fauna, the list of their potential jaguar prey spe-

cies is large and diverse (Weckel et al., 2006) with small mammal prey species as nine-banded 

armadillo (Dasypus novemcinctus), and larger mammal species as the white-lipped peccary 

(Tayassu pecari). Pumas (Puma concolor) is the only jaguar’s competitor in the area (Harmsen, 

2006). 

However, because of its recent history, this ecosystem consists essentially of secondary 

forest, with patches at various stages of vegetal succession (Harmsen et al., 2010a). Indeed, 

heavy and selective logging and hunting occurred in this place for approximately 100 years 

(Foster et al, 2009). From 1984, the Cockscomb Basin is protected from hunting, and from 1986 

from logging. Logging roads in the North-East are maintained as trails for ecotourism but 

motored vehicles are not allowed on the trails apart those from the CBWS work team (Belize 

Audubon Society, 2017). The trails are mostly located in the East Basin. 
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2.2  Camera-trap array 

2.2.1 Camera-trap models and functioning 

Two principal models of camera-traps have been used since 2002. Both models have an 

infrared motion sensor, able to work by day or night. However, their camera is not infrared, 

making compulsory the use of the flash for nocturne photographs. The first type corresponds 

to the brands CamTrakker® and DeerCam® which were used for the periods 2002 to 2006 and 

2007 to 2008, respectively. Their cameras operate with films. In 2011, we have started to de-

ploy digital camera-traps, which represent a noteworthy cost reduction in photograph pro-

cessing thanks to the use of micro SD card to store pictures instead of films. Our mainly de-

ployed digital model is Pantheracam version 4 ‘V4’ (Appendix 2.4) but the versions 3 and 6 are 

also used. This model was specifically designed by the Panthera organisation in order to meet 

the biologists’ expectations for wild felid population monitoring. Hence, the cost of one cam-

era-trap is minimized to $126 for V4 (against $650 for Reconyx PC850®, another professional 

model) which allows us to optimally increase the number of deployed camera-traps. Because 

the camera weight is reduced to 500 g when fully loaded with its batteries, this facilitates its 

transportation into remote locations. Moreover, this model is very resistant to the tropical 

rain because the compartments are sealed by two toric joints. The battery life allows Pan-

theracam V4 to take up to 16 500 photographs, or to last 48 days in warm weather against 30 

days for film-based cameras. Finally, the camera is designed to trigger only when the animal 

reaches the centre of the field of view of the motion sensor, disregarding the jaguar speed. 

However, if the animal is fast, the minimum trigger speed delay between the sensor activa-

tion and the photograph capture is of only 180 ms (Ollif et al., 2014).  

2.2.2 Camera-stations set up 

Camera-traps are deployed within the study area in several considered locations. How-

ever, the deployment is done in terms of camera-stations rather than camera-traps. Each 

camera-station is composed of two camera-traps, displayed to face each other, in order to 

take photographs of both jaguar’s flanks at the same time and therefore to have a complete 

knowledge of its unique rosette pattern. This way, if we dispose of only one photographed 

flank because one camera-trap at the station temporally failed, it allows recognition of the 

individual previously fully photographed. Hence, double-camera station decreases the risk of 

trap failure and variable trap effort among camera-stations (Foster and Harmsen, 2012).  

We generally use tree trunks to attach camera-traps with wire. In some occasions, a small 

trunk can be cut and placed at strategic places to be used as camera-trap support. Indeed, 
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natural trunks are not always at the right distance from the probable jaguar passage: camera-

traps must be placed at least two meters from the passage, to ensure that the full-body is 

photographed. With the aim of avoiding that one camera-trap blinds the opposite with its 

flash, the supports must be shifted by two meters from each other along the probable passage 

or the camera-traps orientations have to be slightly different from one another. The camera-

trap is roughly set up 60 cm from the ground. If the passage is in a dish shape, the camera-

traps can be inclined toward the trail with a twig instead of being totally straight along the 

trunk. The angle is adjusted in a way that the trap points perpendicularly to the trail instead 

of pointing in the trail direction. In such manner, we avoid head, bottom or oblique flank 

photographs that make identification difficult or impossible. To confirm that the settled cam-

era-trap is operational, we mime a jaguar on all fours passing in front of the trap to check 

with that the LED lights of the trap blink, meaning that the camera triggered. GPS coordinates 

of the station are recorded. 

2.2.3 Camera-station grid 

The camera-station grid corresponds to the deployment map of the camera-stations. This 

must be realistic in terms of logistics, especially the access to the forest which must be facil-

itated because camera checking is frequent. Remote locations, deep inside the forest, are not 

realistic due to the great amount of time allocated to reach them, forcing the team to camp 

inside the forest. This is why our camera-stations have been deployed along the existing trails 

of the East Basin of the CBWS. This constraint is also consistent with the statistical require-

ment that the settlement of camera-station optimizes the capture probability (i.e., chances to 

take photographs of jaguars) in order to increase the number of photographs (Foster and 

Harmsen, 2012). Indeed, jaguars frequently use human-made trails in the CBWS because they 

facilitate their movements through the dense forest (Harmsen et al., 2010a).  

For the entire study, 23 different locations in the CBWS have been used to deploy 22 cam-

era-stations in total (Fig. 2.1). Thus, except for one station which has been relocated in 2004 

to a second close-by location, each camera-station has conserved its location during the 

whole study. This facilitates the data comparison between years. Per year, we have deployed 

(mean ± SD, N=13) 19 ± 0.88 camera-stations with a minimum of 18 and a maximum of 21 (Ap-

pendix 2.5). The 22 stations have never all been deployed during the same year because of 

annual removal or failure, and because two stations were added later in the study. The size 

of the trapping area should be ideally as big as the whole CBWS area, in order to cover as 

many jaguar home ranges as possible and to increase the sample size. The area covered by 



Material and Methods 

9 
 

our camera-station grid, calculated as the minimum convex hull is 117 km² (115 km² the last 

year).  

The camera-station spacing needs to respect two statistical assumptions. Firstly, the cam-

era-stations have to be spaced enough to assume the independence between photographic 

captures, in other words that the recaptures of one individual at two different stations are 

seldom independent within short sampling periods. Secondly, camera-stations must not be 

too spaced so that every potential home range within the trapping area has at least one cam-

era-station within, making impossible a zero capture probability for the jaguars living within 

the trap array (Foster and Harmsen, 2012). Our camera-stations have been spaced in average 

of 4.0 km ± 2.3 km, when female and male HR diameter is 3.6 and 6.5 km (Rabinowitz and 

Nottingham, 1986). 

2.3 Survey period 

This study is composed of 13 annual surveys, from 2002 to 2008 and from 2011 to 2016. 

For every annual survey, the camera-stations have been deployed at their locations in the 

space of a few weeks for logistic reasons. The date of start of the survey period taken into 

account for statistical analysis corresponds to the moment when all or almost all the camera-

stations have been set up (> 80 %) with a delay of only a few days before they are all set-up. 

All the photographs taken before this selected start date are not taking into account for the 

analysis to avoid bias. Similarly, the camera-stations have been removed from the field in the 

space of a few weeks, and the same methods is applied to choose the end date. 

Figure 2.1. Camera-station deployment along the trails or rivers of the East Ba-
sin of the Cockscomb Basin Wildlife Sanctuary (CBWS).  All the possible trap lo-
cations used from 2002 to 2016 are displayed. NB: some stations can overlap and 
cannot be distinguished. 
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The duration of the survey periods has varied from 59 to 94 consecutive days: (mean ± SD, 

N=13) 84 days ± 11 (Appendix 2.5). The annual surveys have taken place in the first half of the 

years, the earliest start date being the 1st of January in 2014 and the latest end date being the 

18th of July in 2007. As a result, the jaguar population has been mostly sampled during dry 

season. This considerably simplifies the movements on the field because a lot of streams have 

to be crossed. Dry season also decreases the risks of camera-trap damages due to water infil-

tration. The choice of the duration of our survey periods is the result of the following com-

promise: collecting enough data and respecting the demographic closure assumption (Foster 

and Harmsen, 2012). The latter relates to “closed” CR and SECR models that assume no birth, 

death or migration during the annual survey. Violating this assumption compromises the 

reliability of the estimates. This is why the survey period must be limited to 3 months for big 

cat species, considering its biological cycle and behaviour (Karanth and Nichols, 1998).   

2.4  Data collection and trap maintenance 

2.4.1 In the field 

Every station has been visited approximately every 20-30 days to check the good func-

tioning of the traps by trying to trigger the camera. Films from the film-based cameras have 

been collected and replaced by new ones. For digital traps, we could connect a USB key via 

an external port on the trap to collect the photographs. Depending on the amount of photo-

graphs, it could takes several minutes. Once data collection has been done, battery life is 

checked with the LED lights. Under 60-80%, the batteries of the digital cameras are replaced.  

In cases when the trap has not been responding at all when arriving, the batteries were 

changed before data collection. If the trap was still not responding, it meant that the trap was 

damaged. It was replaced by a spare trap with full batteries. If no spare trap was left, the trap 

was removed from the field anyway and a new trap was placed as soon as possible.  

The maintenance has mostly been done on foot. The time allocated to the walking were 

the reasons why maintenance by foot needed several trip to check the stations, and also lim-

ited station deployment. The All-Terrain Vehicles belonging to the CBWS work team, the only 

vehicles authorized on the trails, were a good substitute and even recommended for the far-

thest stations, but their limited availabilities restrained possibilities for maintenance. 

2.4.2. In the office 

The effort file of each annual survey summarises the operational status of each station 

for the survey period according to ‘occasions’: one occasion corresponds to one day of the 

survey period. The first occasion corresponding to the first day of the survey period. For a 
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specific occasion and station, the value 1 has been attributed when at least one of the two 

traps of the station is working, and the value 0 if not (e.g. Appendix 2.6). For the annual sur-

vey, the sum of the values 1 of all the stations gives a good insight of the trap effort (Appendix 

2.5).      

After every data collection, films has been developed with date and time printed on every 

photograph. The photographs taken by digital trap are uploaded from the USB key; the soft-

ware ‘Camera Trap File Manager’ automatically adds to each photograph, the date and time of 

capture saved by the intern trap clock. For each trap, control of the clock has been done by 

comparing the date and time from the field notes to the one of the last photograph during 

data collection. If a difference is observed, then date and/or time are corrected to all the 

photographs of this trap. If the trap did not trigger during maintenance because of flat bat-

teries, the control of its clock cannot be done. This is why it is preferable to visit frequently 

the trap to change batteries before they become flat. 

The next step consists in the identification of jaguars thanks to their unique pelt pattern 

(Fig 2.2). For each data collection, it has been done by the same observer who has assigned 

individual identities by observing the fur spots. Throughout the entire study, a unique name 

has been given per individual, and has comprised 

the year the jaguar has first been captured and a 

mention for its sex. A unique database has been 

progressively created with the two photographs 

of both flanks for all identified individuals since 

2002, including also jaguars from the other cam-

era-trap studies in Belize. If an individual was not 

recognized, the software Hotspotter has been uti-

lised to compare its pattern to the ones from the 

database. When one or several matches has been 

found, the observer has approved or not the soft-

ware identification. If not, a new name has been 

attributed to the individual.  

The photographs of one individual at the same station during the same occasion (i.e. day) 

are considered as one ‘capture’ (detection). Consequently, for one individual and one occa-

Fig. 2.2 Photographs of two detected males in the CBWS. 
The red circles show easily identifiable rosettes that are not 
present on the fur of the other male. 
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sion can correspond multiple captures but at different traps. To respect the previously an-

nounced statistical assumption about independence between photographic captures, if two 

captures are only separated of less than 15 minutes for the same individual and trap (i.e. the 

captures are close to midnight), it counts as only one capture for the earlier occasion. The 

information for all the individuals are condensed into the capture history file of the annual 

survey (e.g. Appendix 2.7). It is worth noting that cubs are essentially with their mother and 

consequently their captures represent the ones of their mother. This is why their captures 

are not integrated to the capture history file, except if they are totally alone during a capture. 

