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Abstract 

The rapid improvement of camera traps in recent decades has revolutionized biodiversity 

monitoring. Despite clear applications in conservation biology, camera traps have seldom been used 

to model the abundance of unmarked animal populations. The goals of this review are to summarize 

the challenges facing abundance estimation of unmarked animals, present an overview of existing 

analytical frameworks, and provide guidance for practitioners seeking a suitable method. When a 
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camera records multiple detections of an unmarked animal, one cannot distinguish whether the 

images represent multiple mobile individuals or a single individual repeatedly entering the camera 

viewshed. Furthermore, animal movement obfuscates any clear definition of the sampling area, and 

as a result, the area to which an abundance estimate corresponds. Recognizing these challenges, we 

identify six analytical approaches and review 927 camera trap studies published between 2014 and 

2019 to assess the use and prevalence of each method. Only about 5% of the studies use any of the 

abundance estimation methods we identify. Of these, most studies estimate local abundance or 

covariate relationships rather than using models to predict abundance or density over broader 

areas. Next, we provide a primer on the data requirements, assumptions, advantages, and 

disadvantages of each analytical approach. Finally, we provide a series of considerations to help 

practitioners select a suitable method for their particular applications and call for a broad-scope 

simulation study to compare the performance of the methods under common conditions. The 

challenge of estimating abundance of unmarked animal populations persists despite multiple 

potential methodologies, as no one method appears to be the best solution for use with camera 

traps. As analytical frameworks continue to evolve and abundance estimation of unmarked animals 

becomes increasingly common, camera traps will become even more important for informing 

conservation decision-making. 

 

A key frontier for camera trapping: abundance estimation of unmarked animals 

 

 Biodiversity loss is accelerating as humans exert greater pressure on natural ecosystems 

(Vitousek et al. 1997; Butchart et al. 2010). In response to biodiversity loss, patterns and changes in 

population abundance and density are critical metrics for guiding conservation decision-making 

(Mace et al. 2008). Traditional abundance estimation methods are challenging to implement 

because they usually require capturing and marking animals. In recent decades, camera traps have 
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emerged as a valuable tool to monitor animal populations and represent a possible alternative to 

traditionally intensive methods (Fig. 1; O’Connell et al. 2011; Burton et al. 2015; Wearn & Glover-

Kapfer 2019). Researchers around the world have used camera traps for diverse analytical goals, 

including behavior, occupancy, and species richness (Burton et al. 2015). To date, however, camera 

trap studies that estimate abundance focus almost exclusively on marked (individually 

distinguishable) animals (Fig. 1). As a result, estimating the abundance of unmarked animal 

populations remains a significant challenge and represents a key frontier for camera trapping. 

 We have three goals with this review: 1) describe the challenges facing abundance 

estimation of unmarked populations; 2) review current methods for estimating animal abundance 

using cameras with a focus on data requirements, assumptions, advantages, and disadvantages, and; 

3) highlight considerations for practitioners designing studies to model the abundance of unmarked 

animals using camera trap data. 

 

The challenges of individual identity, animal movement, and space 

 

Many traditional abundance estimation methods require marked individuals (Borchers et al. 

2002; Williams et al. 2002). Camera trap data can be used in these frameworks in rare cases when 

individuals are identifiable by pelage pattern or natural marks such as scars (Karanth & Nichols 1998; 

Jimenez et al. 2017). However, distinguishing individuals in images or marking animals is often not 

feasible (but see Schneider et al. (2019) for review of emerging computer vision methods to 

distinguish “unmarked” individuals from images). Consequently, multiple detections of an unmarked 

animal at a camera could represent multiple mobile individuals or a single relatively sedentary 

individual. In addition, a camera will not always detect an animal that is present; therefore, an 

abundance estimator must 1) disentangle the multiple-mobile versus single-sedentary problem 

while 2) correcting for animals present but not detected.  
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Abundance requires reference to space to be meaningful, either by reporting the area to 

which an abundance estimate corresponds (e.g., “we estimated an abundance of 10 squirrels in the 

5 km2 reserve”) or by estimating population density (e.g., “we estimated a density of 2 squirrels per 

km2”). However, the effective sampling area of a camera—the area that a camera samples, given 

how far detected animals move—is generally unknown because animal movement information is 

usually not known (Fig. 2). Consequently, the sampling frame—the broader study area about which 

we wish to make inference—is generally also unknown (Fig. 2). Various methods address the 

challenge of space in one of three ways. First, some methods estimate abundance at camera 

locations without any reference to space, meaning that one must assign the estimate to an arbitrary 

area (Fig. 2A). Second, some methods estimate abundance within an area explicitly defined in the 

model by accounting for where and when animals are detected (Fig. 2B). Third, some methods 

estimate density within the collective viewsheds of cameras, which are assumed to be 

representative of the sampling frame (Fig. 2C-E). Depending on the method, the viewshed is defined 

as either 1) the area within which animals can be detected by a camera’s motion sensor (detection 

viewshed) or 2) the total area photographed by a camera (total viewshed). 

 

Methods to estimate abundance or density from camera trap data 

 

Here, we provide an overview of abundance estimation methods for unmarked animals that 

can be applied with camera traps. We review the data requirements, assumptions, sampling 

requirements, extensions, advantages, and disadvantages of the following methods: site-structured 

models (including N-mixture and Royle-Nichols models), unmarked spatial capture-recapture, the 

random encounter model, the time-to-event model, the space-to-event and instantaneous sampling 

models, and distance sampling (Table 1). We assembled this list of methods as an exhaustive list of 

abundance estimation methods that do not require identification of individuals.  



 

 

 
This article is protected by copyright. All rights reserved. 

5 
 

 

Relative use of methods in recent literature 

 

We completed a literature review to assess the relative prevalence of the reviewed methods 

in published camera trap studies. We used Web of Science to search for papers published between 

2014 and 2019 using the following search terms: (camera trap* OR remote camera*) AND (wildlife 

OR mammal* OR bird*) (Burton et al. 2015). We completed the search on 2 May 2019 and reviewed 

the returned 1,150 papers. We omitted studies that did not use camera traps, exclusively presented 

review, or were purely methodological (e.g. developing software). We reviewed the 927 papers that 

satisfied these criteria and noted 1) whether the study used any of the methods we reviewed and 2) 

whether the population studied was unmarked. For studies that used the methods we reviewed, we 

noted 3) the inferential goal of the study (estimating abundance/density, quantifying covariate 

relationships, and/or predicting abundance/density at unsampled locations). Furthermore, we 

evaluated 4) whether each study listed or evaluated model assumptions. We classified a study as 

having evaluated assumptions if it a) deployed cameras in such a way to satisfy model assumptions, 

b) modified analyses to test or account for possible assumption violation, or c) discussed possible 

assumption violation and implications for interpretation. 

