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ABSTRACT
Population density is a valuable metric used to manage wildlife populations. In the Russian Far East, managers use the Formozov-  
Malyushev- Pereleshin (FMP) snow tracking method to estimate densities of ungulates for hunting management. The FMP also 
informs Amur tiger (Panthera tigris altaica) conservation since estimates of prey density and biomass help inform conserva-
tion interventions. Yet, climate change and challenges with survey design call into question the reliability of the FMP. Camera 
traps offer a promising alternative, but they remain unexplored for monitoring tiger prey density. Over three years (2020- 2022), 
we used the FMP and camera- based methods to estimate densities of four prey species of the Amur tiger in the Sikhote-  Alin 
Biosphere Reserve, Russian Far East: wild boar (Sus scrofa), red deer (Cervus canadensis), roe deer (Capreolus pygargus), and sika 
deer (Cervus nippon). We compared FMP results from snow track survey routes either along trails, or along routes representative 
of the study area, and estimates derived from camera data using the random encounter model (REM), space- to- event model 
(STE), and time- to- event model (TTE). We found that density estimates from representative routes were typically lower than 
routes along trails and indicated different relative densities of prey. Density estimates from camera traps and representative track 
surveys were generally similar with no significant relative bias, but precision was poor for all methods. Differences between es-
timates were amplified when converted to prey biomass, particularly with larger, more abundant prey, which poses a challenge 
for their utility for tiger managers. We conclude camera traps can offer an alternative to snow track surveys when monitoring 
unmarked prey, but we caution that they require considerably more resources to implement. Tiger managers should be especially 
cautious when extrapolating density to estimates of prey biomass, and we encourage future research to develop more robust 
methods for doing so.
Плотность популяции -  важный показатель, используемый для управления популяциями диких животных. 
На Дальнем Востоке России в целях управления охотничьим хозяйством для оценки плотности популяций 
копытных животных специалисты используют метод зимних следовых учетов (ЗМУ), основанный на формуле 
Формозова- Малышева- Перелешина (ФМП). Метод ЗМУ также используется для сохранения амурского тигра 
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Camus (Russian: камус) refers to the skins that Russian hunters attach to the bottoms of their skis for traction in the snow.  
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(Panthera tigris altaica), поскольку оценки плотности и биомассы его видов- жертв помогают обосновать проведение 
природоохранных мероприятий. Тем не менее, изменение климата и проблемы с организацией исследований 
ставят под сомнение надежность ЗМУ. Фотоловушки являются многообещающей альтернативой, но они пока 
остаются неизученными инструментом для мониторинга плотности популяций видов- жертв тигра. В течение 
трех лет (2020- 2022 гг.) мы использовали ЗМУ и фотоловушки для оценки плотности популяций четырех видов- 
жертв амурского тигра -  кабана (Sus scrofa), изюбря (Cervus canadensis), косули (Capreolus pygargus) и пятнистого 
оленя (Cervus nippon) в Сихотэ- Алинском биосферном заповеднике на Дальнем Востоке России. Мы сравнили 
результаты ЗМУ, полученные на маршрутах, проложенных вдоль троп, или на маршрутах, репрезентативных для 
территории исследования, и оценки, полученные по данным с фотоловушек с использованием модели случайных 
встреч (REM), модели «пространство- событие» (STE) и модели «время- событие» (TTE). Мы обнаружили, что 
оценки плотности, полученные на репрезентативных маршрутах, обычно ниже, чем на маршрутах, проложенных 
вдоль троп, и указывают на разную относительную плотность видов- жертв. Оценки плотности, полученные 
с помощью фотоловушек и на маршрутах, репрезентативных для территории исследования, были в целом 
схожими, без значительных относительных отклонений, но точность этих оценок была низкой для всех методов. 
Различия между оценками усиливались при пересчете на биомассу видов- жертв, особенно если речь шла о более 
крупных и многочисленных животных, что ставит под сомнение полезность таких данных для специалистов 
по сохранению тигра. Мы пришли к выводу, что фотоловушки могут стать альтернативой следовым учетам при 
мониторинге животных, особей которых невозможно идентифицировать индивидуально, но предупреждаем, что 
для их применения требуется значительно больше ресурсов. Специалистам по сохранению тигра следует быть 
особенно осторожными пересчете показателей плотности на биомассу видов- жертв, и мы призываем к проведению 
дальнейших исследований для разработки более надежных методов для этого.

1   |   Introduction

Estimates of population density are invaluable to wildlife man-
agers seeking to make evidence- based decisions about ungulate 
management. Many ungulates provide benefits to people (Nasi, 
Taber, and Van Vliet 2011, Pascual- Rico et al. 2021), and popu-
lation density and related metrics (such as biomass density) are 
important indicators that help identify thresholds of human–
wildlife coexistence (Garshelis, Noyce, and St- Louis 2020; Carpio, 
Apollonio, and Acevedo 2021) and maximum sustainable yields 
to meet both human well- being and ungulate conservation goals 
(Robinson and Bennett 2004; Wilkie, Wieland, and Poulsen 2019). 
Beyond their importance to humans, many ungulates play im-
portant roles in their ecosystems, yet face pressing anthropo-
genic threats (Nasi, Taber, and Van Vliet 2011; Brodie et al. 2015; 
Ripple et al. 2015). Estimates of population density can help iden-
tify trends and the outcomes of conservation actions to recover 
these ungulates (Saisamorn et al. 2024). Finally, many ungulates 
are important prey species for large carnivores and therefore are 
a key part of conservation strategies to recover those carnivores 
(e.g., WWF et al. 2018; Tiger Conservation Coalition 2021).

As an example, density estimates of preferred prey are often valu-
able to tiger conservationists and can help inform the recovery of 
wild tigers across their range (Walston et al. 2010; Gray et al. 2023; 
Sanderson et al. 2023). When reintroducing tigers to a new land-
scape, prey densities can help identify a suitable site for release 
(Miquelle et al. 2024). In other instances, concomitant estimates of 
tiger density and prey biomass—extrapolated from prey densities—
can determine whether prey availability is limiting tiger recovery 
(e.g., Upadhyay et al. 2019; Qi et al. 2021; Saisamorn et al. 2024).