However, if two adults are photographed together, it counts as two separate captures.  

2.5  Statistical analyses 

2.5.1 Spatially explicit Capture-Recapture (SECR) Model (Royle et al., 2004) 

To respect the assumption of demographic closure, the SECR model is run with a sample 

from one annual survey only, by using the corresponding capture history and trap effort file. 

The SECR model is hierarchical because it combines two sub-models. The first sub-model is 

called the observation model and describes the distribution of the captures of the camera-

trap sampling. The process of capture of one individual i at the station j during the occasion 

k can be seen as a binary event: the capture is a success, the absence of capture is a failure. 

This process can correspond to a random variable called yijk. The SECR model generally ag-

gregates this occasion-specific binary information to the whole set of Kj occasions of the an-

nual survey for which the station j was working (value 1 in the trap effort file). Thus, the total 

number of captures of individual i at station j during the Kj occasions is the outcome of the 

explanatory variable of the observation model and is called the capture frequency and de-

noted yij. Its commonly used distribution is:  

yij ~ Binomial (Kj, pij), with i = 1,…,N (N the unknown size of the sampled population)  

and j= 1,…,J (J the total station number of the annual survey) 

The capture probability pij is the probability that individual i is captured at station j for 

one occasion. Because the model is spatially explicit, SECR model attributes to pij one covari-

ate relative to the Euclidian distance dij between the station j and the activity centre (si) of 

the HR of individual i (HRi). The activity centre corresponds to the centroid of HRi during the 

time of sampling only (as the HR is not fixed during the whole life of the individual) and is 

defined by two coordinates, sxi and syi. If we note uxj and uyj as the station coordinates, we 
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have: dij = [(sxi - uxj)2 + (syi - uyj)2]. To negatively link pij and dij, we use the detection function 

λ(dij) = λ0 + λ1×dij. The intercept λ0 is the base-

line capture frequency: this is the expected 

capture rate when dij is null. The parameter λ1 

is associated with the spatial scale parameter 

(σ) that determines the intensity of the decline 

of pij with dij (Fig 2.3). Different detection func-

tions with specific formulation are possible. 

The log function is used to transpose on [0,1] 

the values of λ(dij), originally on ℝ: 

log(pij) = λ(dij) and pij = 1 - exp(-λ(dij)) 

Because the captures from the stations only give partial information on HRi , the si location 

is unobserved and considered as a random variable with its own sampling distribution. As a 

result, si is a random effect in the observation model. Thus, because yij is binomial and si a 

random effect, the SECR model is a special case of Generalized Linear Mixed Models (GLMM).   

The second sub-model called “state model” is a homogeneous point process which de-

scribes the distribution in the landscape of the xi and yi coordinates of si. This assumes located 

and independent si from the other N individual activity centres:  

si ~ Uniform2 (S)  with i = 1, …, N 

S is the 2-Dimensional state-space which corresponds to the Minimum Convex Hull 

formed by trap array and a large buffer around it that we have to define. The SECR model 

runs the observation model to estimate σ and λ0 by defining the more likely si locations of the 

n captured individual among all the possible locations of the state-space, thanks to the their 

spatial capture history. However, the N-n non-captured individuals which are absent from 

the capture history can influence the �̂� and 𝝀0̂ but only if their s is not too far from the trap 

array. Indeed, if their s is too far, their corresponding pij is almost null.  

The unknown N is described by a Poisson or Binomial point process (PPP or BPP). PPP is 

used for the Maximum Likelihood inference as N ~ Poisson (D*||S||) with D, the density of the 

sampled population, and ||S|| the S area. BPP is used for the Bayesian inference, as part of the 

method called data augmentation. We choose M, big enough to include the n and the N-n 

individuals. The M-N individuals does not correspond to real individuals are called “phan-

toms”. ψ is the probability that an individual ωi in M is not a phantom: ωi ~ Bernoulli (ψ). So N 

Fig 2.3. Example of the Hazard Half-Normal detection function 
with different σ and λ0 values.   
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~ Binomial (M, ψ) and �̂� =  𝑴 ∗  𝝍. Because ψ is the parameter of the distribution, D is only a 

derived parameter, calculated as �̂� = �̂� / ||𝑺||.  

The S must be chosen large enough to contain all the individuals with a non-negligible 

probability of capture, in order to have the most precise and accurate �̂� and 𝝀0̂. However, the 

bigger S, the bigger the number of non-captured individuals by the trap array including the 

ones of which the s are too far to influence the computations. Thus, �̂� increases with the size 

of the S and is the direct consequence of the statistical security to choose S big enough. In 

this condition, the result of �̂� / ||𝑺|| will always be the same because the distribution of �̂� in 

S is provided by the observation model with the �̂� and 𝝀0̂ estimated from the information of 

the individuals living near the trap array, captured or not. This is why �̂� is invariant to S if S 

is big enough, and is the desired objective estimate. The notion of ETA is then obsolete with 

the SECR model and �̂� must be preferred, but it can still be computed as ETA = n/�̂�.  

2.5.2 Inference for the SECR models 

We have achieved inference by using two different techniques, both run in R 3.2.5 (R De-

velopment Core Team, 2016). Firstly, the Maximum Likelihood (ML) inference or “classical 

inference” uses the log likelihood function 𝓵. For the collection of captured rates yij  observed 

during the annual survey, the ML inference runs the observation model with a large test 

number of the unknown parameter of the yij binomial distribution, pij. Because there are the 

covariates λ0, σ and D of pij, it tests in fact a large number (i.e. iterations) of combinations of 

these covariates. For every combination, 𝓵 sums the probabilities corresponding to every yij 

of the collection. The covariates values of the combination maximizing 𝓵 are considered to 

be the most likely and are the final estimates. The ML procedures are asymptotic: because the 

uncertainty of parameter estimates only depends of sample size, the estimates are more ac-

curate when the sample size tends to infinite. We have used the package secr 2.10.4 (Efford, 

2016) which includes the functions allowing us to run SECR models through ML inference. We 

have created directly with the package the same state space of 3818 km² for all of the 13 an-

nual surveys, with a pixel spacing of 300 m (Fig 2.4). The secr mask.check function has been 

used to check that the state-space is big enough with an appropriate spacing according to the 

model results.  

Secondly, the Bayesian inference is a statistical method relatively new in ecology because 

its weighty computations are only conceivable with modern computers. In ML inference, the 

uncertainty of parameters is only due to normally-distributed sampling errors: parameters 
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of the model are fixed, only their estimators are random because of sampling bias. In addition 

to sampling uncertainty, the Bayesian methods also consider that the parameters are uncer-

tain themselves (i.e. they are random variables), which is much closer to reality than the clas-

sical inference principle (Royle et al., 2004). Thus, a “prior” distribution [θ] must be attributed 

to every parameter (here θ is λ0, σ or Ψ) to characterize this uncertainty. The prior is in-

formative only if scientists already gathered information about its distribution. In our case, 

we use uninformative priors giving flat probability distributions on ℝ+, [0,+ ∞] and [0,1] re-

spectively: λ0 ~ Gamma (0.1, 0.1) ; σ ~ Uniform (0, ∞) ; Ψ ~ Beta (1,1). The priors are reduced 

into the posteriors or the probability distributions of the parameters given the observed data 

yij and noted as [θ| yij]. This is done by using the mathematical Bayes’ rule: [θ| yij] = [yij |θ] [θ] 

/ [yij]. Nowadays, the Markov Chain Monte Carlo (MCMC) algorithm computes the posterior 

without computing [yij], the marginal distribution of yij, which is hardly computational. The 

algorithm generates a large number of samples from the distribution product [yij |θ]*[θ], 

which converge towards the exact [θ| yij] which is not an estimation. Because the posterior is 

a complete state-of-knowledge of the parameter, ecologists generally report the mean and 

standard deviation of the posterior as the equivalent estimate of the ML inference. The pos-

terior is valid for any sample size which is an advantage when studying of elusive species. We 

have used the package SPACECAP (Gopalaswamy et al., 2014) which provides a user interface 

that greatly simplifies the use of Bayesian analysis in R but limits the possibilities in model-

ling. It requires one state-space file that we have created in ArcMap 10.1. Because it is possible 

with SPACECAP, we have tested two types of state-spaces. Firstly, one “objective” state-space, 

unique to all the annual surveys, stipulates that all the pixels are suitable to house activity 

centres si. Secondly, annual “subjec-

tive” state-spaces include the value 0 

to all the pixels corresponding to agri-

cultural urban, shrub and savannah 

lands, meaning that they are not eco-

logically suitable to house si. To attrib-

ute the 0s, we used the 2001, 2004, 

2011 and 2015 ecosystem data from 

the Biodiversity and Environmental 

Resource Data System of Belize BERDS 

(Meerman and Clabaugh, 2016). The Figure 2.4. (A) State-space (3818 km²) used for the Maximum Likelihood In-
ference. (B) State-space (678 km²) used for the Bayesian Inference.  
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years without BERDS data have been associated with the subjective state-space of the closest 

year. After evaluating the degree of ecosystem similarity with satellite photographs from 

Google Earth©, the 2011 state-space was attributed to 2013 instead of the 2015 one. The state-

spaces cover an area of 678 km² with a pixel size of 0.1024 km² (Fig 2.4). They were smaller 

than the ML state-space for time-computation reasons. The number of iterations and the 

burn-in (the number of initial samples to discard) of the MCMC algorithm was starting at 

110,000 and 80,000 respectively. The analysis was re-run until these numbers were satisfac-

tory according to the sample size and convergence results.  

2.5.3 SECR detection functions  

For every annual survey, we have tested 4 different detection functions to the SECR mod-

els under the classical inference. They are parameterized with λ(dij) called the “cumulative 

hazard”, which is why the term “hazard” is added to their name: they are indirectly linked to 

pij by pij = 1 – exp(-λ(dij)). They involve different forms of the pij decline with dij (Fig 2.5): 

 The Hazard Half-Normal (HHN): 

𝜆(𝑑𝑖𝑗) = 𝜆0 × exp(−𝑑𝑖𝑗² 2𝜎²⁄ ) 

This is the classic detection function, which gives a Gauss-

ian hazard form to the decrease of pij with dij.  

 The Hazard Exponential (HEX):  

𝜆(𝑑𝑖𝑗) = 𝜆0 × exp(−𝑑𝑖𝑗 𝜎⁄ ) 

This gives an exponential decrease of pij from dij = 0, so we 

expect smaller �̂�s and higher 𝝀�̂�s than those of the HHN 

model.  

 The Hazard Annular Normal (HAN): 

𝜆(𝑑𝑖𝑗) = 𝜆0 × exp(−(𝑑𝑖𝑗 − 𝑤)2 2𝜎2⁄ ) 

The highest peak of pij is not at dij = 0 but at dij + w.  If w is 

null, this gives a Gaussian hazard form.  

 The Hazard Hazard rate (HHR): 

𝜆(𝑑𝑖𝑗) = 𝜆0 × (1 − exp(−(𝑑𝑖𝑗 𝜎)⁄ )
(−𝑧)

) 

The pij forms an initial plateau from dij = 0, and only de-

creases from a certain dij which is larger with z. The 

smaller z, the smaller the plateau.  

Figure 2.5. Comparisons between the HHN detection 
function with λ0 = 0.06 and σ = 2500 m (green solid lines) 
and the HEX (A), HAN (B) and HHR (C), with different 
parameter values. 
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The estimated home-range areas from these functions have been calculated with secr. The 

Bayesian inference has only been run with the classic HHN detection function. 