 Only 51 studies (5.5%) used the methods that we reviewed for estimating abundance (Fig. 

1). Of the 876 (94.5%) other studies, the most frequent analytical focuses were indices of relative 

abundance (310; 35.4%), behavior (304; 34.8%), occupancy (181; 20.7%), and species richness (178; 

20.3%). Indices of relative abundance based on detection rate remain the default analytical option 

for many practitioners (Sollmann et al. 2013b; Burton et al. 2015). Of the 51 studies that used the 

methods we identified, 22 (43%) used the Royle-Nichols model, 14 (27%) used the random 

encounter model, 13 (25%) used N-mixture models, and 4 (8%) used unmarked spatial capture-

recapture. The former three methods were the earliest to appear in the literature (2003, 2008, and 
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2004, respectively); thus, their prevalence in our sample is unsurprising. We did not capture any 

studies that used distance sampling, the time-to-event model, the space-to-event model, or the 

instantaneous sampling model, beyond the publications that introduced these methods. The 

majority (39; 76%) of studies using the reviewed methods reported abundance or density; fewer 

studies (21; 41%) reported covariate relationships; only 3 (6%) predicted abundance over a broader 

area. Finally, 28 (55%) of the studies listed model assumptions, and only 23 (45%) evaluated 

assumption violations in some way.   

 

An overview and description of available analytical methods 

 

Site-structured models. Site-structured models use replicated survey periods at independent 

locations (termed “sites”) to jointly model ecological and observational processes (Kéry & Royle 

2015). These models estimate abundance at each camera location, but because animals move 

beyond the detection viewshed, the effective sampling area of each camera location is some larger 

unknown region (Fig. 2A). Under the umbrella of site-structured models, the Royle-Nichols (RN) 

model (Royle & Nichols 2003) requires binary detection/nondetection data (whether or not a species 

is present in any photos during each replicate survey period), while N-mixture models (Royle 2004) 

require count data (the number of animals present in photos during each replicate survey period). 

Both models assume population closure of the site (no individuals enter or leave the 

population via birth, immigration, death, or emigration), that detection probability is equal for all 

individuals, no false positive detections (i.e., misidentifications or double counting of individuals), 

and that detections of individual animals at a camera are independent (Table 1; Royle & Nichols 

2003; Royle 2004). Practically speaking, the latter assumption implies that once an animal is 

detected by a camera, it is not any more likely to be detected during subsequent replicate survey 

periods. Site-structured models do not require random camera placement, meaning that cameras 
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can be placed on trails or baited. However, cameras should be spaced far enough apart that 

individuals are not detected at multiple cameras to ensure there is no overlap in the effective 

sampling areas of cameras. Either method can be extended to jointly analyze data for multiple 

species (Yamaura et al. 2011, 2012) or open populations (Dail & Madsen 2011; Rossman et al. 2016). 

N-mixture models can be extended to accommodate correlated detections (Martin et al. 2011). The 

RN does not perform well for common species because the binary detection histories will be 

saturated with 1’s and therefore contain little information; in such cases, count data used with N-

mixture models is preferable (Kéry & Royle 2015; Dénes et al. 2015). 

Site-structured models have the advantage of quantifying spatial variation in abundance as a 

function of covariates. However, site-structured models have the major disadvantage that the 

effective sampling area of cameras is unknown (Fig. 2; Kéry & Royle 2015). Consequently, predicting 

abundance (based on covariate patterns) across the remainder of the sampling frame or beyond is 

difficult and can only be done by arbitrarily defining predictive grid cell sizes (Fig. 2A). Finally, site-

structured models are sensitive to assumption violations (Barker et al. 2018; Knape et al. 2018; Link 

et al. 2018; Duarte et al. 2018). For example, Link et al. (2018) demonstrated that minor closure 

violation caused biased abundance estimates that could not be detected with goodness-of-fit 

checks. These limitations suggest that, unless their assumptions can be verified, site-structured 

models should be treated as indices of relative abundance. 

 

Unmarked Spatial Capture-Recapture (USCR). USCR is part of the spatial capture-recapture 

family of models, which estimate density by considering when and where animals are detected 

within an array of detectors (Fig. 2B; Royle et al. 2014). Unlike traditional forms of spatial capture-

recapture that require marked animals, USCR treats the individual identities of animals as latent 

variables (Chandler & Royle 2013; Royle et al. 2014). USCR estimates density by modeling the 

number and distribution of animal activity centers as a realization of a spatial point process within 
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the state space, an explicit region of inference defined within the model (Fig. 2B; Royle et al. 2014). 

USCR requires spatially correlated detection data—meaning that individual animals must be 

detected at multiple cameras—to make inference about the number and locations of the activity 

centers (Chandler & Royle 2013; Ramsey et al. 2015).  

USCR assumes that the activity centers of individuals do not move, that the activity centers 

exhibit no attraction or repulsion, that animals will be detected less frequently as the distance 

between their activity centers and a camera increases, and that the sampling frame contains all of 

the activity centers of animals detected by cameras (Chandler & Royle 2013). Unlike site-structured 

models that require cameras to be independent, USCR requires arrays of cameras spaced such that 

individuals are detected at multiple cameras, though the counts at individual cameras are assumed 

to be independent from one sampling occasion to the next (Table 1; Fig. 2B; Chandler & Royle 2013).  