Biomass of preferred prey is usually estimated by multiply-
ing estimates of prey population density by literature- derived 

average weights of each prey species (e.g., Miquelle et al. 2010; 
Zhang, Zhang, and Stott 2013; Simcharoen et al. 2014) or, when 
data allow, based on direct observations adjusted according 
to sex and age class proportions (Schaller  1967; Karanth and 
Sunquist  1992). But to the frustration of conservationists, es-
timating prey densities of tigers has often proven challenging. 
Individuals of preferred prey, such as wild boar (Sus scrofa) 
and sambar deer (Rusa unicolor) (Hayward, Jedrzejewski, and 
Jedrzewska 2012), typically cannot be uniquely identified, pre-
cluding the application of capture–recapture models as used 
to monitor densities of tigers (Karanth 1995; Efford, Borchers, 
and Byrom 2009; Royle et al. 2009). Line- transect distance sam-
pling is limited to only a few places where animals are easily 
visible, prey densities are high, and animals tend not to flee 
from humans (Karanth and Nichols 2002; Harihar, Pandav, and 
Macmillan  2014; Karanth, Kumar, and Karanth  2020). Most 
ecosystems do not share these attributes, and managers must 
use other methods.

In snow- covered regions of the world, such as Finland and 
Russia, wildlife managers use snow tracking techniques 
based on the Formozov- Malyushev- Pereleshin (FMP) method 
(Formozov 1932; Stephens, Zaumyslova, Hayward et al. 2006) 
to estimate prey densities for hunting management (Helle, 
Ikonen, and Kantola  2016; Razenkova et  al.  2023). In the 
Russian Far East, wildlife managers also use the FMP to im-
prove conservation of the Amur tiger (P.t. altaica). The FMP 
has provided valuable long- term datasets in Russia (e.g., 
Stephens, Zaumyslova, Hayward et  al.  2006) and can be 
both cheaper and result in more detections of study species 
than other methods like aerial surveys (Keeping et  al.  2018; 
Ahlswede et al. 2019). But the approach is prone to potential 
bias caused by convenience sampling (Stephens, Zaumyslova, 
Hayward et al. 2006): many surveys are only conducted along 
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roads and trails as random sampling off- trail is considerably 
more challenging. This violates the critical assumption of rep-
resentatively (e.g., randomly) sampling the variety of landscape 
features in a study area that affect the local abundance and 
movement of the study species. Moreover, snow track surveys 
depend critically on consistent, recurring snowfall. This has 
become a major concern in northern temperate regions like the 
Russian Far East, with climate change leading to warming tem-
peratures and changing precipitation (Stephens, Zaumyslova, 
Hayward et al. 2006; IPCC 2022). The issues with convenience 
sampling and snow conditions call into question the reliability 
of the FMP method in the Russian Far East in the future. There 
is a need to both evaluate the potential bias caused by conduct-
ing track surveys only along linear features, as well as to find 
alternative, climate- independent methods that can be used to 
estimate densities of prey.

Camera traps (“cameras” hereafter) offer a promising alternative 
to snow tracking as many managers are already familiar with 
camera trap technology and logistics. Several statistical mod-
els have been proposed in the last 15 years to estimate densities 
of unmarked populations by extrapolating density within the 
collective sampled areas in front of cameras (“viewsheds”) (re-
viewed by Gilbert et al. 2020). The most commonly used meth-
ods include the Random Encounter Model (REM) (Rowcliffe 
et  al.  2008), the Random Encounter and Staying Time model 
(REST) (Nakashima, Fukasawa, and Samejima 2018), Camera 
Trap Distance Sampling (CT- DS) (Howe et  al.  2017), and the 
Space- To- Event and Time- To- Event models (STE and TTE) 
(Moeller, Lukacs, and Horne 2018). These models (collectively, 
“viewshed density estimators,” Moeller et  al.  2023) have been 
used to estimate densities of both carnivore (Cusack et al. 2015; 
Loonam, Ausband, et al. 2021) and herbivore species (Morelle 
et al. 2020; Palencia et al. 2021; Lyet et al. 2023) across diverse 
ecosystems, and the number of tests and validations of these 
models is growing every year. Despite their increasing use, all 
models assume that cameras representatively sample the land-
scape (i.e., are not placed on linear features), and they require 
great effort to achieve acceptable levels of precision for low-  
and medium- density populations (Cappelle et  al.  2021; Morin 
et al. 2022). These challenges together may limit their feasibility 
for monitoring densities of tiger prey, which often occupy rug-
ged terrain at relatively low densities.

In this study, we evaluated the use of snow track surveys and 
cameras to estimate population densities of the four main prey 
species of the Amur tiger (Miquelle et  al.  1996, 2010; Kerley 
et  al.  2015): wild boar, red deer (Cervus canadensis ssp. xan-
thopygus), roe deer (Capreolus pygargus), and sika deer (Cervus 
nippon). Over three study years (2020–2022), we conducted win-
ter track surveys using both conventional (i.e., along roads and 
trails) and representative (i.e., random) survey designs to assess 
the potential bias caused by conventional surveying. We also 
deployed cameras using a systematic random sampling design, 
then compared FMP estimates to those from the REM, STE, 
and TTE. Finally, we compared estimates of prey biomass when 
converted from prey density estimates from different methods. 
Together, these efforts provide a comprehensive assessment 
of the value and applicability of both FMP and camera- based 
methods to estimate prey densities for tiger conservation in the 
Russian Far East.

2   |   Methods

2.1   |   Study Area

We conducted this study in the 4016 km2 Sikhote- Alin Biosphere 
Zapovednik (hereafter “Zapovednik”), Primorsky Krai, Russian 
Far East (Figure 1). The Zapovednik is named after the Sikhote- 
Alin Mountains, a low- elevation range running northeast along 
the Sea of Japan and through the reserve. Summers in the 
Zapovednik are hot and wet while winters are relatively cold and 
dry (Miquelle et al. 2010). The reserve is mostly forested, with 
coastal Mongolian oak (Quercus mongolica) and mixed hard-
wood forests shifting to forests of Korean pine (Pinus koraiensis) 
and deciduous species further inland. These forest transitions 
result in important spatial variation in mast crop availability for 
wildlife, as acorns and pine nuts are dominant sources of food 
for much of the wildlife community (Heptner, Nasimovich, and 
Bannikov 1988; Waller et al. 2024). Our study to estimate prey 
densities took place in a roughly 500 km2 area within the south-
ern portion of the Zapovednik. We chose this study area because 
it was more accessible relative to other parts of the reserve, and 
covered a diverse range of forest types common in the coastal 
Sikhote- Alin where the FMP is most challenged by inconsistent 
snowfall and camera traps therefore might be the most useful 
for prey surveys.