2.5.4 SECR models with sex-covariates  

The SECR sex-specific model includes one more variable sexi indicating the sex of indi-

viduals with i=1 corresponding to females and i=2 to males. Three different sex-specific mod-

els have been run with the ML inference and the HHN detection function:   

1. The σ model, with sex-specific parameter σ: 𝑝𝑖𝑗 = 1 − exp(𝜆0 × exp(−𝑑𝑖𝑗
2 2𝜎𝑠𝑒𝑥𝑖

2⁄ )) 

2. The λ0 model, with sex-specific parameter λ0: 𝑝𝑖𝑗 = 1 − exp(𝜆0𝑠𝑒𝑥𝑖
× exp(−𝑑𝑖𝑗

2 2𝜎2⁄ )) 

3. The σ and λ0 model, with sex-specific σ and λ0: 𝑝𝑖𝑗 = 1 − exp(𝜆0𝑠𝑒𝑥𝑖
× exp(−𝑑𝑖𝑗

2 2𝜎𝑠𝑒𝑥𝑖
2⁄ )) 

By using the PPP for the classical inference in secr, the general density is estimated by 

taking into account the sex-covariates. In order to obtain male and female density estimates 

too, we must re-run these models by using another type of point process which is conditional-

on-N. In this process, n0 the number of uncaptured individuals among N, is directly integrated 

to the likelihood function instead of the parameter D from the Poisson distribution. D is then 

a derived parameter and can be estimated for the male and female groups separately. For 

comparison, we have run SECR model with ML inference and HHN function for each of the 

annual datasets reduced to the male captures and the females captures; these models are 

called the null female and null male models (when the null general models are similarly pa-

rameterized but run for each of the full datasets of the surveys).  

2.5.5 SECR σ density-dependent and overlap indices 

We have applied Efford’s et al. (2016) method to run the σ density-dependent model. It 

includes the k parameter: k = σ√D. We have used the ML inference with the HHN detection 

function. Four types of multi-session model, of which two includes k, are run for with all the 

13 annual surveys, by defining one annual survey as one session g, with g = 1, … , 13. 

1. D and σ are different according to the sessions, λ0 is not:  

𝑝𝑖𝑗 = 1 − exp(𝜆0 × exp(−𝑑𝑖𝑗
2 2𝜎𝑔

2⁄ )) and N ~ Poisson (Dg*||S||) 

2. D is different according to the sessions, σ and λ0 are not:  

𝑝𝑖𝑗 = 1 − exp(𝜆0 × exp(−𝑑𝑖𝑗
2 2𝜎2⁄ )) and N ~ Poisson (Dg*||S||) 

3. D and k are different according to the sessions, λ0 is not:  

𝑝𝑖𝑗 = 1 − exp(𝜆0 × exp(−𝑑𝑖𝑗
2 ∗ 𝐷𝑔 (2𝑘𝑔

2)⁄ )) and N ~ Poisson (Dg*||S||) 

4. D is different according to the sessions, k and λ0 are not is not:  

𝑝𝑖𝑗 = 1 − exp(𝜆0 × exp(−𝑑𝑖𝑗
2 ∗ 𝐷𝑔 (2𝑘2)⁄ )) and N ~ Poisson (Dg*||S||) 
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The last model is the only σ density-dependent model, the others are used for compari-

son. We have computed the overlap index S95 = 18.8*k² with the unique k from model 3 or every 

kp from model 4; this gives the number of animals within the area of one 95% estimated HR. 

This procedure is completely done a second time with the female and male-restricted da-

tasets; we expect the parameter k to decrease compared to the general dataset as the over-

lapping should be less intense between females or between males than within the whole pop-

ulation.  

The Utilisation Distribution (UD) is estimated individually and annually with the Kernel 

method, as recommended by many authors (e.g., Worton, 1995). We have separately used the 

13 surveys, and kept all the individuals with more than 5 captures per survey (from the gen-

eral or the male/female restricted datasets). The bivariate normal kernel function has been 

used; it gives, for each point (x, y) of a specified grid, the density estimate DUD(x,y), i.e. the 

probability to find the animal at that location (Worton, 1995). DUD(x,y) is computed by using 

the m captures of the individual of the survey: 

𝐷𝑈𝐷(𝑥, 𝑦) =  
1

2𝜋𝑚ℎ²
 ∑ exp(− 

𝑑𝑖2

2ℎ2
)

𝑚

𝑖=1
 

where di is the distance of the ith observation from the point (x, y) and h is the specified value 

of a smoothing parameter. The smaller h and the bigger the importance attributed to dij, 

which provides more detailed results but sometimes too variable to draw UD. On the con-

trary, larger h would provide too biased UD. The reference smoothing parameter has been 

used: ℎ =  𝜎′ × 𝑚−1
6⁄  with 𝜎′ =  1 2⁄ (𝑠𝑥

2 + 𝑠𝑦
2) where 𝑠𝑥

2 and 𝑠𝑦
2 are the variances of the x 

and y coordinates of the m individual location observations. It allows a good compromise in 

h size. The estimated UD is then reduced into a 95% HR: a fine grid is created over the study 

area and the smallest number of cells whose UD probability is 95% are selected (Worton, 

1995). Because it is the best overlap index for comparison between different methods (Fieberg 

and Kochanny, 2005), the Bhattacharyya’s Affinity index (BA) has been calculated for all the 

estimated annual individual UDs. It gives the level of overlap between two UDs:  

BA = ∬ √𝑈�̂�1(𝑥, 𝑦) × √𝑈�̂�2(𝑥, 𝑦)
∞ ∞

−∞ −∞
 𝑑𝑥𝑑𝑦  

where 𝑈�̂�(𝑥, 𝑦) is the density estimate for the point (x,y) of the estimated UD. The 𝐵�̂� of each 

annual survey (with the general or sex-restricted datasets) has been compared with the an-

nual k overlap indices from the corresponding third multi-session SECR model, and the 𝐵�̂� 

mean of the surveys with the k overlap index from the corresponding fourth multi-session 
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SECR model. If our use of the captures from the capture files respects the kernel method as-

sumption of independence among observations, the BA assumption of independence among 

UDs  is hardly respected due to the possible interactions among individuals (Fieberg and 

Kochanny, 2005).  

2.5.6 Capture-Recapture Model 

We have computed for each annual survey the heterogeneity model or ‘Mh’ model devel-

oped by Otis et al. (1978) by using the CAPTURE programme (Rexstad and Burnham, 1992). 

This is the most used non-spatial CR model in elusive animal studies because it is the more 

robust to this type of data (White et al., 1982). Mh assumes that each individual i has its own 

independent capture probability pi (with i =1, …, N) per occasion, constant for all the K occa-

sions and J traps.  The estimation of the set of {pi} = p1, …, pN, is not possible because of the too 

many pi combined with the lack of information on their distributions from capture-recapture 

data. Consequently, the ML inference cannot be used to estimate pi. Instead, Mh used a non-

parametric estimator, the jackknife, to estimate N. This focuses on the observed capture rates 

fk with k = 1, … , K: fk is the number of individuals captured k times among the K occasions. One 

jackknife estimator tests a linear combination of ak as: �̂� =  𝑎1𝑓1 × … ×  𝑎𝐾𝑓𝐾  . The program 

computes 5 estimators and selects the one which minimizes the bias and sampling variance, 

and gives the final �̂� of the sampled population and its SE. As any other CR models, the jack-

knife estimator can underestimate N when capture probabilities are small (e.g. 0.05).  

To estimate density from �̂�, we have used two common ah hoc methods to approximate 

the ETA. Firstly, the Mean Maximum Distance Moved (MMDM) is computed as: 𝑀𝑀𝐷𝑀 =

 ∑ 𝑑𝑖
𝑛′
𝑖=1 𝑛′⁄  with n’ the number of recaptured individuals and di is the distance between the 

farthest traps where the ith individual has been captured. A circle buffer of radius MMDM is 

added around each camera-trap on ArcMap 10.1 and the area of the merged buffers consti-

tutes the area of the 𝐸𝑇�̂�. �̂� is calculated as �̂� divided by the 𝐸𝑇�̂�. The variance of �̂� is equal 

to: 𝐷2̂ × ( 
𝑣𝑎𝑟(𝐸𝑇�̂�)

𝐸𝑇�̂�2 +  
𝑣𝑎𝑟(𝑁)̂

�̂�2  ). var(𝐸𝑇�̂�) is calculated by approximating the ETA as a circle of 

a radius r = MMDM + ( √𝐸𝑇�̂� 𝜋⁄ − 𝑀𝑀𝐷𝑀) and var(𝐸𝑇�̂�) = 4𝜋2 × 𝑟2 × 𝑣𝑎𝑟(𝑀𝑀𝐷𝑀) (Fos-

ter, 2008). The second method uses the ½ MMDM (Silver et al., 2004) rather than the MMDM.  

2.5.7 Additional tests and model selection  

The closure test has been applied to every annual survey sample to test the demographic 

closure assumption of the CR and SECR models. This considers the null hypothesis H0 that 

individual capture probabilities are invariant over time. Rejection of H0 would indicate an 
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open population, caused by migration, emigration, birth or death. However, the test cannot 

distinguish individual heterogeneity and from open population and is sensitive to small sam-

ple sizes, and as a result it involves high risks of error of type I or II, respectively.    

To compare the density estimates �̂� provided by the models and taking into account the 

precision of the models, we use the coefficient of variation (CV) of �̂�: CV = 𝑆𝐸 �̂�⁄ , with SE 

the standard error of �̂�. The repeated-mesures ANOVA test followed by a pairwise and paired t-

test with the Bonferroni correction has been used when the assumptions of normality and the 

homogeneity of variances were respected by every tested sets of �̂�’s CV (verified with the 

Shapiro-Wilk normality and the Bartlett tests, respectively). If, after ln, square-root and inverse 

data transformations, the sets do not respect the assumptions, the non-parametric Friedman 

rank sum test followed by a pairwise and paired Wilcoxon-Kruskall-Wallis test with the Bonfer-

roni correction has been used. The tests have been performed on R 3.4.0.  

If the previous tests show statistical differences between the �̂� provided by the models, 

the selection of the more appropriate model can be done. Two methods are used. Firstly, the 

Akaike Information Criterion corrected for small sample sizes (AICc) is provided by secr for 

each model run with the ML inference: 𝐴𝐼𝐶𝑐 =  −2ℓ(𝜃|𝑦𝑖𝑗) +  
2𝑘(𝑘+1)

𝑛−𝑘−1
 , with ℓ(𝜃|𝑦𝑖𝑗) the log-

likelihood calculated by the inference with the final estimated parameters 𝜃 of the model, k 

the number of parameters of the model and n the number of captured individuals. Because 

the best model has the highest likelihood and lowest k, it has the lowest AICc. We have only 

used AICc to compare ML models. 

To assess the most appropriate statistical methods or models, two criteria are also used. 

We first used the following assumption. The population density is not expected to be constant 

during this period because of natural abundance fluctuations and potential variations in jag-

uar home range size. However, no major climatic event was recorded from 2002 to 2016 in 

the CBWS. This is why the jaguar population in the sanctuary can be considered as a stable 

population, which should limits its inter-annual density variations. Thus, the robustness of 

the model in �̂� across surveys is the first criterion; i.e., the inter-annual variations of the 

density estimates provided by the model should be the smallest. This is a way to estimate the 

accuracy of the model. Measure of variations are made through the standard deviation SD of 

the model�̂�s, or through the range of these �̂�s. Secondly, the average precision of the density 

estimates must be the highest possible, and so the provided standard errors SE the smallest.  
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3 Results 

NB: All the values of the density estimates of the figures are available at the end of the Appendices. 

3.1  Sampling results 

The 13 surveys detected 60 males and 29 females. Males were detected every year and 

females were detected in all years except 2002. The detection rates of new individuals were 

relatively constant during the 13-years study period, even with variable trap effort between 

surveys (Appendix 2.5). Males were twice as likely to be detected as females: between sur-

veys, on average 4.1 ± 2.5 new males were detected for 2.4 ± 1.9 new females (mean ± SD, 

N=12, Fig. 3.1). This 1:2 capture ratio was accentuated to 1:3 if we consider the surveys sepa-

rately (individuals per survey, mean ± SD: males = 14.4 ± 3.0, N = 13; females = 4.3 ± 2.6, N=13). 