USCR has the advantage of estimating abundance within a clearly defined area, thereby 

avoiding the unknown area problem of site-structured methods. Additionally, Evans & Rittenhouse 

(2018) extended USCR to incorporate spatial variation in density as a function of covariates, though 

further research is warranted to corroborate the robustness of such an approach. USCR has the 

disadvantage of being computationally expensive and restricted to Bayesian frameworks, which may 

be a barrier for some practitioners (Royle et al. 2014). Furthermore, USCR produces highly imprecise 

density estimates (Royle et al. 2014; Augustine et al. 2019) and is sensitive to choice of priors on σ, a 

parameter which can be interpreted as the spatial scale over which a camera detects an individual 

(Sun et al. 2014; Burgar et al. 2018). Finally, USCR is sensitive to assumption violations; density 

estimates will be biased if animal density and camera spacing relative to animal movement fall 

beyond a narrow range of values (Ramsey et al. 2015; Augustine et al. 2019).  

 

Random encounter model (REM). The REM treats individual animals like ideal gas particles 

and estimates density within the collective detection viewsheds of a camera array (Fig. 2C). The REM 
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estimates density from encounter rates (number of photographs from cameras per unit time), 

animal movement speed, and the camera’s detection viewshed, which consists of the radius of the 

effective detection zone and the horizontal angle of view (Rowcliffe et al. 2008).  

Importantly, the REM assumes that cameras are placed randomly relative to animal 

movement, meaning that cameras should be randomly deployed within habitat classes proportional 

to their use by animals and not target features that attract animals (e.g., trails). Additionally, the 

model assumes population closure of the sampling frame and that individual animals move 

independently of one another; for species that travel in groups, the average group size is required 

(Rowcliffe et al. 2008). Finally, the REM assumes that individual photos represent independent 

contacts between an animal and a camera (Table 1; Rowcliffe et al. 2008). 

An advantage of the REM is that it estimates density for a clearly defined area—the 

collective viewshed of cameras. However, extrapolating to the abundance for the sampling frame is 

problematic because the sampling frame must be arbitrarily defined unless the study targets a 

region with impermeable boundaries (e.g., an island; Fig. 2C). A further disadvantage of the REM is 

that it requires data that are difficult to measure, specifically animal movement speed (requiring 

telemetry or intensive observations of behavior) and detection viewshed (requiring measurement of 

detection zone in the field, calibrated to species of different sizes). Another disadvantage is that the 

REM does not allow inference about spatial variation in density, thus inhibiting covariate-driven 

prediction of density beyond the sampling frame. Finally, assumption violations, particularly non-

random camera placement relative to animals, leads to biased estimates. For example, Cusack et al. 

(2015) used the REM to estimate African lion density and found that cameras placed beneath shade 

trees (which attracted lions) led to biased estimates compared to a comprehensive population 

census. They overcame the bias by discarding daytime data and using only nighttime data when lions 

exhibited less attraction to trees (Cusack et al. 2015). The REM has recently been extended to the 

random encounter and staying time (REST) model, which does not require animal movement data—
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instead, the model relies upon staying time, which is the amount of time an animal remains within 

the viewshed (Nakashima et al. 2018). Staying time can be measured either from videos or 

consecutive photos (Nakashima et al. 2018). Additionally, the REST model can accommodate spatial 

variation in density as a function of environmental covariates (Nakashima et al. 2020). These 

advances suggest that the REST model may replace the REM in terms of feasibility and utility, though 

the same assumptions and sampling design considerations apply (Nakashima et al. 2018). 

 

Time-to-event (TTE) model. Like the REM, the TTE model uses detection rate and animal 

movement data to estimate density within the collective detection viewshed of cameras (Table 1; 

Fig. 2C; Moeller et al. 2018). Specifically, the TTE model uses the time (defined as the number of 

sampling periods) until the first detection of an animal within a longer sampling occasion (which can 

start at an arbitrary moment) to estimate density (Moeller et al. 2018).  

The TTE assumes population closure of the sampling frame, that camera locations are 

random relative to animals, and that animal detections are independent both in space (e.g., once an 

animal is detected at one camera, it is not any more likely to be detected by a neighboring camera) 

and time (e.g., an animal will not linger in front of a camera). Finally, in its current formulation, the 

TTE model assumes that detection is perfect.  

Unlike the REM, the TTE has the advantage of accommodating spatial variation in abundance 

across cameras with covariates (Moeller et al. 2018), which enables predictive modeling across the 

remainder of the sampling frame. However, the TTE has the disadvantage of relying upon restrictive 

assumptions. In particular, perfect detection is rarely a valid assumption for motion-triggered 

cameras. The TTE also relies heavily upon the assumption that animals are distributed according to a 

Poisson process; any consequences of violating this fundamental assumption have yet to be 

demonstrated. Additionally, while the density estimate clearly corresponds to the collective 

viewsheds of individual cameras, inference about the sampling frame requires arbitrary definition of 
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the sampling frame’s area. For example, Moeller et al. (2018) defined the sampling frame of their 

empirical example as a 2-km buffer around GPS fixes of an elk herd. In real-world applications, 

practitioners seldom have GPS-marked animals to define a biologically meaningful sampling frame, 

and moreover, placing a buffer around GPS points can be problematic and is analogous to defining 

the effective sampling area of cameras with site-structured methods. Generally, the difficulty of 

defining a sampling frame hampers predictive modeling of density beyond the sampling frame. 

Finally, simulations by Moeller et al. (2018) suggested that the TTE is negatively biased, particularly 

for slow-moving species. 

 

Space-to-event (STE) and instantaneous sampling (IS) models. The STE model is an extension 

of the TTE model but instead uses time-lapse photos; that is, cameras must be programmed to take 

photos at predefined times, regardless of whether an animal is present or not (Fig. 2D). The IS is a 

further extension of the STE that uses counts of animals in view of each time-lapse photo (Moeller et 

al. 2018).  

Both methods share the assumptions of the TTE model; however, the assumption of perfect 

detection is likely more tenable with time-lapse photos. Additionally, the STE and IS rely upon the 

total viewshed (in a time-lapse photo, an animal may be detected beyond the distance at which it 

would trigger the motion sensor), meaning the viewshed must be measured based on the maximum 

distance at which animals can be identified, likely with the help of natural landmarks (Moeller et al. 

2018). The STE estimates density from space (the number of cameras) until the first animal detection 

at a given moment in time (Moeller et al. 2018).  