2.2   |   Camera Trap Study Design and Effective 
Detection Distance

We deployed cameras using a systematic random sampling design 
over 3 years: spring 2020, winter 2020–2021, and winter 2021–
2022 (Figure 1). Each year, we randomly deployed one camera in 
each cell of a rectangular 3.5 × 3.5 km grid drawn over our study 
area; this cell size is roughly the size of a female red deer's home 
range (Dou et al. 2019). We randomly generated one camera lo-
cation in each cell, then excluded cameras that were not within 
the bounds of our study area. In the field, cameras were deployed 
as close to the randomly generated coordinate as possible (adjust-
ments were sometimes necessary to find a tree of sufficient size 
for strapping the camera or to avoid steep cliffs). We used a variety 
of camera brands and models in winter 2019–2020, but only two 
models during winters 2020–2021 and 2021–2022 (Appendix A). 
Cameras were placed 1 m above the ground, facing north to min-
imize glare from the sun, and were active 24 h per day. Camera 
settings were configured to take rapid bursts of three photos at 
each capture with no delay. No baits or lures were used.

All viewshed density estimators require measurements of the area 
effectively sampled by cameras to extrapolate detections within 
the viewshed across the study area. With motion- trigger photogra-
phy, the area effectively sampled by cameras is a complex parame-
ter that depends on multiple factors such as animal speed and size, 
ambient temperature, sensor quality, and understory vegetation 
characteristics (Hofmeester et al. 2019; Moeller et al. 2023). The 
most important factor is the distance of animals to the camera: an-
imals that are further away have a decreased capture probability. 
To account for this, Rowcliffe et al. (2011) developed the effective 
detection distance (EDD), which uses estimated distances to ani-
mals from the camera to account for imperfect detection. We ap-
plied a combination of automated and manual distance sampling 
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techniques introduced by Haucke et  al.  (2021) to estimate the 
distances to detected animals during our last field season. These 
were then used to estimate EDD for each species using the meth-
ods described in Rowcliffe et  al.  (2011) and Howe et  al.  (2017). 
Then, we used simple sector geometry to calculate the effective 
detection area in each year based on the estimated EDD and 
the average viewable angle across camera models for each year 
(Moeller et  al.  2023). Additional details about our methodology 
are provided in Appendix B.

2.3   |   Formozov- Malyushev- Pereleshin Model

The FMP method estimates density by relating the encounter 
rate of fresh (< 24 h old) tracks observed along walked/skied 
transects with independent estimates of the study species' daily 
travel distance. In the FMP formula, the density D of a popula-
tion is estimated by the following:

where x is the total number of tracks encountered, S is the total 
length (km) of all transects, and M̂ is the study species' daily 

travel distance (km). The term �
2
 relates the species' daily travel 

distance to the probability of encountering a track along the 
surveyed transects, integrated over all possible angles of inter-
section between animal's movement paths and the transects 
(Stephens, Zaumyslova, Miquelle et al. 2006). The FMP method 
assumes the following: (1) geographic and demographic closure; 
(2) the species and age of tracks are identified without error; (3) 
animals move independently of transects; and (4) transects are 
representative of the study area.

Historically, the Zapovednik has conducted surveys only along 
roads and trails due the difficulties of conducting surveys off- 
trail. However, this surely violates Assumptions (3) and (4) above 
(Stephens, Zaumyslova, Miquelle et al. 2006). We therefore esti-
mated density of prey species first with the conventional survey 
routes along roads and trails (“conventional surveys”), and sec-
ond, with survey routes representative of the study area and inde-
pendent of animal movement (“random surveys”). These random 
survey routes were not generated in a truly random fashion, but 
were hand- drawn with input from Zapovednik staff to be distrib-
uted across the entire study area, reasonably accessible, and repre-
sentative of the slopes, elevations, aspects, and cover types of the 
study area, all of which have been shown to influence the local 
abundance and distribution of prey (Hebblewhite et al. 2014). A 

(1)D =
�

2

x

S M̂

FIGURE 1    |    Map of the Sikhote- Alin Biosphere Zapovednik and adjacent Terney Hunting Lease in central Sikhote- Alin, Russian Far East. Snow 
track surveys were conducted and random cameras deployed in the 3.5 × 3.5 km grid in the southern portion of SABZ. Elevation bins were chosen to 
illustrate main ridges of the Sikhote- Alin mountains. Cameras deployed during winter 2021–2022 are shown as example locations.



5 of 15

map of both conventional and random survey routes in 2021–2022, 
along with random camera placements in the same year, is pro-
vided in Appendix  C. For each survey, teams of two surveyors 
walked, skied, or snowmobiled transects and recorded the number 
of fresh tracks of our study species. All tracks encountered along 
the transect were counted, including re- crossings of the same indi-
vidual (Keeping and Pelletier 2014). To inform the daily travel dis-
tance parameter, we used estimates and associated error reported 
in Stephens, Zaumyslova, Hayward et al. (2006) based on decades 
of tracking by SABZ staff of individual animals' movement paths 
through the snow. We used nonparametric bootstrapping (Efron 
and Tibshirani 1993) to estimate 95% confidence intervals of each 
density estimate. First, encounter rates ( xj

Sj
) of each track j were 

sampled with replacement along with a daily travel distance (M̂) 
drawn from the sample error reported by Stephens, Zaumyslova, 
Hayward et al. (2006). These parameter values were used for 1000 
estimates of density from which we calculated the mean, 95% con-
fidence intervals, and relative standard error (RSE).

2.4   |   Random Encounter Model

The REM was derived from both ideal gas theory (Hutchinson 
and Waser 2007) to describe animal movements and from the 
FMP formula (Stephens, Zaumyslova, Miquelle et  al.  2006) to 
relate animal movement to the probability of intersection with a 
transect. Rowcliffe et al. (2008) proposed the following equation 
to estimate density D:

where y is the number of independent detections of the individ-
uals, v is the average daily travel distance (km) of the animal, t 
is the total number of days that cameras were deployed, and r 
and � are the average radius (km) and angle of the registration 
zone in front of the cameras (Moeller et al. 2023). The assump-
tions of the REM are similar to those of the FMP: (1) geographic 
and demographic closure; (2) the ideal gas model sufficiently de-
scribes the movement of animals (which results in them being 
Poisson distributed; Hutchinson and Waser 2007); (3) detections 
of animals are independent; (4) animals move independently of 
camera traps; and (5) the site camera samples are representative 
of the study area. We considered detections of individuals of the 
same species 30 min apart to be independent. Estimates of daily 
travel distance were derived as for the FMP. Note that because 
we used snow track- based estimates of distance traveled, we did 
not have to adjust detections by the study species' activity levels 
(Rowcliffe et al. 2014). We used 1000 iterations of nonparametric 
bootstrapping of both the encounter rate yi

ti
 of each camera i and 

the daily travel distance v to generate a bootstrapped distribu-
tion of density estimates. This distribution gave us point esti-
mates of density, 95% confidence intervals, and RSE.