This is because detected males were more likely to be recaptured during subsequent annual 

survey than females, increasing the number of males detected per survey but not the cumu-

lative number of males across the 13 years (number of surveys for which the individual is 

recaptured, mean ± SD: males = 3.7 ± 2.3, N  = 60, females = 1.9 ± 1.37, N = 29). The records of 

longevity in the study were 9 years for 3 males, and 6 years for 2 females. The number of 

detections per individual and per survey were also unbalanced between sexes (median indi-

vidual detection rate per survey: female = 2, N = 56; male = 5, N = 188; Fig. 3.2). The female 

individual detection rate only exceeded 5 detections per survey during three surveys for 4 

females. Because of the high number of detected males, the distributions of male detection 

rates were considerably more well-defined and spread than females, with a record of 41 de-

tections for one male in 2015. The same pattern was also observed for the individual capture 

rates over the whole study period (median individual detection rate female = 3, N = 29; male 

Fig. 3.1. Number of individuals detected per survey, curves represent the cumulative number of new 
males (yellow) and females (green) which had not been previously detected.    
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= 11, N = 60; Appendix. 3.1). The individual detection rate over the study showed maxima of 

18 and 148 captures for a 6-year and 8-year detected female and male respectively. 

The statistical assumption of demographic closure may have been violated during three 

surveys (closure test: 2011 and 2012 P < 0.05, 2014 P < 0.0001). Because of the weakness of this 

test, we decided not to exclude these years from the analyses, while bearing in mind the pos-

sible assumption violation.   

3.2 CR and SECR models comparison  

The density estimated by the ½ MMDM and MMDM CR models were larger than the �̂� 

from the SECR model: 11.64 ± 1.36, 5.74 ± 0.94 and 3.23 ± 1.09 respectively (mean ± SD in 

ind./100 km², N=13, Fig. 3.3.A). The �̂� SE were higher and less constant in the CR models than 

in the SECR models (SE mean ± SD in ind./100 km², N=13: ½ MMDM CR = 1.36 ± 1.15, MMDM 

CR = 0.94 ± 0.80, SECR = 0.85 ± 0.20). Because the Effective Trapping Area (ETA) and density 

are inversely proportional, the SECR model provided the largest annual 𝐸𝑇�̂� mean: 615 ± 145 

against 214 ± 32 and 434 ± 68 for the ½ MMDM and MMDM CR models (mean ± SD in km², 

N=13, Fig. 3.3.B).  

Except in 2007, the SECR 𝐸𝑇�̂� trend over the years was the same for the CR models (Fig. 

3.3.B). However, the variations in 𝐸𝑇�̂� across years was not similar among models with the 

smallest 𝐸𝑇�̂� range for the ½ MMDM CR model (113 km²) and the largest for the SECR model 

Fig. 3.2. Female and male distributions of the individual capture rates per annual survey. The single dots 
represent the outliers. The total distributions combine into one the 13 datasets of individual capture rates per 
survey.   
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(592 km²). The opposite was true for �̂�: 25.04 ind./100 km² for the ½ MMDM CR model and 

3.41 ind./100 km² for the SECR model (Fig. 3.3.A). The ANOVA test confirms the differences 

between the �̂� coefficient of variation (CV) of the three models (F2,24 = 30.3, P < 0.0001) with sig-

nificant paired t-tests: ½  MMDM CV < MMDM CV (P < 0.0001), ½ MMDM CV < SECR CV (P < 0.0001), 

MMDM CV < SECR CV (P < 0.01). 

3.3  Maximum Likelihood and Bayesian inferences 

The ML S provided stable ℓ results according to the secr mask.check function. Concerning 

the Bayesian inference, the annual estimated pij was on average very small at the minimum 

distance between trap and edge of the state-space (pij mean ± SD, N=13: objective S = 0.0039 ± 

0.0025, subjective S = 0.0031 ± 0.0015). However, the 2003 and 2013 pij were particularly high 

for the objective S: 0.008 and 0.010 respectively. These results show that the ML and Bayesian 

state-spaces S were big enough to provide accurate density estimates. 

The sets of SECR density estimates did not show clear distinctions between the ML or the 

Bayesian inference with objective S (mean ± SD in ind./100km², N=13: ML = 3.23 ± 1.09, Bayes-

ian with objective S = 3.52 ± 1.03), even if within surveys, the ML �̂�𝑠 was marginally but con-

sistently lower (Fig. 3.4.A). The SECR model with Bayesian inference and subjective S pro-

duced the greatest �̂� for every survey (mean ± SD in ind./100 km², N=13: 4.26 ± 1.11). The 

difference between the subjective Bayesian and the two other models was the largest in 2013 

with 2.35 ind./100 km² more for the subjective Bayesian inference. The differences were in-

tensified from 2011 to 2016 (mean, N=6: 1.08 ind./100 km²) compared to 2002 to 2008 (mean, 

N=7: 0.43 ind./100 km²). The years from 2002 to 2007 were using the two subjective S with the 

smallest percentage of 0 values (17 and 19% compared to the 23% and 24% for the subjective 

Fig. 3.3. Density (A) and ETA (B) estimates pro-
vided by the CR models using the ½ MMDM (dark 
yellow) or MMDM method (light yellow) and by 
the SECR model using the Hazard Half Normal de-
tection function and the Maximum Likelihood 
inference (blue), computed for every annual sur-
vey separately.  

The standard errors bars are indicated for every 
estimates except the ETA estimates from the 
SECR model.  
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S using the 2011 and 2015 BERD data). The lowest �̂�s estimates were in 2003 (e.g. 1.40 ± SE 0.60 

for ML) and the highest in 2014 (e.g. 5.88 ± SE 0.79 for Bayesian with subjective S). The Bayes-

ian �̂�s were more precise compared to the ML �̂�s: (SE mean in ind./ 100 km² ± SD, N=13: 

Bayesian with objective S = 0.56 ± 0.19, with subjective S = 0.59 ± 0.15, ML = 0.85 ± 0.20). This 

was confirmed by the significant difference between the CV of �̂�𝑠 of the three models (F2,24 = 

96.4, P < 0.0001), which involved significant differences between all the three models (p-values < 

0.0001): ML CV > Bayesian (Objective S) CV, ML CV > Bayesian (Subjective S) CV, Bayesian (Ob-

jective S) CV > Bayesian (Subjective S). 

Estimates of σ and λ0 showed little variation within surveys between models (Fig. 3.4.B, 

Appendix 3.2). The only exception was in 2013 where the subjective Bayesian inference pro-

duces a smaller �̂� of (± SE in m) 2870 ± 169 against 4200 ± 332 and 4543 ± 475 for the objective 

Bayesian and ML inferences, and a larger 𝜆0̂ of (± SE) 0.075 ± 0.009 against 0.044 ± 0.008 and 

0.047 ± 0009 for the two other models. Except a peak in �̂�s in 2003 and a peak in �̂� SE in 2003 

and 2002, the �̂�𝑠 and their SE were relatively constant across surveys for the subjective Bayes-

ian inference. For the objective Bayesian and ML inferences, the same statement can be made 

with an additional peak of �̂�𝑠 and their SE in 2013. The three �̂� curves showed greater varia-

tions across years but their trends are roughly the inverse reflection of the ones of the cor-

responding �̂�s curves. 

The density maps provided by SPACECAP for 

the Bayesian analyses are available in Appendix 

3.3. Overall, the patches of high and low density 

were more differentiated within the camera-trap 

array as the information on the possible si loca-

tions is more important inside the trap array due 

the detections provided by the traps. The pixel 

density homogenisation on the edges of the ob-

jective S confirms that the size of the state-space 

was sufficient for the statistical computations. 

One highly dense epicentre was present for all the 

surveys around the southern traps. Another one 

was identified in 2007, 2011, 2015 and 2016 at the 

north of the northern traps, outside the CBWS 

Fig. 3.4. Density (A) and σ (B) estimates (with SE bars) pro-
vided by the SECR model using two types of inference, Maxi-
mum Likelihood (red) and Bayesian (blue), and two types of 
state-space S for the Bayesian inference, objective (circle) or 
subjective (square), computed for every annual survey sepa-
rately.  
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boundaries. This could give us confidence about the stability of the population. For each sur-

vey, the subjective S provided the same positions of high dense patches, except in 2004, 2012 

and 2013. It also added a highly dense epicentre along the subjectively drawn East-South bor-

der in 2003, 2004 and 2015. In certain surveys, as 2003, 2004, 2013 and 2015, the subjective S 

increased the density of the high density pixels of the objective S; nevertheless, the opposite 

phenomenon was observed for 2008 and 2011.  

3.4  Detection functions 

The HHN and HEX �̂� and �̂� SE were close per annual survey (Fig. 3.5.A). Consistently 

with the model expectations, the HHN model annual �̂�𝑠 were constantly higher than those 

of the HEX model (Fig. 3.5.B), and this was the opposite for the 𝜆0̂𝑠 (Appendix 3.4). However, 

the �̂�𝑠 and 𝜆0̂ from these two models presented a relative constant difference within the an-

nual surveys: �̂� = 1300m ± 217, 𝜆0̂ = 0.11 ± 0.06 (mean ± SD, N=13). This explains why the HHN 

and HEX �̂� were close. Nevertheless, the HHN model provided smaller 95% HR areas (157 ±61) 

than the HEX model (218 ± 95) (mean ± SD in km², N=13, Table 3.1), despite its bigger �̂�𝑠. 

Table 3.1. Estimated home range areas in km² including 95% of the activity computed using the secr function circular.r  

 2002 2003 2004 2005 2006 2007 2008 2011 2012 2013 2014 2015 2016 

HHN 114 236 135 103 164 165 139 136 153 327 113 120 138 

HEX 197 358 199 136 222 215 181 169 211 474 144 162 162 

HAN 114 236 111 103 164 165 139 136 153 327 113 120 138 

HHR 104 161 117 58 647 121 79 87 84 171 91 75 108 

The HHN and HAN models had the same �̂�𝑠, �̂�𝑠 and 𝜆0̂𝑠 (and their SE) to the nearest 

thousandth. The only exception was in 2004 (Fig. 3.5, Appendix 3.4). This is explained by the 

fact that the 2004 �̂� HAN parameter was 2640 (with a large 1070 SE) when all the others were 

very close to 0 (Appendix 3.5). Hence, except in 2004, the HAN models failed to show any 

annular behaviour for jaguars.  

The �̂�𝑠 of the HHR model showed the biggest variations that were not consistent with 

those of the other models (Fig. 3.5.B). The HHR SE �̂�𝑠 were also the largest: 603 ± 300 per 

survey (mean ± SD, N=13), against 333 ± 236 for the 3 other models (N=39). The same assess-

ment on HHR imprecision can be made for the 𝜆0̂𝑠 (Appendix 3.4). Logically, the HHR model 

gave more variable 95% HR area estimates and the less close �̂�𝑠 to the other models (but 

comparable SE) (Table 3.1, Fig. 3.5.B). Notably, the computations failed for the 2004 annual 

survey to locate a point lower than the estimates (error code 3) and produced an unlikely �̂� of 

37.7 (± SE 82.1) (Appendix 3.5). However, this did not seem to affect its 2004 �̂�: HHR = 4.24 ± 
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1.00, against HHN = 4.16 ± 1.04 (mean ± SE, N= 13). According to the Pearson correlation test, 

the parameter z does not predict the difference between the �̂� CVs of the HHN and HHR 

models, whether it includes the 2004 values (df = 11, P > 0.05) or not (df = 10, P > 0.05).    