The STE and IS have the advantage of not requiring animal movement data; density 

estimates are independent of animal movement because each sampling occasion is a snapshot 

moment in time. An additional advantage is that simulations demonstrate that the STE and IS are 

unbiased and seem to be robust to some variation in movement rate and population density 
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(Moeller et al. 2018). A major disadvantage is that time-lapse photos may make few or no detections 

of rare species, disqualifying STE and IS as options for such species. Additionally, neither STE or the IS 

model can accommodate heterogeneity in abundance across cameras. Therefore, predicting 

abundance (within the sampling frame and beyond) is problematic. Finally, as with the TTE model, 

while the density estimate clearly corresponds to the collective viewsheds of cameras, making 

inference about the abundance of the sampling frame relies heavily upon design considerations.  

 

Distance sampling (DS). Distance sampling is a well-developed class of methods for 

estimating population density (Buckland et al. 2001). Broadly, DS involves surveying transects or 

points, estimating the distance to detected animals, and fitting a detection function to the estimated 

distances, which allows the number of undetected animals to be estimated (Buckland et al. 2001; 

Borchers et al. 2002). Unlike traditional DS surveys in which observers move relative to animals, 

camera-based DS surveys involve stationary detectors that survey moving animals (Howe et al. 

2017). The Howe et al. (2017) formulation of DS requires measurement of each camera’s detection 

viewshed, a calibrated measurement of the distance to the detected animal in each photo, and a 

measure of temporal sampling effort across all cameras (Fig. 2E; Hofmeester et al. 2017; Howe et al. 

2017).  

DS assumes are that detectors are randomly located relative to animals, animals at distance 

0 are perfectly detected, that animals are detected at their initial location, that distances are 

measured accurately, and that detections are independent events in space and time (Table 1; 

Buckland et al. 2001). Camera traps must representatively sample the focal landscape and not target 

trails or other features that attract animals (Buckland et al. 2001; Howe et al. 2017).  

Like several other methods (Fig. 2C-E), DS has the advantage of estimating density within a 

clearly defined area (the collective camera viewsheds), though making inference about the sampling 

frame requires strong assumptions about sampling design. DS has the disadvantage of requiring data 
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that may be difficult to collect (viewshed, distances). Additionally, the Howe et al. (2017) 

formulation of DS does not permit inference about spatial variation in density, either within one 

camera array or across a sampling frame encompassing multiple arrays (Kéry & Royle 2015). 

Consequently, predictive mapping of abundance within or beyond the sampling frame based on 

covariate models is not possible. Hierarchical distance sampling permits modeling spatial variation in 

abundance as a function of covariates, but hierarchical DS has yet to be implemented with camera 

traps (Kéry & Royle 2015). Finally, DS is unbiased only when the study species is active and available 

for detection; researchers must account for the target taxon’s activity pattern and censor times 

when animals are not active or available (Howe et al. 2017; Cappelle et al. 2019). 

   

Practitioner considerations  

 

 Over the past 15 years, several methods have emerged to model abundance of unmarked 

animals from camera trap data. The intricacies of each method and the inconsistencies among them 

can be overwhelming for practitioners. Therefore, we provide a series of considerations that will 

guide practitioners to the method most appropriate for their application (Fig. 3). 

What is the focal species? While camera traps offer the opportunity of broad-spectrum 

monitoring of multiple species simultaneously (Burgar et al. 2019; Wearn & Glover-Kapfer 2019), 

interspecific variation in life history traits renders multispecies abundance estimation problematic. 

When planning a study, researchers should select a focal species (or a group of species with similar 

traits) and use knowledge of its life history to inform study design. First, how much space does an 

individual use over the timeframe of the study? One can find home-range estimates and movement 

behavior in the literature for many species. Such information is helpful for defining a sampling frame 

or determining the proper spacing of cameras. For instance, “site-structured” models assume that 

camera locations are independent, meaning that individual animals should not be detected by 
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multiple cameras; one could space cameras at least twice the diameter of an animal’s home range 

apart to ensure that individuals are not detected by multiple cameras. Second, how does the species 

use features of the landscape? Several of the methods (Table 1, Fig. 2C-E) require that cameras be 

located randomly relative to animal distributions. If a species uses forest 75% of the time and prairie 

25% of the time, randomly selecting camera locations without stratifying proportional to habitat use 

will result in nonrandom camera positions relative to animals. Third, roughly how common is the 

species? For a common species, methods requiring random camera placement or time-lapse photos 

may be appropriate, whereas a rare species may require nonrandom camera placement or bait to 

even be detected (Moeller et al. 2018). Finally, we note that multispecies abundance estimation 

requires careful study design to be well-founded. For example, Rich et al. (2019) estimated densities 

of seven marked species by employing a hybrid sampling design: half of the cameras were placed 

systematically with wide spacing (thus permitting density estimation for wide-ranging species), and 

the other half were placed randomly within the same area (thus falling within a range of distances of 

the systematic cameras, permitting density estimation for smaller-ranging species). For multiple 

unmarked species with different movement behavior, one could perhaps subset camera locations to 

account for differences among species, but the bottom line is that no single survey design is optimal 

for all species (Rich et al. 2019).  

What is the focal area? Prior to selecting a method, practitioners should consider the size of 

the study area relative to animal movement. For example, if 50 cameras are available and the 

sampling frame is small (e.g., a 5 km2 reserve for a medium-bodied mammal), site-structured models 

are not appropriate because animals will surely be detected by multiple cameras. Instead, STE or DS 

approaches may be better choices, or USCR if the extent of animal movement is contained by the 

sampling frame (Fig. 3; Table 1). However, if the sampling frame is an entire province (e.g., 5,000 

km2), a site-structured approach is an option since cameras can be placed at distances greater than 

the distances moved by individual animals. Additionally, practitioners should consider whether 
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predicting abundance within areas not sampled by cameras should be an objective of their study. 

Prediction requires quantifying spatial variation in abundance as a function of covariates, which 

cannot be accommodated by all methods (Table 1).  