2.5   |   Bootstrap Application 
of the Space- To- Event Model

As presented in Moeller, Lukacs, and Horne (2018), if animals 
are assumed to be Poisson- distributed across the study area, 

then the amount of sampled area (S) until a detection is obtained 
is exponentially distributed:

where the rate parameter, lambda (�), is the average number of 
animals per unit area (km2). Cameras are randomly selected at 
regular intervals of time (“occasions”), and their viewshed areas 
are summed until a camera is selected that has an animal detec-
tion. With many occasions, these observed “space- to- events” form 
an exponential distribution from which lambda and associated 
variance are estimated by maximum likelihood estimation. If 
there are still no animal detections after randomly sampling all 
cameras during an occasion, then that occasion is right- censored. 
So long as these occasions are “instantaneous” in time (i.e., at 
the finest temporal resolution of sampling, typically 1 s), the STE 
model estimates density without requiring independent estimates 
of animal movement rate. The STE model assumes the following: 
(1) geographic and demographic closure; (2) detections of animals 
at occasions are independent; (3) instantaneous sampling of occa-
sions; (4) animals are Poisson- distributed; (5) animals move inde-
pendently of camera traps; and (6) the sites cameras sample are 
representative of the study area. The STE also assumes (7) perfect 
capture probability of animals in front of the camera.

The STE was initially designed using time- lapse photogra-
phy to best meet the assumption of perfect capture probability 
(Moeller, Lukacs, and Horne  2018). However, because of the 
expected low densities of prey, our camera data were collected 
using motion- trigger photography, which violates this assump-
tion. As such, we used a motion- trigger application of the STE 
proposed by Lyet et al. (2023) that addresses the difficulties of 
applying the time- lapse- based STE to motion- trigger data. This 
development of the STE uses a bootstrap approach to estimate 
density many times, with occasions starting at different times 
for each iteration. A final, mean estimate and 95% confidence 
intervals are then taken from the resulting bootstrapped distri-
bution. We used 3- min occasions for most density estimates, but 
if the proportion of estimates without any detections was greater 
than 0.05, we reduced the occasion length (e.g., to 1 min) until 
the proportion was 0.05 or less (Lyet et al.  2023). Because the 
STE does not account for animal movement and because we 
used motion- trigger photography, we adjusted STE estimates 
by the inverse of activity levels, following methods of Rowcliffe 
et al. (2014). To meet the assumption of instantaneous sampling, 
we used a 1- s sampling window at each occasion.

2.6   |   Time- To- Event Model

Instead of instantaneously sampling across all cameras on each 
occasion like the STE, the TTE samples space at each individ-
ual camera during shorter, regular intervals of time (“periods”) 
within each occasion. If the length of these periods is only long 
enough for animals to cross the viewshed of the camera, then 
the number of periods (i.e., the amount of sampled space at 
one camera) until a detection will be exponentially distributed 
(Moeller, Lukacs, and Horne 2018):

(2)D =
y

t

�

vr(2 + �)

(3)S ∼ Exp(�)

(4)T ∼ Exp(�)
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Lambda, the average number of animals in a camera's sam-
pled area, is estimated with the exponential likelihood from 
the observed times- to- event of the species of interest at each 
camera. The TTE assumes the following: (1) geographic and de-
mographic closure; (2) detections of animals in each occasion 
are independent; (3) animals are Poisson- distributed across the 
cameras' viewsheds; (4) animals move independently of camera 
traps; and (5) cameras are representative of the study area. The 
TTE also requires estimates of animal movement rate to deter-
mine the period length. As with the FMP and REM, we used 
estimates of daily travel distance based on snow tracking and 
the widest part of the estimated effective detection area to de-
termine the period length. Past research has used maximum 
likelihood estimation to estimate sampling variance following 
Moeller, Lukacs, and Horne  (2018). However, to be consistent 
with other estimators, we used bootstrap resampling of cameras 
to develop a distribution of 1000 TTE estimates from which we 
calculated the mean density, 95% confidence intervals, and RSE.

2.7   |   Comparing Estimates of Prey Density 
and Biomass

In most previous studies, density estimates were compared by 
visually evaluating the overlap of 95% confidence intervals (e.g., 
Loonam, Ausband, et al. 2021; Lyet et al. 2023) or rarely through 
statistical tests (Palencia et al. 2021). In our case, we were specifi-
cally interested in how several camera- based methods compared 
to FMP estimates from representative surveys. We therefore re-
gressed camera- based density estimates against FMP density es-
timates, such that 100% alignment between the methods would 
result in an intercept of 0 and a slope of 1 (i.e., no relative bias 
relative to the FMP estimate, and consistent similarity across 
the range of values). Following previous studies of Amur tigers 
(Miquelle et  al.  2010; Zhang, Zhang, and Stott  2013), we then 
converted estimates of prey density to prey biomass (kg/km2) by 
multiplying point estimates of density from different methods by 
the average female body weights of prey species from the litera-
ture (Bromley and Kucherenko 1983). Female body weights were 
chosen as representing the average weight for the species, given 
the larger size of males and smaller size of young and subadults. 
As explained in other studies (e.g., Karanth and Sunquist 1992), 
we used point estimates as representations of the most likely 
prey density because the amount of error in our density esti-
mates would have rendered all comparisons insignificant.

2.8   |   Data Processing and Analysis

All analyses were conducted using the R programming language 
(R Core Team 2023). We sorted camera trap images by species 
and removed images in which animals were obviously reacting to 
camera traps, as these detections violate the assumption that ani-
mals move independently of camera traps. We converted these im-
ages to detection data in R using the camtrapR package (Niedballa 
et al. 2016). For our study period, we chose a roughly 60- day win-
dow when detections of each prey species were most consistent 
over time, and thus most likely to meet model assumptions about 
animal movement and detection. These periods were also either 
close in time or directly overlapped the snow track surveys. To 
estimate densities, we developed our own code for REM and FMP 

density estimates. For STE estimates, we adopted code provided 
by Lyet et al. (2023). We estimated activity levels using the Activity 
package (Rowcliffe et al. 2014). For TTE estimates, we used the 
spaceNtime package (Moeller and Lukacs 2021), then wrote our 
own code to produce bootstrapped density distributions.