The ANOVA on the CVs of the �̂�𝑠 gave 

significant differences between the four de-

tection functions (F3, 36 = 7.15, P < 0.001), and the 

paired t-tests only gave one significant dif-

ference between the HEX and HHR models (P 

< 0.05). The HEX model had the lowest AICc 

value for 8 surveys, the HHR model for 4 and 

the HHN model for 1. Nevertheless, the high-

est difference ΔAICc between the AICc was 

only of 14.2 ± 8.13 (mean ± SD, N = 13), mean-

ing that the detection functions provided 

close results (Appendix 3.6). This is con-

sistent with the t-tests.   

3.5  Sex-covariates models 

Because female capture number per survey was extremely small, we did not provide the 

female �̂�𝑠, �̂�𝑠 and 𝜆0̂𝑠 from the sex-covariate and null female models. Because no females 

were detected in 2002, no sex-covariate model could be run with the 2002 survey. The latter 

was not included in this section. The σ and σ & λ0 models in 2005 for the non conditional-on-

N computations (Fig. 3.6. A1 & B1) and the σ model in 2007 and 2016 for the conditional-on-N 

computations (Fig. 3.6 A2 & B2) reached the maximum iteration limit and gave unrealistic 

results that we did not include.  

There were extremely small differences per survey between the �̂�𝑠 from the two null 

models with the general and restricted-to-males datasets: 50 m more for the general dataset 

± 130 m (mean ± SD, N = 12, Fig. 3.6 B1 & B2). Same statement for the �̂� SE: 2.6 m less for the 

general dataset ± 22 m (mean ± SD, N = 12). This means that the female data had extremely 

little weight in the �̂�𝑠 of the null general model. Moreover, the male �̂�𝑠 and SE provided by 

the sex-covariates σ and σ & λ0 models which were not conditional-on-N, did not greatly differ 

from the general �̂�𝑠 of the null model (Fig. 3.6 B1); only the 2013 survey showed the greatest 

differences. TMoreover, the male �̂�𝑠 from the conditional-on-N σ, σ & λ0 and the null male 

Fig. 3.5. Density (A) and σ (B) estimates (with SE bars) provided by the 
SECR model using one of the four detection function: Hazard Annular 
(red), Hazard Exponential (blue), Hazard Half-Normal (green) and Hazard 
hazard rate (purple). Each annual survey has been computed separately.  
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models in 2013 showed small differences (Fig. 3.6 B2). However, it was contradicted by the 

extremely small differences in the 2013 �̂�𝑠 between the two null models (36.1 m ± SE 10.3).  

The same statement on the small difference between the two null models could also be 

done for the 𝜆0̂𝑠, 0.002 less for the general dataset ± 0.005, and the 𝜆0̂𝑠 SE, 0.01 less for the 

general dataset ± 0.009 (mean ± SD, N = 12, Appendix 3.7). Nevertheless, the precision was 

improved in 2016 by choosing the restricted-to-males dataset (SE 0.02 against SE 0.04 for the 

whole dataset). The 𝜆0̂𝑠 from the sex-covariates models were very close within surveys. They 

were generally lower than those of the null models, except in 2015 where the 𝜆0̂ of the condi-

tional-on-N λ0 model was also very high (mean 0.5) and highly imprecise (SE 0.42) even if the 

computation did not provide any error code (Appendix 3.7).  

Despite the small female data weight in �̂�𝑠 and 𝜆0̂𝑠, the general  �̂�𝑠 from the null general 

model were constantly higher than the male �̂�𝑠 from the null male model with a difference 

per survey of  0.82 ± 0.47 (mean ± SD in ind./km², N=12, Fig 3.6 A1 & A2). The same statement 

could be made for the SE, with a difference per survey of 0.13 ± 0.07 (mean ± SD in ind./km², 

N=12). The general �̂� CVs of were significant lower (t = -9.67, P < 0.0001), meaning that the female 

data had an impact in �̂�𝑠 computations. Whether it is conditional-on-N or not, the �̂�𝑠 provided 

by the sex-covariates models were generally higher than those of the null models. Only the 

2003 survey provided 4 similar �̂�𝑠, potentially meaning that the poor amount of data (Fig. 

3.1 & 3.2) was not sufficient to bring to light sexual differences. The general or male �̂�𝑠 from 

the sex-covariate models involved the highest inter-annual variations and were the less pre-

cise as their SE were high compared to the two null models (e.g., 2006, 2007 and 2014 Fig. 

Fig. 3.6. Density estimates (with SE bars) (A1) of the whole population using the null general model (green) and the 
sex-covariates models (orange, purple, pink) which are not conditional-on-N. Estimates of σ (B1) of the whole popula-
tion for the null general model curve (green) and of males for the sex-covariates models which are not conditional-on-
N (orange, purple, pink). Density (A2) and σ (B2) estimates of males for the null male model (green) and for the condi-
tional-on-N sex-covariates models (orange, purple, pink). 
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3.6.A1, and 2005, 2008 and 2012 Fig. 3.6.A2). The CVs of general �̂�𝑠 of the null general model 

and the sex-covariates (Fig. 3.6.A1) were significantly different (F χ² = 21.4, df = 3, P < 0.0001); the 

�̂� CVs of the null general model were significant smaller than the ones of the non-conditional-

on-N σ & λ0 model (P < 0.05), and the CVs of the λ0 model were smaller than the ones of the σ 

and σ & λ0 models (2 p-values < 0.01). The CVs of male �̂�𝑠 of the null male and the conditional-on-

N sex-covariates models (Fig. 3.6.A2) were also significantly different (F χ² = 17.4, df = 3, P < 0.001), 

because of significantly smaller CVs of the λ0 model than the ones of the σ model (P < 0.05). 

Except in 2013, the null male model had always the lowest AICc amongst the 8 models; but 

nonetheless the SDs of the average AICc (N=8 models) per survey were small (Appendix 3.8).  

3.6  Parameter k and overlap indices  

Table 3.2 displays the AICc results of the multi-session models for the whole and the 

male-restricted datasets. For both datasets, the models 1 and 3 reached the maximum itera-

tion limit before (error code 4), nonetheless they gave realistic results. The models with the 

male dataset all gave smaller AICc values than those with the general dataset. If we consider 

the general and male models separately, the 4th models with constant k provided the lowest 

AICc. As predicted, male �̂� (0.468) was lower than general �̂� (0.538), but they had the same 

precision (SE 0.018). Thus, on average 𝑆95̂  = 4.12 males were expected at any time within the 

area of one 95% home range against 𝑆95̂   = 5.44 males and females. The relation between σ and 

D provided by these parameters k are indicated by the fitted curves in Fig 3.7. A & B. The 

Fig 3.7 (A) Annual estimates of σ (with SE bars) provided by the one-session SECR models run 
with the ML inference and HHN detection function, superimposed on a fitted curve relating σg to 
population density Dg across years g ( 𝜎𝑔 = 𝑘 / √𝐷𝑔 ; �̂� = 0.538 ). The numbers associated to every 
annual σ estimate correspond to the year of the annual survey (e.g. 2 corresponds to 2002, 15 cor-
responds to 2015). Dashed lines indicate curves for 0.7 �̂� and 1.3  �̂�. (B) Same figure except that the 
annual estimates of σ come from the male-restricted datasets, and the fitted curve is expressed 
with �̂� = 0.468. Density and σ are then related to males.  
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points of coordinates (𝜎�̂�, 𝐷�̂�) provided by the ML HHN models run separately for every an-

nual survey (in the previous section) are superimposed to these curves. The two σ density-

dependent models captured the overall trend of in general and male 𝜎�̂�: greater is 𝐷�̂�, smaller 

is 𝜎�̂�. The general dataset displayed a more stretched out scatter plot as it provides larger �̂�𝑠. 

In both cases, there was no outlier. The estimated HR areas provided by the general and male 

σ density-dependent models and those by the null general and male models (from the previ-

ous section) (Appendix 3.9) did not show any significant differences (F3, 36 = 1.45, P > 0.05). 

Table 3.2. Comparison of the multi-session SECR models for the general datasets (top of the table) or the male-
restricted datasets (bottom of the table). The models are explained in section 2.5.5. The ΔAICc is the difference 
between the AICc of the model and the smallest one (with general and male-restricted datasets separated). 

 
Because the capture information per female was too limited, we did not use the general 

and the female-restricted datasets for the kernel analyses, but only the male-restricted da-

taset. The computations failed to provide the kernel 𝑈�̂�s of 2006 and 2011. The estimated 

male HR size mean provided by the successful kernel analyses was 90 ± 21 km² (mean ± SE, 

N=11), which was lower than the one of the Male 4 model of  139 km² (mean, N=13). The var-

iations of 𝐻�̂� size across surveys of the kernel analyses showed inconsistencies with the ones 

of the Male 4 model, and the differences between the kernel and Male 4 𝐻�̂� sizes of the same 

survey were not constant (mean ± SE, N=11: 47 ± 44 km²) (Appendix 3.9).  

According to the maps of the estimated 95% HR of the studied males in the kernel anal-

yses (Appendix 9.10), the estimated HR centres were mostly dependent on the trap locations. 

It is explained by the fact that the trap locations were the only possible male locations that 

could be provided. Consequently the estimated HRs were concentrated in the trap array.  

Because the Model Male 3 with annually variable kg provided a computational error, we 

decided to only compare the k provided by the model Male 4 with the 𝐵�̂�s (N=11). The 𝐵�̂� 

mean (N=11) was 0.363 ± SE 0.134. Consequently, the male �̂� (0.468 ± SE 0.018) and the 𝐵�̂� 

mean overlapped within the confidence interval ± SE [0.229, 0.497] of the 𝐵�̂� mean.  

N° Model 
Number of  

parameters 

Log  

Likelihood 
AICc ΔAICc 

General 1 Dg ~ year σ ~ year λ0 ~ 1 27 -7794.4 15 649.74 17.87 
General 2 Dg ~ year σg ~ 1 λ0 ~ 1 15 -7810.2 15 652.57 20.7 
General 3 Dg ~ year kg ~ year λ0 ~ 1 27 -7794.4 15 649.73 17.86 
General 4 Dg ~ year k ~ 1 λ0 ~ 1 15 -7799.9 15 631.87 0.0 

Male 1 Dg ~ year σ ~ year λ0 ~ 1 27 -7062.2 14 187.97 397.55 
Male 2 Dg ~ year σg ~ 1 λ0 ~ 1 15 -6886.5 13 805.88 15.46 
Male 3 Dg ~ year kg ~ year λ0 ~ 1 27 -7066.4 14 196.35 405.93 
Male 4 Dg ~ year k ~ 1 λ0 ~ 1 15 -6878.8 13 790.42 0.0 
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4. Discussion 

4.1 Variation and precision of the density estimates: influence of statistical models 

According to the two criteria of robustness and precision (see section 2.5.6), the basic 

SECR model (general datasets, HHN detection function and ML inference) is considerably 

more appropriate to estimate jaguar population density than the non-spatial CR models (Fig 

3.3.A). In addition, both ½ MMDM and MMDM CR models constantly overestimate density 

compared to the SECR model. This is consistent with the simulation study from Tobler and 

Powell (2013). The bias associated to the CR models are related to the heuristic method which 

constantly biases smaller the 𝐸𝑇𝐴�̂�, especially the ½ MMDM method (Fig 3.3.B); this is 

consistent with Soisalo and Cavalcanti (2006). However, the 𝐸𝑇𝐴�̂� of the CR models show 

smaller variations than the SECR model while it was the opposite process with �̂�. This means 

that the bias of CR models in �̂� are also be related to the abundance estimates �̂�. For instance, 

the density estimates of the CR models in 2004 are largely overestimated compared to the 

one of the SECR model because of the �̂� = 60 estimated by the CR models from the 2004 

sample. The latter does not present singularities in terms of the number of detected 

individuals or the individual capture rate (Fig. 3.1 and 3.2). However, Harmsen (2006, p.86) 

showed that the choice of the numbers of occasions (i.e. the start or end dates of the survey 

period) considered for the analysis of the same 2004 sample had a great impact on �̂�: if we 

had chosen to keep 2 more occasions, �̂� would have decreased to 40 individuals. Also tested 

for the 2002, 2003 and 2005 samples, the number of removed occasions had to be much greater 

to have an impact on �̂� compared to 2004 (Harmsen, 2006, p.86). This is not due to possible 

transient individuals which could have inflated �̂� with small capture rates because in 2004 

the median of individual capture rate (5, N=21) is larger than the ones of 2002 and 2003, and 

the closure test did not demonstrate that the population is demographically open in 2004. As 

a result, the SECR model most likely provides more accurate and precise estimates than the 

CR models. Consequently, the 8.8 ind./100 km² estimated by Silver et al. (2004) for the 2002 

sample of the CBWS with the ½ MMDM CR model and CAPTURE software is most likely greatly 

overestimated (2002 �̂� from SECR model: 2.23 ± SE 0.82). Our 2002 �̂� with the ½ MMDM CR 

model is slightly different (8.6 ind./100km²) probably because we did not use the exact same 

start or end date of the survey period. The accuracy of �̂� from the SECR model are also 

reinforced by the fact that our study design follows the Tobler and Powell (2013, p.116) 

recommendation: our trap array of 117 km² is comprised between ½ and 1 estimated HR (HR 
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mean ± SD, N=13: 182 ± 5.60 km²), which might be sufficient to provide unbiased density 

estimates from SECR model because our annually averaged �̂� is larger than 3 ind./100km².  