 Is relative abundance sufficient? Given the pitfalls of abundance estimation, researchers 

should evaluate their objectives to determine if an index of relative abundance is a viable alternative 

to estimating absolute abundance (Fig. 3; Yoccoz et al. 2001). An index of relative abundance can be 

any variable that strongly correlates with absolute abundance (Johnson 2008).  Relative abundance 

can be a helpful state variable to guide management and conservation efforts, particularly when 

estimating species-environment relationships are the primary objective rather than estimating 

population size. For example, one could say, “Relative abundance/activity of swift foxes was highest 

in prairies with low amounts of woody vegetation. Therefore, conservation strategies should focus on 

reversing shrub encroachment.” However, relative abundance should be avoided when absolute 

abundance is required (e.g., evaluating endangered species recovery). 

In the world of camera trapping, indices of relative abundance are usually based on 

detection rate, e.g., the number of detection events per 100 trap days, and are widely used in the 

camera trap literature (Rovero & Marshall 2009; Burton et al. 2015). Indices based on detection rate 

should be applied and interpreted judiciously, since they confound abundance and animal 

movement (Broadley et al. 2019). As such, abundance indices based on detection rate make strong 

assumptions that movement behavior does not change over space or time (Sollmann et al. 2013b; 

Broadley et al. 2019). Ideally, researchers should calibrate detection rates—preferably to abundance 

estimates from independent methods—rather than blithely adopting them as replacements for 

abundance (Rovero & Marshall 2009; Sollmann et al. 2013b). Beyond detection rates, any of the 

methods we reviewed can be considered indices if their assumptions are violated. Even as indices, 

these methods provide advantages over indices based on detection rate; one can, for example, 

partially account for the observation process by using a model that includes detection probability 
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(Sollmann et al. 2013b; Dénes et al. 2015). If one suspects that assumptions are violated, we 

recommend reporting the possible violations and reporting results as relative rather than absolute 

abundance (Fig. 3).  

 Can any individuals be marked? Abundance estimation methods that draw upon the identity 

of individuals are the gold standard. Traditional methods require that all individuals captured be 

identifiable to individual (Borchers et al. 2002; Royle et al. 2014), but emerging methods 

accommodate partially marked samples (Royle et al. 2014). This could be the case when only a few 

animals within a population are marked or when only a subset of individuals can be identified from 

natural markings in photos (Fig. 3). The most promising methods for partially marked populations 

are spatial mark-resight models, an extension of the unmarked spatial capture-recapture method 

presented above (Chandler & Royle 2013). Simulations demonstrate that increasing numbers of 

marked individuals increases the accuracy and precision of parameter estimates (Chandler & Royle 

2013). A further extension of spatial mark-resight models accommodate partially identifiable 

individuals—for example, individuals that can be classified into categories such as sex or age group 

(Augustine et al. 2019). Such categorical marks can increase the reliability and precision of 

parameter estimates (Augustine et al. 2019). Finally, we note that marking animals opens the 

possibility to using integrated population models, which combine demographic data (e.g. telemetry 

or mark-recapture) with detection data in a single model (Schaub & Abadi 2011; Sollmann et al. 

2013a; Zipkin & Saunders 2018). 

What other ancillary data can be collected? If marking animals is not feasible, practitioners 

should evaluate the types of ancillary data that can be collected (Fig. 3). The three major forms of 

ancillary data used by the various methods are animal movement, distance to detected animal, and 

area of camera viewshed (Fig. 2). Animal movement is required for the random encounter model 

and the time-to-event model. Barring intensive behavioral observations or movement data gleaned 

from the literature (Rowcliffe et al. 2008), animal movement data requires placing radio or GPS tags 
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on animals, tantamount to marking individuals. If animals must be marked to collect movement 

data, spatial mark-resight approaches are preferable to the REM and TTE model. Distance to 

detected animals is required for use with distance sampling; collecting this information requires 

either placing distance markers in the field (Hofmeester et al. 2017) or extracting distance ex situ 

from calibrated reference photos (Caravaggi et al. 2016). Finally, the area of camera viewsheds is 

required for several methods (Fig. 2). In practice, viewsheds are challenging to measure because a 

camera’s effective detection distance will vary based on vegetation surrounding the camera, 

weather conditions, and the size of the animal triggering the sensor (Manzo et al. 2012). Finding 

ways to automate measurements to detected animals and the area of camera viewsheds would be a 

fruitful way to increase the feasibility of models requiring these ancillary data. 

 

Moving forward: validating methods via simulations and empirical comparisons 

 

 Multiple unmarked abundance estimation methods exist and many more will surely emerge. 

Therefore, a crucial question for practitioners is, which method can we trust to provide accurate 

abundance estimates, and under what conditions? We therefore suggest 1) a set of simulation 

studies to evaluate the performance methods under common conditions and 2) comparisons of 

multiple methods in empirical settings. 

While each method has been evaluated individually with simulations, comparison of the 

methods under a common simulation has not been performed. Such a simulation would begin by 

placing a known number of animals moving about a virtual landscape. Multiple animal movement 

processes (e.g., random walk versus Brownian motion) should be evaluated, and multiple “species” 

should be simulated that show different movement speeds, home range sizes, and grouping 

behaviors (Quaglietta & Porto 2019). Moreover, the landscape should incorporate some level of 

environmental heterogeneity—at least, binary habitat and nonhabitat classes—that  influences the 
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position of simulated animals (Sciaini et al. 2018). Next, cameras should be simulated under different 

sampling scenarios (e.g., systematic or random), varying the number and spacing of cameras. 

Contacts between animals and the cameras would provide data with which to evaluate the models. 

Ideally, such simulations could be encapsulated in a program (e.g., an R package), which would 1) 

accommodate new methods as they emerge and 2) provide practitioners with the ability to compare 

the performance of methods under conditions relevant to their studies. 

Simulations are helpful but must be accompanied by rigorous empirical testing to establish 

the validity of unmarked abundance estimates in real systems. Though possible to simulate multiple 

types of animal movement in virtual landscapes, it is difficult to know which, if any, of the types 

accurately represent animals moving through real landscapes. Several empirical comparisons of 

unmarked methods already exist and provide insight to the performance of multiple methods in 

common systems (Doran-Myers 2018; Burgar et al. 2018; Ruprecht et al. 2020). However, we 

suggest that further empirical comparisons would be valuable for identifying systems or conditions 

where abundance estimates from different methods diverge. Because some of the unmarked 

methods have incompatible sampling requirements, researchers should select two or more methods 

with similar sampling requirements and compare the abundance estimates that each provides. Such 

efforts should be paired with simulations that are fine-tuned to the focal system and species to 

evaluate the veracity of the simulations described above.  