3   |   Results

3.1   |   Survey Effort

We conducted 103 km of conventional winter track surveys in 
winter 2019–2020, 117 km during the winter 2020–2021, and 
112 km in winter 2021–2022. We conducted 64 km of random 
track surveys in February–March 2020 and 166 km in February 
2022. Because of the COVID- 19 pandemic, we were unable to 
conduct random surveys in winter 2020–2021. After removing 
malfunctioning cameras from our camera surveys, we obtained 
data from 31 cameras in the first year (1375 trap nights across 
54 days, February 01, 2020 to March 26, 2020), 36 cameras in the 
second year (2223 trap nights across 62 days: December 10, 2020 
to February 10, 2021), and 41 cameras in the third year (2583 
trap nights across 62 days; December 01, 2021 to February 01, 
2022). We note that in the second and third years, part of this in-
crease in survey effort was thanks to better coverage of the west-
ern part of our study area, also the most difficult area to access.

3.2   |   Estimates of Prey Density and Biomass

We developed a total of 56 density estimates across four species, 
3 years, and 5 methods (Appendix D). Conventional snow track 
surveys estimated higher densities than the random surveys, as 
indicated in the positive intercept (Table  1). All camera- based 
methods had little bias relative to random snow track surveys, 
and estimates between camera- based models and the FMP 
matched especially well in 2020 for all species except wild boar 
(Figure 2). Results were less consistent in 2021–2022: estimates 

TABLE 1    |    Intercept and slope estimates when regressing 
conventional snow track and camera- based estimates of prey density 
against FMP estimates from randomized surveys conducted over 
3 years in the Sikhote- Alin Zapovednik, Russian Far East. An intercept 
(β0) of 0 indicates no relative bias, while a slope of 1 indicates consistent 
agreement across the range of prey densities.

Model Parameter Est. SE p

FMP conv β0 0.38 0.75 0.63

slope 1.23 0.95 0.24

STE β0 −0.09 0.85 0.92

slope 1.41 1.08 0.24

REM β0 0.01 0.7 0.98

slope 1.96 0.89 0.07

TTE β0 0.02 0.58 0.98

slope 2.07 0.74 0.03*

*Statistically significant coefficient for p < 0.05.
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of higher density species tending to be greater than FMP- based 
estimates, as indicated by the slopes greater than one. All mod-
els detected a dramatic decline in wild boar density between 
spring 2020 and winter 2020–2021. Randomized track surveys 
produced similar precision to conventional surveys (x = 0.48 
RSE, SD = 0.16 vs. x = 0.47 RSE, SD = 0.16). The TTE was the 
most precise (x = 0.38 RSE, SD = 0.17) across species and years, 
while the STE was the least precise (x = 0.91 RSE, SD = 0.61). 
The precision of REM fell in the middle, averaging 0.51 RSE 
(SD = 0.28) across species and years.

Our conversions of point estimates of density to total prey biomass 
(kg/km2) were largely inconsistent across methods in each year 
(Figure 3). In all three years, estimates of prey biomass using the 
conventional FMP method indicated that sika deer consistently 
contributed the most available biomass (45%, 68%, and 49% for the 
3 years). However, based on the other methods, wild boar provided 
the most biomass in spring 2020 while sika deer contributed sub-
stantially less. For all methods, roe deer contributed a very small 
portion of total biomass each year. Wild boar biomass fell dramati-
cally after the arrival of African swine fever (ASF) in summer 2020 
(Figure 3), but for many methods (except the STE), the increase 
in red deer biomass with the western expansion of our study area 
resulted in a relatively small reduction in total available biomass.

4   |   Discussion

Estimates of population density are an invaluable metric to as-
sess the conservation status of populations and the efficacy of 

management actions (Williams, Nichols, and Conroy  2002; 
Nichols and Williams 2006; Karanth et al. 2017). In this study, we 
found that snow track surveys and camera- based viewshed den-
sity estimators provided roughly similar density estimates of un-
marked prey populations in the Russian Far East, indicating that 
both snow track surveys and camera traps can be used to inform 
wildlife management and prey- based tiger conservation. However, 
we also found that meeting the assumption of all models that cam-
era viewsheds represent the study area was highly demanding of 
resources and field staff. Even small differences in the estimated 
densities of large, relatively abundant prey led to stark differences 
in predicted total biomass. The challenges of meeting strict as-
sumptions and increased differences when converted to biomass 
lead us to urge caution in the use of these methods to understand 
available prey biomass and inform tiger conservation in many 
parts of the species' range. Below, we consider these challenges in 
more detail.

Both the FMP and viewshed density estimators rely on the 
assumption that the space sampled by transects/cameras are 
representative of the study area. In their review of 34 studies 
comparing REM estimates with reference methods, Palencia 
et al. (2022) found that studies with targeted camera placement 
(e.g., on game trails or latrine sites) had positive bias in den-
sity estimates due to increased encounter rates, as many spe-
cies preferentially use roads and trails to travel (e.g., Tanwar, 
Sadhu, and Jhala 2021; Montalvo et al. 2023). Lyet et al. (2023) 
similarly found that targeted camera placement can confound 
the violation of other assumptions: the negative bias in STE 
density estimates from inflated viewshed measurements was 

FIGURE 2    |    Relationship between estimates of population density from random FMP track surveys (x- axis) and other methods (y- axis). Error bars 
represent 95% confidence intervals. The solid line indicates a 1:1 correlation between mean estimates, while dotted lines represent the actual estimat-
ed relationship between the mean density of the two models. Estimates are shown from early spring 2020 (February 01, 2020 to March 26, 2020) and 
winter 2021–2022 (December 01, 2021 to February 01, 2022), as we were not able to conduct random snow tracking surveys in winter 2020–2021 due 
to COVID- 19. The two colors represent the two approaches to data collection: snow track surveys and camera traps. Each species is represented by a 
different shape at the point estimate. Please note the pseudo- log scale of the y- axis.
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compensated by increased detection rates of cameras on trails 
for three populations of white- tailed deer in British Columbia, 
Canada. In this study, our FMP estimates from surveys along 
roads and trails largely differed from our representative sur-
veys both in their density estimates and relative species con-
tributions to prey biomass. We therefore strongly recommend 
representative surveys as an essential part of study design for 
all methods applied in our study so that survey routes and 
camera traps accurately sample the heterogeneity in animal 
distribution across the study area.