The SECR models computed with the ML inference or with the Bayesian inference with a 

objective or a subjective state-spaces provide similar robustness across surveys: the �̂� SD of 

the three models are very similar (1.09, 1.03, 1.11 ind./km² respectively, N=13). However, the 

precision of �̂� turns slightly in favour of the two models with Bayesian inference. 

Consequently, the Bayesian inference might provide better �̂� than the ML inference. Despite 

this, three elements lead us to contrast the selection of the Bayesian inference over the ML 

inference for the SECR models. Firstly, the confidence intervals of �̂� (constituted by ± SE) of 

the ML and the Bayesian inference with both objective S are greatly overlaid (except in 2013). 

These results mean that the �̂� provided by the two methods can be considered as close. 

Moreover, the Bayesian inference should have been more appropriate with small samples 

(Royle et al., 2009). However, our smallest samples from 2002 and 2003 with 11 and 10 

individuals, do not show a smaller overlap of the confidence intervals of �̂� between the ML 

and the Bayesian with objective S. Secondly, the time allowed to the Bayesian inference is 

considerably bigger: on average, the analysis of one survey took between 3 and 5 hours for 

the Bayesian inference, against less than 1 hour for the ML inference. In addition, the 

Bayesian analysis had to be frequently done several times to adjust the number of iterations 

and burn-in of the MCMC algorithm. The great loss of time attributed to the Bayesian 

inference compared to the small gain in precision might not justify the choice of the Bayesian 

over the ML inference with surveys of sample size as ours, or with a large number of surveys 

to analyse. Thirdly, the ML inference provided the lowest �̂�𝑠, that scientists could favour as 

the most conservative estimates. Similarly, if the Bayesian inference is chosen, the objective 

S could be favoured over the subjective S for conservative reasons: the �̂�s provided by the 

subjective S are indeed constantly greater than the ones of the objective S. Moreover, the 

jaguar is known to be found in a wide range of habitats, including shrub and agricultural lands 

(Caso et al., 2008). Except the removal of pixels which can objectively not house activity 

centres (e.g. over the sea as the ML objective buffer, Fig 2.4), the choice to exclude non-forest 

habitats from S is questionable in the case of the jaguar. 

The choice of detection functions has very limited effects on �̂� for our jaguar samples. 

The only significant difference between the CV of �̂� of the HEX and HHR detection functions 

makes irrelevant the use of the AICc values to select one detection function over the others. 
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In absence of difference between the �̂�s, we can only venture some propositions on the 

detection function selection. Thus, the HHR function may not be chosen in priority for two 

theoretical reasons. Firstly, the HHR function has been initially written to model the direct 

observations (Hayes and Buckland, 1983). The plateau symbolises the field of vision of the 

observer, with the probability of direct observations which drastically declines outside of this 

field. Thus, the HHR function is not recommended for the SECR models because of its long tail 

(Efford, 2017). Secondly, the form of the HHR function does not respect the only statistical 

assumption about the detection functions, namely the strict decline of pij with dij, because of 

its plateau. The HAN function does also not respect this statistical assumption as it involves 

a peak of pij for a ring delimited around the activity centre. Consequently, the HAN may also 

not be prioritized over the HEX and HHN functions. Moreover, the limited number of 

deployed stations due to physical constraints, such as in most cat studies, does not allow a 

very detailed spatial information on jaguar behaviour. This likely restricts the possibilities 

for the SECR models to identify a hazard or annular behaviour, such as in our study where 

the w parameter of the HAN is null except for one survey. Thus, with a small number of 

stations, detection functions of strict decline as HHN and HEX may have more chance to fit 

the capture data in addition to respect the statistical assumption of the SECR model. Because 

no statistical difference was identified between the CV of �̂�s provided by these two detection 

functions, the choice of one function over another can only be arbitrary in our case. However, 

the AICc values mainly but shortly gave the HEX function as the best model for 8 surveys over 

13, against only 1 for the HHN function. Thus, we could prefer the HEX function over the 

HHN; nonetheless, as the latter is mainly used in studies using SECR models, it could be 

preferable to use the HHN function for comparison purposes. 

The sex-covariates models provided the highest inter-annual variance and the highest 

average �̂� standard error compared to the null general and male models. Except for the 

model in 2013, none of the sex-covariates models provide the lowest AICc value. In addition, 

the sex-covariates models reached three times the maximum iteration limit, which suggests 

that these models did not fit the datasets for certain surveys. Thus, according to these results, 

the sex-covariates models are not the best models to describe our datasets. However, this 

does not mean that there is no sexual difference in the σ and/or in the λ0. Firstly, telemetry 

data showed that female jaguars have smaller HR than males (Rabinowitz and Nottingham, 

1986). Secondly, the totality of our samples presented a strong sex bias in favour of males, 

which is concordant with most of cat studies where females are under sampled compared to 
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males (e.g. Karanth, 1995; Soisalo and Cavalcanti, 2006). Rather than a natural persistent 

unbalanced sex ratio, the study design and more precisely the use of trails to deploy the 

stations are most likely the reason of this capture heterogeneity. If females seem to avoid 

trails, it could be related to the fact that the cubs are exclusively under their care: in order to 

protect them, females could want to reduce the risk of encounter with males, humans, or 

other animals which can be aggressive (e.g. herd of white-lipped peccaries) which is higher 

in trails. This sexual bias in captures is problematic when dividing the sample into two female 

and male groups for models with sex-covariates. At best, the number of detected females was 

half the one of males (8 females for 15 males in 2015). For some surveys, the ratio is extremely 

biased with a very poor inventory of females (1 for 9 in 2003, 1 for 16 in 2006), and for most 

of the surveys the capture rates per female are extremely low. Spatial information on females 

is consequently very limited. This makes the use and the results of models with sex-covariates 

questionable. Moreover, one recent jaguar studies succeeded to capture during a four-month 

survey more females than males (10 females for 7 males) in French Guiana (Petit et al., 2017). 

In this study, the σ model provided the lowest AICc value compared to the null general model. 

This reinforces our interpretation that the sex-covariates models of our study are not 

identified as the best models not because of an absence of sexual differences in spatial 

behaviour but because of a lack of information about females. In this situation, the use of the 

null general or male models seems more appropriate. The general model provided 

significantly higher SE than the null male model. This means without doubt that the few 

females incorporated into the general dataset decreased the precision of the �̂�s. This is most 

likely explained by the low female capture rate, which is comparable to the capture rates of 

transient individuals (i.e. not settled in the area). The transient capture rate artificially 

inflates �̂�, but also the SE as a result of the lack of sufficient spatial information. In addition, 

the null male model provided for 11 surveys on 12 (2002 being not including) the lowest AICc 

values. Because of these elements, we cautiously recommend the use of the male-restricted 

datasets instead of the general datasets when the sex bias is strongly unbalanced and in 

favour of males, and that the few detected females have a very low individual capture rate. 

Thus precise and accurate density estimates for males are obtained. If we consider that the 

sex ratio of the population is balanced, we could double the male density to obtain the whole 

population density. However, this extrapolation could be risky for two reasons. First, females 

generally have smaller HR sizes than males, and second the HR overlap process between 

males and females is most likely different than between males only. Consequently, the 
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assumption of a potential 1:1 sex ratio in the population should not justify by itself this 

extrapolation.   

The SECR models computed with the ML inference and using the HHN detection function 

and the male-restricted datasets should therefore provide amongst the most accurate and 

precise �̂�s. Thus, from the 13 samples collected between 2002 and 2016, the male density of 

the jaguar population in the CBWS is estimated at 2.48 ± 0.69 per 100 km² (mean ± SD, N=13). 

To compare this result to others, scientists have to keep in mind that this only concerns male 

density. The entire population density is expected to be higher, even if an extrapolation is 

hard to produce with the current knowledge on female jaguars. Nevertheless, male bias 

concerns most of cat studies and comparisons with these studies can be easily done if they 

are using the SECR model with the HHN function. The estimated male density ranges from 

1.25 ± SE 0.56 in 2003 to 3.60 ± SE 1.04 in ind./100 km² in 2005. Imputed to natural population 

fluctuations, the difference of 2.35 ind./100km² between the minimum and maximum could 

have led to misinterpretations of the CBWS jaguar population status. Indeed, if a unique 

survey in 2005 has been carried out, the jaguar population of the CBWS could have been 

considered as very dense, and vice-versa if it has been in 2003. This phenomenon can also 

apply to other jaguar or elusive animal populations. This brings us questions about the 

relevance of the habit in conservation to rely on density estimate of elusive animals as jaguars 

over only one survey, which is very sensible to population fluctuations. Thus, inaccurate 

decisions in conservation as defining conservation units could have been made. The 

possibility to extend the survey period over several years (e.g. at least three years for jaguars) 

should be the solution to this problem. 

4.2 Home range size estimation and relationship between density and the home range size  

The Home Range (HR) radiuses estimated through the MMDM and ½ MMDM heuristic 

methods are not satisfactory in our study as the computed 𝐸𝑇�̂� from these estimates are 

underestimated for every survey compared to the ones of the SECR model. This means that 

the number of HRs fully covered by the trap array is not big enough to compensate the 

number of truncated HRs of the individuals living near the edges of the array.  

For this reason, we should focus on the HR sizes provided by the different SECR models, 

and so the spatial scale parameter σ they involve (as σ defines the radius of the HR). The 

inverse trend of the �̂�s provided by the SECR models compared to the trends of the 

corresponding �̂�𝑠 curves is a good mean to see the relationship between the two kind 

estimates. Thus, the higher �̂�, the higher the HR radius and size, and the smaller the of �̂� the 
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population. This may reflect a tendency for the population to adapt the individual HR with 

density, increasing the size of the HR and so the individual resources when intraspecific 

competition is low in the area. The difference in �̂�𝑠, and consequently the HR size, are the 

most noteworthy for the models computed with the different detection functions (and 

general datasets) (Table 3.1, Fig 3.5.B). As a result of the first part of the discussion, we focus 

on the HHN and HEX detection functions. The HHN function provided less variable 95% HR 

area across time compared to the HEX function. Moreover, the HHN function provided 

smaller HR estimates than the HEX function (mean ± SD, N=13): HHN HR = 157 ± 61 km², HEX 

HR = 218 ± 95 km². The HHN function is consequently more consistent with the 149 and 115 

km² HR estimated from two radio-collared males in the CBWS (Harmsen, unpublished data). 