 

Conclusion 

 

 Camera trapping has transformed biodiversity monitoring and continues to grow in 

popularity. However, abundance estimation of unmarked populations remains a salient frontier for 

camera trap studies; few studies (about 5% over the last 5 years) even attempt to estimate absolute 

abundance of unmarked populations. Several analytical frameworks have been developed to do just 
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that, but each faces a unique set of limitations and disadvantages. Ultimately, the analytical 

approaches are similar in that they face the same challenges and share certain assumptions (e.g., all 

assume population closure in their basic formulations), but each method addresses the challenges 

facing density estimation with unique data and sampling requirements. As a result, data collected for 

one modeling method will likely not be compatible with another. Any given modeling approach 

addresses challenges by either collecting more information or making more assumptions. 

Approaches requiring ancillary data directly address the challenges but sacrifice feasibility, as these 

data are difficult to collect. Conversely, approaches that rely on methodological assumptions require 

less data but potentially sacrifice accuracy, precision, and applicability to real systems. We urge 

practitioners to proceed with caution when making inference about the abundance of unmarked 

populations. First and foremost, we emphasize that practitioners should design studies with careful 

attention to the life history of the focal species and the size of the study area. When possible, we 

encourage practitioners to seek opportunities to mark individuals or reframe their objectives to 

target relative abundance, being cautious to address the implicit assumptions that underlie even the 

most basic of indices. Regardless of the method that is chosen, we urge practitioners to report the 

assumptions that are made in their analyses and try to evaluate the consequences of violating them. 

Looking forward, we suggest simulation studies to validate the methods under common conditions 

and further empirical comparisons of the methods in real systems. As the analytical frameworks for 

camera trap data continue to evolve, cameras will become even more vital to conservation decision-

making.  

Acknowledgments  

Support for this project was provided by the USFWS Pittman-Robertson Wildlife Restoration 

Program, NASA Ecological Forecasting #NNX14AC36G, NASA ESSF #NNX16A061H, and the 

Department of Forest and Wildlife Ecology at the University of Wisconsin-Madison. We thank R. 

Chandler and three anonymous reviewers for helpful comments on this manuscript. 



 

 

 
This article is protected by copyright. All rights reserved. 

20 
 

Literature cited 

Augustine BC, Royle JA, Murphy SM, Chandler RB, Cox JJ, Kelly MJ. 2019. Spatial capture–recapture 

for categorically marked populations with an application to genetic capture–recapture. 

Ecosphere 10:e02627. 

Barker RJ, Schofield MR, Link WA, Sauer JR. 2018. On the reliability of N-mixture models for count 

data. Biometrics 74:369–377. 

Borchers DL, Buckland ST, Zucchini W. 2002. Estimating Animal Abundance: Closed Populations. 

Springer-Verlag, London. 

Broadley K, Burton AC, Avgar T, Boutin S. 2019. Density-dependent space use affects interpretation 

of camera trap detection rates. Ecology and Evolution 9:14031–14041. 

Buckland ST, Anderson DR, Burnham KP, Laake JL, Borchers DL, Thomas L. 2001. Introduction to 

Distance Sampling: Estimating Abundance of Biological Populations. Oxford University Press, 

Oxford, New York. 

Burgar JM, Burton AC, Fisher JT. 2019. The importance of considering multiple interacting species for 

conservation of species at risk. Conservation Biology 33:709–715. 

Burgar JM, Stewart FEC, Volpe JP, Fisher JT, Burton AC. 2018. Estimating density for species 

conservation: Comparing camera trap spatial count models to genetic spatial capture-

recapture models. Global Ecology and Conservation 15:e00411. 

Burton AC, Neilson E, Moreira D, Ladle A, Steenweg R, Fisher JT, Bayne E, Boutin S. 2015. Wildlife 

camera trapping: a review and recommendations for linking surveys to ecological processes. 

Journal of Applied Ecology 52:675–685. 

Butchart SHM et al. 2010. Global Biodiversity: Indicators of Recent Declines. Science 328:1164–1168. 

Cappelle N, Després‐Einspenner M-L, Howe EJ, Boesch C, Kühl HS. 2019. Validating camera trap 

distance sampling for chimpanzees. American Journal of Primatology 81:e22962. 



 

 

 
This article is protected by copyright. All rights reserved. 

21 
 

Caravaggi A, Zaccaroni M, Riga F, Schai‐Braun SC, Dick JTA, Montgomery WI, Reid N. 2016. An 

invasive-native mammalian species replacement process captured by camera trap survey 

random encounter models. Remote Sensing in Ecology and Conservation 2:45–58. 

Chandler RB, Royle JA. 2013. Spatially explicit models for inference about density in unmarked or 

partially marked populations. The Annals of Applied Statistics 7:936–954. 

Cusack JJ, Swanson A, Coulson T, Packer C, Carbone C, Dickman AJ, Kosmala M, Lintott C, Rowcliffe 

JM. 2015. Applying a random encounter model to estimate lion density from camera traps in 

Serengeti National Park, Tanzania. The Journal of Wildlife Management 79:1014–1021. 

Dail D, Madsen L. 2011. Models for Estimating Abundance from Repeated Counts of an Open 

Metapopulation. Biometrics 67:577–587. 

Dénes FV, Silveira LF, Beissinger SR. 2015. Estimating abundance of unmarked animal populations: 

accounting for imperfect detection and other sources of zero inflation. Methods in Ecology 

and Evolution 6:543–556. 

Doran-Myers D. 2018. Methodological Comparison of Canada Lynx Density Estimation. University of 

Alberta, Edmonton, Alberta. Available from https://era.library.ualberta.ca/items/1c8698df-

3242-4943-804a-0bc21c918f09 (accessed March 23, 2020). 

Duarte A, Adams MJ, Peterson JT. 2018. Fitting N-mixture models to count data with unmodeled 

heterogeneity: Bias, diagnostics, and alternative approaches. Ecological Modelling 374:51–

59. 

Evans MJ, Rittenhouse TAG. 2018. Evaluating spatially explicit density estimates of unmarked wildlife 

detected by remote cameras. Journal of Applied Ecology 55:2565–2574. 