All methods also assume that detections are independent. This 
assumption may be harder to meet for social animals that live in 
groups. Simulation work by Chauvenet et al. (2017) and Hayashi 
and Iijima (2022) suggests bias can be introduced by group size; 
however, the camera detection radii used in these two studies 
were large (18 and 13 m, respectively), and simulated animals 
grouped relatively close together; whereas our estimated detec-
tion distances were small (ranging 4–7 m), and even for large 
groups of sika deer or wild boar, it was rare for more than one 
individual to be within that 4–7 m range. Other studies from 
the field suggest mixed results: REM estimates of wild boar (a 
social, grouping species) from Palencia et al.  (2022) were gen-
erally larger than the reference estimates, but earlier work by 
Cusack et al. (2015) found that REM estimates of lion density in 
Serengeti National Park matched well with reference estimates, 
so long as encounters were considered of individuals, not groups. 
Lyet et al. (2023) found that STE density estimates became more 

negatively biased for species with larger group size. Our own 
results do not offer any clear relationships. Camera- based esti-
mates of wild boar density in 2020 were higher than snow track 
estimates, yet estimates of sika deer—a species of larger group 
size (Stephens, Zaumyslova, Miquelle et  al.  2006)—matched 
well. Differences were more likely due to difficulties in accu-
rately counting the number of individuals in a group based 
on snow tracks (Stephens, Zaumyslova, Miquelle et  al.  2006; 
Keeping et al. 2018). The effect of group size on estimate accu-
racy remains unclear and in need of further research.

Two other assumptions related to animal movement rate should 
be especially considered by managers. First, for the FMP, REM, 
and TTE, practitioners should assess their ability to obtain inde-
pendent estimates of movement rate because of this parameter's 
influence on density estimates (Loonam, Lukacs, et  al.  2021; 
Keeping and Pelletier  2014; Palencia et  al.  2022). We believe 
our use of movement rate estimates from the literature was jus-
tified as they came from the same study area; however, these 
movement rates can vary by season (Stephens, Zaumyslova, 
Hayward et  al.  2006) and year (Waller et  al.  2024), whereas 
we used the same estimates across years. As found by Palencia 
et al.  (2022), we agree the preferred method should be to esti-
mate daily travel distances during the same time period as the 
survey, whether by snow tracking or using camera- based meth-
ods (Palencia et al. 2019). Second, when applying the STE, prac-
titioners should consider the ability of their camera traps to meet 
the assumption of instantaneous sampling. For STE estimates to 

FIGURE 3    |    Total prey biomass (kg/km2) over 3 years (2020–2022) in southern Sikhote- Alin Zapovednik, Russian Far East. Total biomass was 
estimated by multiplying point estimates of species densities by average female weights reported in the literature (Bromley and Kucherenko 1983), 
then taking their sum. We note that African swine fever arrived in our study area between our first and second years of sampling, causing a large 
decrease in wild boar density and, therefore, biomass.



9 of 15

T
A

B
L

E
 2

    
|  

  A
dv

an
ta

ge
s a

nd
 d

is
ad

va
nt

ag
es

 o
f e

ac
h 

m
od

el
 fo

r m
an

ag
er

s s
ee

ki
ng

 to
 m

on
ito

r d
en

si
tie

s o
f u

nm
ar

ke
d 

w
ild

lif
e 

po
pu

la
tio

ns
, b

as
ed

 o
n 

ou
r e

xp
er

ie
nc

e 
in

 th
is

 st
ud

y.
 A

dv
an

ta
ge

s/
di

sa
dv

an
ta

ge
s 

th
at

 a
pp

ly
 to

 a
ll 

th
re

e 
ca

m
er

a 
es

tim
at

or
s a

re
 in

 c
el

ls
 la

be
le

d 
“A

ll.
”

M
et

ho
d

A
dv

an
ta

ge
s

D
is

ad
va

nt
ag

es

FM
P

• 
Pr

ac
tic

al
ly

 n
o 

m
at

er
ia

l c
os

ts
 n

ee
de

d 
to

 c
on

du
ct

 su
rv

ey
s

• 
Le

ss
 e

ffo
rt

 (o
ff-

 tr
ai

l t
ra

ve
l) 

re
qu

ir
ed

 fo
r t

he
 sa

m
e 

le
ve

l o
f p

re
ci

si
on

 a
s c

am
er

a-
 

ba
se

d 
m

et
ho

ds
• 

En
co

ur
ag

es
 c

om
m

un
ity

 m
em

be
rs

 w
ith

 e
xp

er
t t

ra
ck

in
g 

sk
ill

s t
o 

pa
rt

ic
ip

at
e 

in
 

w
ild

lif
e 

m
an

ag
em

en
t

• 
Ti

m
e 

to
 p

ro
ce

ss
 d

at
a 

an
d 

pr
od

uc
e 

re
su

lts
 is

 m
uc

h 
fa

st
er

 th
an

 c
am

er
a-

 ba
se

d 
m

et
ho

ds

• 
R

eq
ui

re
s a

pp
ro

pr
ia

te
 su

bs
tr

at
e 

(e
.g

., 
sn

ow
, s

an
d)

 c
on

di
tio

ns
 to

 id
en

tif
y 

sp
ec

ie
s 

an
d 

ag
e 

of
 tr

ac
ks

• 
D

iff
ic

ul
t t

o 
pl

an
 su

rv
ey

s a
ro

un
d 

fic
kl

e 
w

ea
th

er
• 

N
ee

d 
es

tim
at

e 
of

 sp
ec

ie
s m

ov
em

en
t r

at
e 

w
hi

ch
 c

an
no

t b
e 

es
tim

at
ed

 fr
om

 su
rv

ey
 

its
el

f
• 

R
el

ie
s h

ea
vi

ly
 o

n 
ac

cu
ra

te
 a

nd
 c

on
si

st
en

t r
ec

or
di

ng
 o

f r
aw

 d
at

a 
(tr

ac
k 

en
co

un
te

rs
) a

cr
os

s s
ur

ve
yo

rs

ST
E

A
ll:

• 
C

am
er

as
 c

an
 b

e 
de

pl
oy

ed
 in

 a
ny

 
en

vi
ro

nm
en

t
• 

R
aw

 d
at

a 
(d

et
ec

tio
n 

ev
en

ts
) a

re
 

ea
si

ly
 sa

ve
d 

an
d 

ca
n 

be
 re

vi
ew

ed
• 

Fa
m

ili
ar

 te
ch

no
lo

gy
 fo

r t
ig

er
 

m
an

ag
er

s
• 

A
ll 

pa
ra

m
et

er
s e

st
im

ab
le

 fr
om

 
ca

m
er

as

ST
E:

• 
N

o 
es

tim
at

e 
of

 m
ov

em
en

t r
at

e 
ne

ed
ed

A
ll:

• 
St

ar
t- u

p 
co

st
s o

f p
ur

ch
as

in
g 

ca
m

er
as

 m
ay

 b
e 

pr
oh

ib
iti

ve
• 

C
on

si
de

ra
bl

e 
ef

fo
rt

 re
qu

ir
ed

 to
 

ac
hi

ev
e 

de
si

re
d 

le
ve

l o
f p

re
ci

si
on

• 
D

at
a 

pr
oc

es
si

ng
 is

 
tim

e-
 co

ns
um

in
g

• 
U

nf
am

ili
ar

 m
od

el
s a

nd
 

as
su

m
pt

io
ns

 to
 ti

ge
r m

an
ag

er
s

• 
C

an
no

t u
se

 “
by

- c
at

ch
” 

de
te

ct
io

ns
 o

f p
re

y 
du

ri
ng

 ti
ge

r 
m

on
ito

ri
ng

 su
rv

ey
 fo

r e
st

im
at

in
g 

tr
ue

 d
en

si
tie

s o
f p

re
y

ST
E:

• 
Bi

as
ed

 lo
w

 if
 c

on
si

st
en

t t
em

po
ra

l g
ap

s 
be

tw
ee

n 
ph

ot
os

 o
f s

am
e 

de
te

ct
io

n 
ev

en
t

• 
Es

pe
ci

al
ly

 se
ns

iti
ve

 to
 v

ie
w

sh
ed

 
m

ea
su

re
m

en
t

• 
Va

ri
an

ce
 in

 v
ie

w
sh

ed
 y

et
 to

 b
e 

in
co

rp
or

at
ed

 in
 m

od
el

• 
Le

ss
 p

re
ci

se
 th

an
 R

EM
 a

nd
 T

TE

R
EM

R
EM

:
• 

W
el

l- d
oc

um
en

te
d 

an
d 

su
pp

or
te

d 
m

od
el

• 
If

 in
de

pe
nd

en
t e

st
im

at
e 

of
 m

ov
em

en
t, 

on
ly

 n
ee

d 
de

te
ct

io
n 

ev
en

t (
no

t 
co

nt
in

uo
us

 sa
m

pl
in

g)

R
EM

:
• 

N
ee

d 
ac

cu
ra

te
 e

st
im

at
e 

of
 sp

ec
ie

s 
m

ov
em

en
t r

at
e

• 
N

ot
 a

s p
re

ci
se

 a
s o

th
er

 m
ov

em
en

t- b
as

ed
 

m
od

el
 (T

TE
)

TT
E

TT
E:

• 
C

on
si

st
en

tly
 p

ro
du

ce
s t

he
 m

os
t 

pr
ec

is
e 

es
tim

at
es

• 
If

 in
de

pe
nd

en
t e

st
im

at
e 

of
 m

ov
em

en
t, 

on
ly

 n
ee

d 
de

te
ct

io
n 

ev
en

t (
no

t 
co

nt
in

uo
us

 sa
m

pl
in

g)

TT
E:

• 
N

ee
d 

ac
cu

ra
te

 e
st

im
at

e 
of

 sp
ec

ie
s 

m
ov

em
en

t r
at

e
• 

Va
ri

an
ce

 in
 v

ie
w

sh
ed

 y
et

 to
 b

e 
in

co
rp

or
at

ed
 in

 m
od

el
• 

Va
ri

an
ce

 in
 m

ov
em

en
t (

vi
a 

pe
ri

od
 le

ng
th

) 
ye

t t
o 

be
 in

co
rp

or
at

ed
 in

 m
od

el
• 

U
nc

le
ar

 d
ef

in
iti

on
 o

f p
er

io
d 

le
ng

th



10 of 15 Ecology and Evolution, 2024

be independent of animal movement rate, the sampling period 
must be 1 s (Moeller, Lukacs, and Horne 2018; Lyet et al. 2023). 
Yet if there are gaps between images in the same capture se-
quence that are greater than 1 s (e.g., due to trigger delays), the 
estimates are likely to be negatively biased. In our study, the 
STE estimated consistently lower densities than other estima-
tors during winters 2020–2021 and 2021–2022. One likely expla-
nation was our use of Panthera V7 cameras during these years, 
which were designed for carnivore monitoring and had gaps in 
time between images of the same capture sequence. Though de-
velopments by Lyet et al. (2023) have increased the applicability 
of the STE model to motion- trigger data, we maintain that STE 
estimates will be most reliable when images are collected with 
a time- lapse setting (Moeller, Lukacs, and Horne 2018; Moeller 
et al. 2023).

For tiger managers seeking to use these methods to understand 
prey populations, all models are limited by the lack of robust 
methods to convert prey density estimates to biomass. We found 
the greatest differences between estimates of total prey bio-
mass when models varied in their density estimates of the most 
abundant and largest prey. This was most obvious in differences 
in wild boar biomass in Spring 2020. We recognize that by ex-
trapolating prey biomass from point estimates of density, we 
ignored the uncertainty associated with each density estimate 
which would have rendered these differences insignificant. But 
this has been the convention for over 30 years. Karanth and 
Sunquist (1992) only presented biomass point estimates due to 
the imprecision of their estimates of prey density, and others 
have followed suit (e.g., Miquelle et al. 2010; Zhang, Zhang, and 
Stott 2013; Upadhyay et al. 2019). There is thus a critical need to 
develop more robust methods to convert prey density estimates 
to prey biomass that incorporate uncertainty while still provid-
ing precise, unbiased estimates.

All models considered here share the above challenges. But 
whether tiger managers choose to monitor prey densities with 
snow track surveys or viewshed density estimators will depend 
on their resources available, environment, and management 
context. In Table  2, we summarize the practical advantages 
and disadvantages of each approach and model. While there are 
many technical details to consider, we expect the major limita-
tions are likely to be (1) whether there are consistent, suitable 
snow conditions to conduct track surveys, and (2) whether there 
are sufficient funds to conduct a camera trap survey and pro-
cess the large amount of data. Toward this point, we emphasize 
that the FMP is most useful for researchers and managers with 
limited resources (e.g., to purchase expensive survey equipment 
like camera traps) because of the reduced total amount of field 
work required for the quality of data obtained. In our study, in 
winter 2021–2022, we traveled 423 km off- trail to deploy and 
retrieve cameras, but only walked/skied 162 km off- trail for 
representative track surveys. Time to organize, curate, and an-
alyze data was also considerably less. Other studies have found 
track surveys to be cheaper than other methods like aerial sur-
veys (Keeping et al. 2018). We encourage managers to especially 
consider the increased labor costs of deploying cameras using 
a random or systematic study design given the rugged terrain 
in much of tiger habitat. As managers consider their options, 
Table 2 can help clarify some of the major advantages and chal-
lenges of the models applied here.