This element could allow us to solve the uncertainty of the choice between the two detection 

functions, by favouring the HHN function. Notably, for the two detection functions, the 2003 

and 2013 year gave two very unlikely HR sizes. In 2003 the model with Bayesian inference and 

the subjective S gave a similar �̂� to the ones with objective S (Fig 3.4), but it gave a 

noteworthy lower �̂� in 2013. In the 2013 subjective density map, epicentres of high densities 

were clearly identified when the 2013 objective map is almost constituted of only very low 

density points (Appendix 3.3). This is maybe the evidence that the subjective S provides 

more trustworthy results than the objective S for specific dataset configuration (here, the 

2013 has a low number of captures but it is not the lowest). We can only apply this suggestion 

for Bayesian inference, but the ML inference should provide similar results with a subjective 

S. The null male model (consequently with objective S) present the same problems of HR size 

in 2003 and 2013 as the null general model (Appendix 3.9). The slightly smaller estimated HR 

size of the male-restricted model (153 ± SD 62) confirms our choice of using the null male 

model over the general model in our situation. Concerning the sex-covariate models, the 

greater imprecision and inaccuracy of their density and σ estimates bring us to avoid any 

analysis of female and male HR size.  

The results from the AICc table (Table 3.2) demonstrates the dependence of the HR size 

over the density. This confirms the previous observation which highlighted the inverse trend 

of �̂� compared to �̂�. Interestingly, the k parameter provided by the model 4 and the general 

datasets is greatly close to the k parameter estimated by Efford et al. (2016) with different 

tiger Panthera tigris populations sampled by camera-trapping in India (Jhala et al., 2011): �̂� =

 0.538 ± SE 0.018 in our study, �̂� = 0.555 ± SE < 0.001 in Efford et al. In contrast, the k parameters 

estimated for populations of animals less closely-related to felids as brushtail possums 
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Trichosorus vulpecula and ovenbirds Seiurus aurocapilla provided further estimates: �̂� = 1.033 ± 

SE 0.051 and �̂� = 0.676 ± SE 0.027 respectively. Consequently, we found a similar S95 index 

(5.44) to the one of Efford et al. for tigers (5.6). This could bring to light the common spatial 

behaviour amongst jaguars and tigers, which share a common ancestor 4 million years ago 

(Johnson et al., 2006). However, it is important to note our study involves a presumed stable 

population with a generally high density. Consequently, only two �̂�𝑠 are low (Fig 3.7); 

removed from the datasets, the computations could only be done with �̂�𝑠  that are all over 2 

ind/100 km² and are part of the plateau in Fig 3.7. Thus, the relationship between σ and �̂� 

could not have been as significant. One of these two low �̂�𝑠 is from 2013. As discussed before, 

this density is likely underestimated as the analysis with the subjective S show more likely 

result. Nevertheless, the data from Jhala et al. (2011) used to compute the k parameter also 

involves questionable  �̂�, as the number of detected tigers could be as low as 3 per site.  

 Amongst the models 4 with the two kind of datasets, the one with the male-restricted 

dataset involved a noteworthy reduction of the AICc value. This is one more element in favour 

of the use of the male-restricted dataset when the female data is extremely limited. According 

to our results, the use of model 4 with sex-covariates for k if female data is sufficient would 

probably be better. 

The kernel analysis only based on camera-trap data was expected to produce smaller HR 

areas because of the spatial information limited to the trap array (as evidenced by the HRs 

centred on cameras, Appendix 3.10). For the 11 surveys for which the computations worked, 

the estimated HR size of the kernel analysis of 90 km² meets the expectation. However the SD 

of 20 km² of the HR estimates is considerably lower than the ones of the SECR models. 

Considering their confidence intervals of ± SD, the HR estimates from the HHN function 

model and from the kernel analysis are overlapping. Thus, even if the kernel method is 

limited to the trap array, the estimated individual HR are relevant enough to justify the BA 

index computations. The 𝐵�̂� mean of 0.363 ± SE 0.134 (N=11) is smaller than the male �̂� (0.468 

± SE 0.018). Because the kernel analysis is limited to the trap array, it should overestimate the 

overlapping between males and be higher than the male �̂�. However, the kernel analysis only 

takes into account the captured individuals (and only the ones with enough recaptures), 

which should underestimate the overlapping. Hence, because the 𝐵�̂� and male �̂� are 

overlapping due to the confidence interval of 𝐵�̂�, the kernel analysis seems to surprisingly 

provide relevant overlap results in comparison to the low amount of data it analyses. The 



  Discussion 

37 
 

calibration between 𝐵�̂� and male �̂� can be useful for scientists studying the bias of the kernel 

analysis about overlap estimation.  

5. Conclusion 

The accurate and precise estimations of density and home range size are major concerns 

in wildlife conservation. To bring to light the best methodologies which could meet such 

expectations, we focused on the unique camera-trapping datasets on a jaguar population in 

a protected area of Belize. To date, this monitoring is the longest ever carried out and have 

produced 13 annual samples of the population over the 2002-2016 period. Contrary to 

simulation studies, it was therefore not possible to know the true values of density and 

averaged home range size. However, the advantage of our datasets is to incorporate the 

natural fluctuations that can present a jaguar population in a protected area and thus, to be 

as representative of real ecological processes as possible that none of statistical simulations 

could perfectly reproduce.  

We have tested the influence of the traditional capture-recapture models and the newly 

developed spatially explicit capture-recapture models on the accuracy and precision of their 

density and home range size estimates. The result is final: the CR models constantly 

overestimate the density and underestimate the HR size. The comparison between studies of 

estimates from SECR models and CR models is not advisable, and the updating of the CR 

estimates thanks to SECR model is strongly recommended. After examining the different 

possibilities of inference and parameterization in the basic SECR models, we conclude that 

the choice between Bayesian or ML inferences did not greatly influence the estimates. The 

use of subjective state-spaces may be preferable, as well as the Half-Normal detection 

function. Finally, the models with sex-covariates should be avoided when having strong 

unbalanced sex ratio in the number of detected individuals and in the individual capture rate. 

In the male bias scenario, we found that the datasets restricted to males captures provided 

more reliable estimates. Because male biased samples are common in cat studies, finding 

ways to extrapolate the estimated male density to the whole population by studying the 

differences of spatial behaviour and use of trails between males and females in felid species 

seems to be the next step. To finish, study periods incorporating several surveys are greatly 

recommended, in order to be free from any misinterpretation due to natural fluctuations in 

density. This design also allows the identification of the σ density dependent parameter, 

which is ecologically more realistic and provided relevant results.   
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Appendix 2.5. Characteristics of sample effort for each of the annual survey. 
The dates correspond to the start date and the end date of the survey period 
taking into account for the statistical analyses. The days correspond to the 
length of the survey period. The effort is the total number of 1 value of the trap 
effort file. It represents the sum for all the stations of the number of days for 
which the stations were effective. The maximum effort possible is the number 
of days times the one of deployed stations.       

Survey Dates Days 
Deployed 
camera-
stations 

Effort Maximum 
effort 

2002 1 Feb. – 31 Mar. 59 20 1180 1180 
2003 5 Feb. -  10 Apr. 65 19 1177 1235 
2004 20 Feb. – 10 May 81 19 1467 1539 
2005 19 Mar. – 16 Jun. 90 19 1666 1710 
2006 14 Mar. – 25 May 73 19 1371 1387 
2007 20 Apr. – 18 Jul. 90 19 1589 1710 
2008 14 Apr. – 8 Jul. 86 19 1397 1634 
2011 18 Apr. – 4 Jul. 88 19 1596 1672 
2012 1 Apr. - 28 Jun. 89 20 1780 1780 
2013 19 Mar. – 16 Jun 90 21 1775 1890 
2014 1 Jan. – 4 Apr. 94 21 1774 1974 
2015 1 Apr. – 30 Jun. 91 20 1794 1820 
2016 15 Apr. – 15 Jul. 92 18 1610 1656 

Appendix 2.4. Pantheracam V4.  
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Appendix 2.6. Extract of one trap effort file used for the SECR analyses. The column #Detector corresponds to the name of the deployed stations. X and 
Y columns refer to the x and y coordinates of the stations (coordinate system: NAD27 / UTM zone 16N).  Each column without header corresponds to one 
occasion (i.e. day). The 0 value means that none of the two traps of the station were effective (on this extract, they were not settled yet).  The 1 value means 
that at least one of the two traps of the station was effective.   

Appendix 2.7. Extract of one capture history file used for the SECR analyses. The ID column 
refers to the unique name given to the individual; the first letter corresponds to the sex, the two 
first number to the year of the first identification of the individual and the last number to the 
position on the list of the individuals identified for the first time the same year (e.g. M11-8 is a 
male and the 8th individual to have been identified for the first time in 2011). The Occasion and 
Detector columns correspond to the occasion and station of the detection (i.e. capture). The Sex 
column is used in sex-covariates models.  

There are as many lines as captures. There can only be one capture per individual at the same 
station during the same occasion.  
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Appendix 3.2. λ0 estimates provided by the SECR model using two types of 
inference, Maximum Likelihood (red) and Bayesian (blue), and two types of 
state-space S for the Bayesian inference, objective (circle) or subjective 
(square), computed for every annual survey separately. The standard errors 
bars are indicated for every estimates. 

 

Appendix 3.1. Female (green) and male (yellow) smoothed distributions of the 
individual capture rate for the entire study period (13 surveys). The dotted lines 
represent the female and male medians of the distributions (female median = 3, 
N = 29; male median= 11, N = 60). The male distribution is stretched by a few very 
large male capture rates over the study period (50, 51, 53, 59, 69, 94, 95, 123, 147, 
148 total captures/individual). 
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Appendix 3.3. (Pages 49 to 52) Density maps from 2002 to 2016 produced by 
SPACECAP showing jaguar densities in ind./km² estimated for every pixel of 
the objective (top map for 2002, left column for the other years) or subjective 
(bottom map for 2002, right column for the other years) state-spaces. Every 
pixel is of size 0.1024 km². The ecosystem map from 2001 BERDS data are 
displayed for the 2002 year. The location of the CBWS within Belize is provided.  
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Appendix 3.5. Estimates of w and z, the additional parameters of the HAN and 
HHR detections functions respectively, provided by SECR models with ML 
inference. NaN and Inf both mean that no w SE value could be sensibly defined 
by the computations (in our case the w SE were too close to 0).  

 2002 2003 2004 2005 2006 2007 2008 2011 2012 2013 2014 2015 2016 

w 
1.28 
e-05 

2.65 
e-05 

2.64 
e+03 

1.55
e-05 

3.33
e-07 

1.65
e-05 

2.39
e-04 

2.21
e-07 

3.47
e-03 

1.58
e-04 

2.69
e-04 

1.07
e-05 

5.05
e-06 

w SE NaN NaN 1071 Inf NaN NaN NaN NaN Inf Inf NaN 
1.3 

e-12 Inf 

z 3.65 4.54 37.7 6.08 2.87 3.76 4.58 6.02 4.61 10.3 3.41 4.64 3.49 
z SE 0.73 1.08          82.1 2.03 0.30 0.75 0.64 1.10 0.64 2.55 0.44 0.51 0.40 

 

 

Appendix 3.4. λ0 estimates provided by the SECR model using one of the four 
detection function: Hazard Annular (red), Hazard Exponential (blue), Hazard 
Half-Normal (green) and Hazard hazard rate (purple). Each annual survey has 
been computed separately. The standard errors bars are indicated for every 
estimates. 
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Appendix 3.6. AICc table of the SECR models using different detection functions: Hazard Half-Normal (HHN), Hazard 
Exponential (HEX), Hazard Annular Normal (HAN), Hazard hazard rate (HHR). The results are given per annual survey. The 
NP refers to the number of parameters of the model. The ΔAICc is the difference between the AICc of the model and the 
smallest one. The models with the lowest AICc per annual survey are highlighted in yellow.  