Hofmeester TR, Rowcliffe JM, Jansen PA. 2017. A simple method for estimating the effective 

detection distance of camera traps. Remote Sensing in Ecology and Conservation 3:81–89. 

Howe EJ, Buckland ST, Després‐Einspenner M-L, Kühl HS. 2017. Distance sampling with camera traps. 

Methods in Ecology and Evolution 8:1558–1565. 



 

 

 
This article is protected by copyright. All rights reserved. 

22 
 

Jimenez J, Higuero R, Charre-Medellin JF, Acevedo P. 2017. Spatial mark-resight models to estimate 

feral pig population density. Hystrix-Italian Journal of Mammalogy 28:208–213. 

Johnson DH. 2008. In Defense of Indices: The Case of Bird Surveys. Journal of Wildlife Management 

72:857–868. 

Karanth KU, Nichols JD. 1998. Estimation of Tiger Densities in India Using Photographic Captures and 

Recaptures. Ecology 79:2852–2862. 

Kéry M, Royle JA. 2015. Applied Hierarchical Modeling in Ecology, 1st edition. Elsevier, Amsterdam. 

Knape J, Arlt D, Barraquand F, Berg Å, Chevalier M, Pärt T, Ruete A, Żmihorski M. 2018. Sensitivity of 

binomial N-mixture models to overdispersion: The importance of assessing model fit. 

Methods in Ecology and Evolution 9:2102–2114. 

Link WA, Schofield MR, Barker RJ, Sauer JR. 2018. On the robustness of N-mixture models. Ecology 

99:1547–1551. 

Mace GM, Collar NJ, Gaston KJ, Hilton‐Taylor C, Akçakaya HR, Leader‐Williams N, Milner‐Gulland EJ, 

Stuart SN. 2008. Quantification of Extinction Risk: IUCN’s System for Classifying Threatened 

Species. Conservation Biology 22:1424–1442. 

Manzo E, Bartolommei P, Rowcliffe JM, Cozzolino R. 2012. Estimation of population density of 

European pine marten in central Italy using camera trapping. Acta Theriologica 57:165–172. 

Martin J, Royle JA, Mackenzie DI, Edwards HH, Kéry M, Gardner B. 2011. Accounting for non-

independent detection when estimating abundance of organisms with a Bayesian approach. 

Methods in Ecology and Evolution 2:595–601. 

Moeller AK, Lukacs PM, Horne JS. 2018. Three novel methods to estimate abundance of unmarked 

animals using remote cameras. Ecosphere 9:e02331. 

Nakashima Y, Fukasawa K, Samejima H. 2018. Estimating animal density without individual 

recognition using information derivable exclusively from camera traps. Journal of Applied 

Ecology 55:735–744. 



 

 

 
This article is protected by copyright. All rights reserved. 

23 
 

Nakashima Y, Hongo S, Akomo-Okoue EF. 2020. Landscape-scale estimation of forest ungulate 

density and biomass using camera traps: Applying the REST model. Biological Conservation 

241:108381. 

O’Connell A, Nichols J, Karanth K, editors. 2011. Camera Traps in Animal Ecology: Methods and 

Analyses. Springer, Tokyo. 

Quaglietta L, Porto M. 2019. SiMRiv: an R package for mechanistic simulation of individual, spatially-

explicit multistate movements in rivers, heterogeneous and homogeneous spaces 

incorporating landscape bias. Movement Ecology 7:11. 

Ramsey DSL, Caley PA, Robley A. 2015. Estimating population density from presence–absence data 

using a spatially explicit model. The Journal of Wildlife Management 79:491–499. 

Rich LN, Miller DAW, Muñoz DJ, Robinson HS, McNutt JW, Kelly MJ. 2019. Sampling design and 

analytical advances allow for simultaneous density estimation of seven sympatric carnivore 

species from camera trap data. Biological Conservation 233:12–20. 

Rossman S, Yackulic CB, Saunders SP, Reid J, Davis R, Zipkin EF. 2016. Dynamic N-occupancy models: 

estimating demographic rates and local abundance from detection-nondetection data. 

Ecology 97:3300–3307. 

Rovero F, Marshall AR. 2009. Camera trapping photographic rate as an index of density in forest 

ungulates. Journal of Applied Ecology 46:1011–1017. 

Rowcliffe JM, Field J, Turvey ST, Carbone C. 2008. Estimating animal density using camera traps 

without the need for individual recognition. Journal of Applied Ecology 45:1228–1236. 

Royle JA. 2004. N-Mixture Models for Estimating Population Size from Spatially Replicated Counts. 

Biometrics 60:108–115. 

Royle JA, Chandler RB, Sollman R, Gardner B. 2014. Spatial Capture-recapture. Elsevier, Oxford. 

Royle JA, Nichols JD. 2003. Estimating Abundance from Repeated Presence–Absence Data or Point 

Counts. Ecology 84:777–790. 



 

 

 
This article is protected by copyright. All rights reserved. 

24 
 

Ruprecht J, Eriksson C, Forrester TD, Clark DA, Wisdom M, Rowland MM, Johnson BK, Levi T. 2020. 

Integrating spatial capture-recapture models with variable individual identifiability. 

bioRxiv:2020.03.27.010850. Cold Spring Harbor Laboratory. 

Schaub M, Abadi F. 2011. Integrated population models: a novel analysis framework for deeper 

insights into population dynamics. Journal of Ornithology 152:227–237. 

Schneider S, Taylor GW, Linquist S, Kremer SC. 2019. Past, present and future approaches using 

computer vision for animal re-identification from camera trap data. Methods in Ecology and 

Evolution 10:461–470. 

Sciaini M, Fritsch M, Scherer C, Simpkins CE. 2018. NLMR and landscapetools: An integrated 

environment for simulating and modifying neutral landscape models in R. Methods in 

Ecology and Evolution 9:2240–2248. 

Sollmann R, Gardner B, Parsons AW, Stocking JJ, McClintock BT, Simons TR, Pollock KH, O’Connell AF. 

2013a. A spatial mark–resight model augmented with telemetry data. Ecology 94:553–559. 

Sollmann R, Mohamed A, Samejima H, Wilting A. 2013b. Risky business or simple solution – Relative 

abundance indices from camera-trapping. Biological Conservation 159:405–412. 