In conclusion, this study demonstrates that viewshed density 
estimators offer an alternative to snow track surveys in areas 
with decreasing and/or inconsistent snowfall. There are chal-
lenges with these methods, but they can be accounted for with 
sufficient resources, proper planning, and survey design. In the 
context of tiger conservation, we strongly caution not to use “by- 
catch” data from cameras placed to monitor tigers to infer prey 
biomass, as these cameras are nearly always placed on roads or 
trails to maximize detections of tigers, thus violating the criti-
cal assumption of viewshed density estimators that the collec-
tive camera viewsheds representatively sample the landscape. 
Lastly, we encourage future research to develop more robust 
methods to estimate prey biomass that account for uncertainty 
in estimates of prey density.
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Appendix A

Camera Model Specifications

Table A1 included in “Tables” section below.

Appendix B

Method to Estimate Effective Detection Distance

We applied a combination of automated (Haucke et  al.  2021) and 
manual distance sampling techniques to estimate the distances 
to detected animals during winter 2021- 2022. In order to use the 
DistanceEstimation software, we needed to capture calibration pho-
tos during our deployment. After securing each camera in place at 
each site, we laid out a measuring tape directly in front of the camera. 
Then, we triggered images at 2, 4, 6, 8, and 10 m, using our fingers 
to indicate the distance. These images were then used at the “cali-
bration_frames” in the automated distance estimation workflow 
described in Haucke et  al.  (2021). (https:// github. com/ timmh/  dista 
nce-  estim ation/  releases). Following Haucke et  al.'s suggestion, we 
used the GIMP software to generate black- and- white “calibration_
masks.” This gave us the requisite material to run the software, which 
at the end generates a .csv file with each image name and the esti-
mated distance to the animal.

Next, we verified these distances estimated by the DistanceEstimation 
software using conventional human distance estimation techniques. 
We used the same calibration images as a reference for distance. If the 
distance estimated by the software looked appropriate, we retained 
the software- based estimate for that image. Otherwise, we manually 

estimated the distance ourselves and used the new, manual estimate 
instead of the software estimate.

Once we finished processing our distance data, we followed the cap-
ture probability estimation workflow provided in a vignette by Howe 
et  al. for each species (https:// examp les. dista ncesa mpling. org/ Dista 
nce-  camer atraps/ camer a-  disti ll. html). To estimate effective detection 
distance (EDD), we followed Hofmeester et  al. (2017) and took the 
square root of the product of the capture probability (p) and the square 
of the maximum distance (w) used in the estimation of p (i.e., after the 
right- truncation):

We were only able to apply this workflow during our third year (win-
ter 2021–2022). During the previous 2 years, we did not yet appreciate 
the importance of accounting for imperfect detection and were instead 
using techniques to measure the viewable area (see Moeller et al. 2023 
for a more thorough discussion of the components of a camera's views-
hed area). As such, we used the estimates of effective detection distance 
from winter 2021 to –2022 for the calculation of effective detection area 
of spring 2020 and winter 2020–2021 as well.

EDD =
√

p × w2

TABLE A1    |    Summary of survey efforts during winters 2019–2020 and 2020–2021 for both camera trap surveys and snow track surveys. See 
“Methods” section for more details about study design. Numbers in parentheses after the camera type indicates the number of models of that brand 
that were used.

Spring 2020 Winter 2020–2021 Winter 2021–2022

Study dates February 01, 2020 to March 26, 2020 December 10, 2020 to 
February 10, 2021

December 01, 2021 to 
February 01, 2022

Cams deployed 36 38 45

Cams used 31 36 41

Trap nights 1375 2223 2583

Cam brand Bushnell (2) Panthera V7 (1) Panthera V7 (1)

Reconyx (2) Browning Recon Force (1) Browning Recon Force (1)

SPromise (2)

Browning (2)

https://github.com/timmh/distance-estimation/releases
https://github.com/timmh/distance-estimation/releases
https://examples.distancesampling.org/Distance-cameratraps/camera-distill.html
https://examples.distancesampling.org/Distance-cameratraps/camera-distill.html


14 of 15 Ecology and Evolution, 2024

Appendix C

Map of Camera and Survey Locations in 2021–2022

Appendix D

Density Estimates by Year, Species, and Model

Species Year Model Density SE RSE

Wild boar 2020 FMP random 1.11 0.3 0.3

FMP trail 1.79 0.79 0.44

STE 4.2 1.54 0.37

REM 4.08 1.23 0.3

TTE 3.48 0.65 0.19

2020–2021 FMP trail 0.2 0.08 0.41

STE 0.01 0.03 2.3

REM 0.04 0.05 1.19

TTE 0.03 0.03 0.78

2021–2022 FMP random 0.08 0.06 0.77

FMP trail 0.06 0.05 0.79

STE 0.25 0.16 0.64

REM 0.47 0.37 0.78

TTE 0.51 0.19 0.38

(Continues)
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Species Year Model Density SE RSE

Red deer 2020 FMP random 0.42 0.23 0.54

FMP trail 1.19 0.32 0.27

STE 0.2 0.22 1.07

REM 0.4 0.2 0.5

TTE 0.42 0.16 0.37

2020–2021 FMP trail 0.36 0.15 0.43

STE 0.21 0.08 0.36

REM 1.36 0.39 0.29

TTE 2.21 0.46 0.21

2021–2022 FMP random 1.4 0.4 0.28

FMP trail 0.66 0.26 0.39

STE 0.21 0.07 0.36

REM 1.54 0.57 0.34

TTE 2.16 0.8 0.37

Roe deer 2020 FMP random 0.17 0.1 0.6

FMP trail 0.34 0.17 0.52

STE 0.1 0.15 1.52

REM 0.21 0.2 0.95

TTE 0.2 0.07 0.34

2020–2021 FMP trail 0.55 0.21 0.38

STE 0.53 0.32 0.59

REM 1.2 0.39 0.33

TTE 1.53 0.33 0.22

2021–2022 FMP trail 0.22 0.11 0.5

STE 0.05 0.08 1.61

REM 0.26 0.15 0.59

TTE 0.42 0.24 0.56

Sika deer 2020 FMP random 0.9 0.44 0.49

FMP trail 3.85 1.52 0.39

STE 1.18 1.06 0.91

REM 0.87 0.63 0.73

TTE 0.9 0.43 0.48

2020–2021 FMP trail 2.66 1.07 0.4

STE 1.48 1 0.68

REM 1.6 0.79 0.49

TTE 1.73 0.47 0.27

2021–2022 FMP random 0.79 0.38 0.49

FMP trail 1.44 0.97 0.67

STE 0.48 0.29 0.6

REM 2.54 1.25 0.49

TTE 2.93 1.21 0.41

APPENDIX D    |    (Continued)
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