  2002 2003 2004 2005 2006 2007 2008 

Model NP AICc ΔAICc AICc ΔAICc AICc ΔAICc AICc ΔAICc AICc ΔAICc AICc ΔAICc AICc ΔAICc 

HHN 3 397.467 6.89 576.397 0.13 965.334 4.28 874.595 3.09 1202.021 11.18 1718.95 18.40 898.752 3.40 

HEX 3 390.574 0.00 576.384 0.00 972.677 11.63 871.502 0.00 1190.838 0.00 1700.544 0.00 896.270 0.91 

HAN 4 402.705 12.13 582.397 6.013 966.404 5.35 877.852 6.35 1205.508 14.67 1721.80 21.26 902.570 7.21 

HHR 4 391.632 1.06 586.697 10.31 961.051 0.00 877.489 5.99 1195.736 4.90 1719.640 19.10 895.36 0.00 
 

  2011 2012 2013 2014 2015 2016 

Model NP AICc ΔAICc AICc ΔAICc AICc ΔAICc AICc ΔAICc AICc ΔAICc AICc ΔAICc 

HHN 3 1981.330 4.23 1270.951 9.94 1460.008 0.00 1463.620 29.82 1656.861 11.36 1170.655 23.84 

HEX 3 1981.996 4.90 1261.015 0.00 1464.687 4.68 1437.666 3.86 1645.496 0.00 1146.810 0.00 

HAN 4 1984.350 7.25 1273.910 12.90 1463.644 3.64 1466.478 32.67 1659.820 14.32 1173.912 27.10 

HHR 4 1977.104 0.00 1269.233 8.20 1467.194 7.19 1433.803 0.00 1647.873 2.38 1148.596 1.79 
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Appendix 3.7. λ0 estimates provided by the SECR sex-covariate models. The n°1 refers to the null general model 
(green) and its λ0 estimates correspond to both males and females. The n°2 refers to the null male model (green) 
and its λ0 estimates only correspond to males. The sex-covariates models of n°1 are not conditional-on-N. The 
sex-covariates models of n°2 are conditional-on-N. For n°1 and n°2, the λ0 (orange) and λ0  & σ models (pink) give 
λ0 estimates for males only; the λ0 estimates of the σ model (purple) are for both males and females. The 
standard errors bars are indicated for every estimates. The estimates provided by σ and σ & λ0 models in 2005 
for n°1 and the σ model in 2007 and 2016 for the n°2 are not included because of computation errors. 

 

Appendix 3.7 Bis. Same figures as Appendix 3.7 but the 2015 λ0 estimate of the λ0 model on n°2 has been 
removed in 2* for easier comparisons between n°1 and n°2. 
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Appendix 3.8. AICc table of the SECR null general, null male and sex-covariate models. The sex-covariates models with * 
are conditional-on-N. The results are given per annual survey. The NP refers to the number of parameters of the model. The 
ΔAICc is the difference between the AICc of the model and the smallest one. The models with the lowest AICc per annual 
survey are highlighted in yellow.  

  2003 2004 2005 2006 2007 2008 

Model NP AICc ΔAICc AICc ΔAICc AICc ΔAICc AICc ΔAICc AICc ΔAICc AICc ΔAICc 

Null General 3 576.397 36.29 965.334 100.67 874.595 53.81 1202.021 28.06 1718.95 123.23 898.752 59.88 
Null Male 3 540.107 0.00 864.662 0.00 820.787 0.00 1173.962 0.00 1594.115 0.00 836.385 0.00 

λ0 5 596.618 56.51 996.384 131.72 897.685 76.90 1212.11 38.15 1675.88 80.16 886.284 49.90 

σ 5 597.898 57.79 995.673 131.01 896.606 75.82 1207.789 33.83 1676.848 81.13 890.977 54.60 

λ0 & σ 6 611.404 71.30 999.085 134.42 900.192 79.41 1212.68 38.72 1674.324 78.61 892.104 55.72 

λ0* 5 568.427 28.32 963.532 98.87 869.931 49.14 1200.828 26.87 1646.676 50.97 862.371 25.99 

σ* 5 571.207 31.10 959.035 94.37 869.106 48.32 1188.573 14.61 1626.289 30.57 867.601 31.22 

λ0 & σ* 6 574.321 34.21 962.375 97.71 871.095 50.31 1186.286 12.32 1645.016 49.30 871.749 35.37 

  2011 2012 2013 2014 2015 2016 
Model NP AICc ΔAICc AICc ΔAICc AICc ΔAICc AICc ΔAICc AICc ΔAICc AICc ΔAICc 

Null General 3 1981.330 102.91 1270.951 184.037 1460.008 97.89 1463.620 243.36 1656.861 251.62 1170.655 186.32 

Null Male 3 1878.419 0.00 1086.914 0.00 1371.620 9.50 1220.265 0.00 1405.238 0.00 984.337 0.00 

λ0 5 2010.919 132.5 1303.303 216.39 1397.787 35.67 1488.545 268.28 1665.714 260.48 1171.424 187.09 

σ 5 2011.165 132.75 1300.025 213.11 1400.947 38.83 1475.115 254.85 1686.557 281.40 1179.781 195.44 

λ0 & σ 6 2014.234 135.81 1303.47 216.56 1400.141 38.02 1478.624 258.36 1669.383 264.14 1775.617 191.28 

λ0* 6 1975.539 97.12 1259.647 172.73 1376.301 14.19 1440.801 220.536 1636.228 230.99 1133.551 149.21 

σ* 5 1963.369 84.95 1257.84 170.93 1362.119 0.00 1440.082 219.817 1646.389 241.15 1124.861 140.52 

λ0 & σ* 6 1966.13 87.71 1256.816 169.90 1362.905 0.79 1440.868 220.603 1633.096 227.86 1135.755 151.42 
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Appendix 3.9. Estimated HR areas in km² including 95% of the activity computed using the secr function circular.r (four first 
rows) or the kernel analyses for the male-restricted dataset (last row). The null general and male models are the ones from 
the section 3.5, run as single-session with the general or the male-restricted datasets. The General and Male 4 models are 
the multi-session models used with the constant k parameterisation. X are missing values due to failed computation.  

 

 

 

   

Model 2002 2003 2004 2005 2006 2007 2008 2011 2012 2013 2014 2015 2016 

Null 
General 114 236 135 103 164 165 139 136 153 327 113 120 138 

General 4 152 312 135 95 158 167 152 143 125 335 106 142 127 

Null Male 114 235 138 101 164 160 131 136 161 321 116 109 101 

Male 4 142 255 133 90 172 170 110 130 137 115 85 121 148 
Kernel 

analyses 92 110 100 58 X 72 88 X 120 121 72 80 76 

Appendix 3.10. Estimated Home Ranges 
(HRs) produced in R by the Kernel analyses 
with the male-restricted datasets. The 2006 
and 2011 computations failed. Within 
survey, each colour indicates one individual 
HR (but the same colour across surveys does 
not mean the HR of the same individual). 
The locations of the traps are provided 
(white points).   
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Model Parameter 2002 2003 2004 2005 2006 2007 2008 2011 2012 2013 2014 2015 2016 MEAN SD
CR 1/2 MMDM General Density 8.59 4.95 29.88 12.76 7.55 10.02 7.50 15.95 13.13 6.72 13.85 12.94 7.52 11.64 6.41

SE 1.12 0.25 4.43 2.69 0.78 0.66 0.44 2.14 1.04 1.80 1.09 0.87 0.57 1.38 1.15

CR MMDM General Density 4.33 2.44 14.78 6.28 3.70 4.94 3.70 7.73 6.49 3.30 6.85 6.40 3.67 5.74 3.16

SE 0.80 0.17 3.08 1.86 0.54 0.46 0.30 1.44 0.73 1.24 0.76 0.60 0.39 0.95 0.80

SECR ML HHN General Density 2.23 1.40 4.16 4.58 2.71 3.63 2.57 3.65 4.00 1.59 4.82 3.81 2.89 3.23 1.09

SE 0.82 0.60 1.04 1.20 0.71 0.82 0.75 0.83 0.96 0.48 1.05 0.85 0.97 0.85 0.20

SECR Bay. Obj S. General Density 2.39 1.64 4.32 4.67 2.95 4.05 2.77 3.85 4.27 2.23 5.02 4.08 3.57 3.52 1.03

SE 0.60 0.35 0.74 0.97 0.45 0.49 0.48 0.50 0.63 0.24 0.71 0.52 0.64 0.56 0.19

SECR Bay. Sub S. General Density 2.77 1.93 4.82 5.04 3.31 4.60 3.35 4.60 5.14 4.58 5.88 5.05 4.25 4.26 1.11

SE 0.63 0.37 0.73 0.92 0.42 0.46 0.51 0.51 0.65 0.52 0.79 0.60 0.63 0.59 0.15

SECR ML HHR General Density 1.68 1.20 4.24 4.71 1.85 2.71 2.34 3.31 3.82 2.14 4.33 3.08 2.25 2.90 1.12

SE 0.70 0.67 1.00 1.29 0.59 0.74 0.73 0.80 0.97 0.59 1.09 0.77 0.71 0.82 0.21

SECR ML HEX General Density 1.95 1.20 4.16 4.83 2.61 3.46 2.43 3.64 3.83 1.39 5.04 3.30 2.98 3.14 1.20

SE 0.75 0.49 1.06 1.29 0.70 0.77 0.72 0.83 0.93 0.42 1.13 0.74 0.84 0.82 0.24

SECR ML HAN General Density 2.23 1.40 4.09 4.58 2.71 3.63 2.57 3.65 4.00 1.59 4.82 3.81 2.89 3.23 1.09

SE 0.82 0.60 1.02 1.20 0.71 0.82 0.75 0.83 0.96 0.48 1.05 0.85 0.97 0.85 0.19

SECR Male dataset   HHN MLMale Density 2.23 1.25 2.92 3.60 2.55 2.79 2.10 2.81 2.86 1.30 3.21 2.58 2.05 2.48 0.69

SE 0.82 0.56 0.85 1.04 0.69 0.71 0.67 0.72 0.79 0.42 0.84 0.70 0.76 0.74 0.15

SECR λ0 General Density 1.52 4.43 X 2.98 5.03 3.90 3.78 4.13 2.60 6.69 5.45 4.26 4.07 1.41

SE 0.65 1.16 X 0.86 1.36 1.32 0.90 1.02 0.82 1.50 1.34 1.22 1.10 0.27

SECR λ0 cond. on N   Male Density 2.03 2.97 3.76 2.55 2.92 3.57 2.83 3.74 2.70 4.68 2.33 3.51 3.13 0.74

SE 0.77 0.84 1.10 0.68 0.75 1.53 0.72 1.07 0.82 1.22 0.65 1.40 0.96 0.30

SECR σ General Density 1.39 6.22 39.78 4.00 8.07 3.86 3.87 5.69 2.93 9.19 3.07 3.06 7.59 10.38

SE 0.60 2.28 21.74 3.02 3.07 1.19 1.07 1.59 0.84 2.38 0.74 0.91 3.29 5.88

SECR σ cond. on N Male Density 2.42 3.40 3.91 2.92 X 2.70 3.60 5.56 3.26 4.92 1.93 X 3.46 1.11

SE 1.07 1.00 1.16 0.82 X 1.18 1.05 2.00 1.25 1.37 0.61 X 1.15 0.37

SECR λ0 and σ General Density 1.54 6.03 X 4.07 7.81 3.82 4.41 5.61 4.11 9.20 5.59 4.46 5.15 2.07

SE 0.68 2.49 X 3.41 3.26 1.49 1.70 1.60 1.44 2.39 1.53 1.37 1.94 0.84

SECR λ0 and σ 

cond. on N                           Male Density 2.64 3.31 3.86 2.73 2.81 2.75 3.46 4.11 3.01 5.10 2.18 4.36 3.36 0.85

SE 1.15 1.00 1.19 0.82 0.73 0.92 1.02 1.57 1.18 1.35 0.62 1.88 1.12 0.36

Appendix 3.11. Computational results for the density estimates which are used for the figures. The mean and the standard 
deviation are provided. Oblique bars mean an impossibility to run the model, and X values mean that the computations failed.  

 