Sun CC, Fuller AK, Royle JA. 2014. Trap Configuration and Spacing Influences Parameter Estimates in 

Spatial Capture-Recapture Models. PLOS ONE 9:e88025. Public Library of Science. 

Vitousek PM, Mooney HA, Lubchenco J, Melillo JM. 1997. Human Domination of Earth’s Ecosystems. 

Science 277:494–499. 

Wearn OR, Glover-Kapfer P. 2019. Snap happy: camera traps are an effective sampling tool when 

compared with alternative methods. Royal Society Open Science 6:181748. 

Williams BK, Nichols JD, Conroy MJ. 2002. Analysis and Management of Animal Populations: 

Modeling, Estimation and Decision Making, 1st edition. Academic Press, San Diego, CA. 



 

 

 
This article is protected by copyright. All rights reserved. 

25 
 

Yamaura Y, Royle JA, Kuboi K, Tada T, Ikeno S, Makino S. 2011. Modelling community dynamics 

based on species-level abundance models from detection/nondetection data. Journal of 

Applied Ecology 48:67–75. 

Yamaura Y, Royle JA, Shimada N, Asanuma S, Sato T, Taki H, Makino S. 2012. Biodiversity of man-

made open habitats in an underused country: a class of multispecies abundance models for 

count data. Biodiversity and Conservation 21:1365–1380. 

Yoccoz NG, Nichols JD, Boulinier T. 2001. Monitoring of biological diversity in space and time. Trends 

in Ecology & Evolution 16:446–453. 

Zipkin EF, Saunders SP. 2018. Synthesizing multiple data types for biological conservation using 

integrated population models. Biological Conservation 217:240–250. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 
This article is protected by copyright. All rights reserved. 

26 
 

Table 1. Summary of the output, design considerations, data requirements, and assumptions for 

each method. 

  

Site-

structured  

Kéry & Royle 

(2015) 

Unmarked 

SCR 

Chandler & 

Royle (2013) 

REM 

Rowcliff et al. 

(2008) 

TTE 

Moeller et al. 

(2018) 

STE, IS 

Moeller et al. 

(2018) 

DS 

Howe et al. 

(2017) 

Output Spatial variation in abundance X X  X   

 Estimate corresponds to known area  X     

 

Estimate corresponds to collective viewshed 

of cameras and is extrapolated to sampling 

frame 

  X X X X 

Design 
Individuals should not be detected by 

multiple cameras 
X      

 Cameras random relative to animals   X X X X 

 Must censor data to include times only when 

animals are active 
  X   X 

Data Area of viewshed   X X X X 

 Animal movement   X X   

 Distance to animal      X 

 Time-lapse photos     X  

Assumption Closure X X X X X X 

 No false positive detections X X X X X X 

 No false negative detections    X X  

 Independent detections X X X X X X 

 Activity centers do not move  X     

 
Animals not attracted or repelled to each 

other 
 X X    

 
Fewer detections as distance between 

activity centers and camera increases 
 X     

 Animals at distance 0 perfectly detected      X 

 Animals detected at initial location      X 

 Distances measured accurately      X 
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Figure captions 

 

Figure 1. The number of peer-reviewed publications using camera traps has increased rapidly over 

the last decade. However, the number of studies using abundance estimation methods has lagged 

behind other applications of camera traps. In particular, the number of studies applying unmarked 

abundance estimation methods has been increasing only over the last five years. The studies were 

sampled with (camera trap* OR remote camera*) AND (wildlife OR mammal* OR bird*) search terms 

on Web of Science and filtered to include only empirical field studies.  

 

Figure 2. Design and data considerations for the methods covered in this review. In (A), the effective 

sampling areas for individual cameras are functions of animal movement and survey length and 

therefore unknown. In (B), what we show as the sampling frame is the prescribed state-space for the 

spatial process generating the activity centers of individuals. In (C-E), the effective sampling area of a 

camera is defined as the camera’s viewshed, and the camera locations are assumed to be 

representative of the sampling frame. In (D), the clock symbols represent the need for time-lapse 

photos, and in (E), the ruler symbols represent the need for distances to detected animals to be 

measured. 

Figure 3. Decision tree for recommended practices of abundance estimation of unmarked 

populations. Knowledge of the study area and the life history of the focal species should be leading 

considerations when designing a study. If alternative state variables can be used to achieve 

objectives, practitioners should pursue those. If marking any individuals (either by natural or artificial 

marks) is an option, practitioners should explore spatial mark-resight models. If using the methods 

covered in this review to estimate absolute abundance (rather than relative abundance), 

practitioners should proceed with caution and carefully evaluate the degree to which assumptions 

are violated.  
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Figures 

 

Figure 1. The number of peer-reviewed publications using camera traps has increased rapidly over 

the last decade. However, the number of studies using abundance estimation methods has lagged 

behind other applications of camera traps. In particular, the number of studies applying unmarked 

abundance estimation methods has been increasing only over the last five years. The studies were 

sampled with (camera trap* OR remote camera*) AND (wildlife OR mammal* OR bird*) search terms 

on Web of Science and filtered to include only empirical field studies.  
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Figure 2. Design and data considerations for the methods covered in this review. In (A), the effective 

sampling areas for individual cameras are functions of animal movement and survey length and 

therefore unknown. In (B), what we show as the sampling frame is the prescribed state-space for the 

spatial process generating the activity centers of individuals. In (C-E), the effective sampling area of a 

camera is defined as the camera’s viewshed, and the camera locations are assumed to be 

representative of the sampling frame. In (D), the clock symbols represent the need for time-lapse 

photos, and in (E), the ruler symbols represent the need for distances to detected animals to be 

measured. 
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Figure 3. Decision tree for recommended practices of abundance estimation of unmarked 

populations. Knowledge of the study area and the life history of the focal species should be leading 

considerations when designing a study. If alternative state variables can be used to achieve 

objectives, practitioners should pursue those. If marking any individuals (either by natural or artificial 

marks) is an option, practitioners should explore spatial mark-resight models. If using the methods 

covered in this review to estimate absolute abundance (rather than relative abundance), 

practitioners should proceed with caution and carefully evaluate the degree to which assumptions 

are violated.  

 


