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Abstract

Estimating population density is critical for effective species conservation,
wildlife management planning, and long-term monitoring. Obtaining accurate
estimates is especially important for the wolf (Canis lupus), a widely distrib-
uted northern hemisphere apex predator whose management and conserva-
tion are highly controversial in most of its range, and whose presence
usually generates high-profile media coverage. The peculiarities of wolf
social spatial organization and behavior can violate the assumptions of
capture-recapture models (uniformity and independence, respectively) to a
greater or lesser extent and make it difficult to obtain precise and reliable
density estimates. This paper presents a case study, which estimated the
population density of the Iberian wolf in the Dorsal Gallega mountain ridge
(Galicia, NW Spain) based on the identification of individual wolves from
their traits and behavior using video camera traps and spatially explicit
capture-recapture (SCR) analyses. The study followed three phases. Firstly,
field data were collected by installing camera traps and changing their loca-
tion until the entire area was sampled. Second, a complete morphological
and behavioral study of the wolves recorded was performed to facilitate
individual recognition. Third, overdispersion due to gregariousness and
other sources of heterogeneity was modeled in the SCR analyses comparing
Poisson and negative binomial observation models with different random
effects on the baseline detection probability. We estimated a density of 2.88
(SD: 0.37) wolves/100 km? in the study area. We concluded that estimating
wolf population size using camera trap videos, individual identification,
and SCR provides a feasible method and can be used for estimating the den-
sity in similar species.
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INTRODUCTION

Estimating the abundance of wildlife populations is an
essential part of ecological research, monitoring, and
management (Williams et al., 2002). Density is one of the
most useful parameters, since it establishes a connection
between the number of individuals in a population and
the space they occupy, allowing the spatial design and
implementation of management activities and monitor-
ing in an area. Spatially explicit capture-recapture (SCR)
models allow estimates of population density by model-
ing capture probability as a function of the distance
between activity centers and detectors (Efford et al., 2004;
Royle & Young, 2008) using spatial information derived
from the detector coordinates. SCR methods overcome
some of the limitations of nonspatial capture-recapture
models and allow inferences regarding the location of
animal activity centers, enabling better spatial design of
management activities (Havmeller et al., 2019; Jiménez
et al., 2017).

However, SCR methods based on noninvasive and
relatively inexpensive sampling techniques, such as
camera-trapping, are more difficult to apply to species
with cryptic morphologies. If the target species is also
gregarious (species that live in groups), the application of
the SCR model may become even more methodologically
challenging, as the model’s assumptions that individuals
are (1) uniformly distributed in space and (2) independently
detected when using detection devices (e.g., camera traps)
are likely to be violated (Royle et al., 2014, p. 150). Using
simulations of wolf (Canis lupus) populations based only on
the grouping of their activity centers, Lopez-Bao et al.
(2018) suggested that their spatial aggregation resulted in
only a slight underestimate of density. However, Bischof,
Dupont, et al. (2020) showed that both the aggregation of
activity centers (lack of spatial uniformity) and the cohesion
or synchrony of detection patterns of members of a group
(lack of detection independence) affected the accuracy of
SCR model results. They concluded that SCR models are
only robust at moderate levels of individual aggregation
and cohesion. Their simulations over the entire habitat
sampled were characterized by a similar absence of bias
and changes in precision at low and moderate levels of
aggregation, regardless of the level of cohesion. They used a
maximum likelihood estimation approach to develop an
overdispersion factor (¢) to correct the estimated parame-
ter variance. Emmet et al. (2022) developed a cluster SCR
model to estimate group density, individual density, and
group size, using a case study on African wild dogs
(Lycaon pictus). Lastly, Dey et al. (2023) described and
simulation-tested three Bayesian SCR models that used
generalized linear mixed models to account for latent
heterogeneity in the baseline detection rate across

detectors, using independent and spatially autocorrelated
random effects and a two-group finite mixture model.

Despite these methodological developments, the appli-
cation of SCR to the wolf, a gregarious species with a key
role as a top predator in trophic cascades (Newsome &
Ripple, 2015; Ripple & Beschta, 2012; Ripple et al., 2001),
remains a challenge, and studies using empirical data are
very scarce. Wolf population size estimates have usually
relied on expensive noninvasive genetic techniques
(Bischof, Milleret, et al.,, 2020; Lopez-Bao et al., 2018;
Mattioli et al., 2018; Roffler et al., 2019). To our knowl-
edge, no SCR methodological developments have been
applied to this gregarious species to improve the results
obtained from inexpensive and relatively easily gathered
camera trap data.

In this study, we used video recordings of wolves
obtained from camera traps in Galicia (NW Spain). The
recordings allowed identification of individual wolves
based on their morphological characteristics, mange
lesions, and behavior. To account for the effect of gregari-
ousness on observations and other sources of heterogene-
ity, we used an SCR model to analyze the data with
Poisson and negative binomial observation models
with different random effects on the baseline detec-
tion rate and tested its goodness of fit (GoF). We
show that this approach can provide a reliable means
for estimating the population size of this species,
which could also be applied to other species with
similar characteristics.

METHODS
Study area

The study area (Figure 1) is located in the Dorsal Gallega
mountain ridge (Pontevedra province), a group of mountain
ranges running from north to south through central Galicia
(NW Spain). The altitude varies around 500 m, with nearby
peaks of 1100 m. The annual average rainfall is 2459 mm.
Moorland, with Erica spp. and gorse (Ulex spp.), predomi-
nates on the high plateaus as a result of human activity,
although there are some patches of native forest (Quercus
robur) and coppices on the slopes. Roe deer (Capreolus
capreolus) and wild boar (Sus scrofa) are abundant in the
region. The human population density is moderate,
25.4 inhabitants/km?, and declining (INE, 2018). The main
land use is extensive livestock (cattle, sheep, and horses)
farming. Previous information on wolves in the area was
given in the 2013-2014 National Wolf Survey (MITECO,
2015), and four packs or territorial social groups (Mech &
Boitani, 2006) were detected, based on surveys of signs, howl-
ing sessions, and other information (Jiménez et al., 2016).
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FIGURE 1 Map of the study area in the Dorsal Gallega mountain ridge. The study area was located in Pontevedra (Galicia,
NW Spain) and was monitored using 43 camera-trapping sites. The inset map shows the location of the study area in Spain
(red rectangle).

5USD17 SUOWILIOD) BAIEaID 3|qedldde ay Aq peusenob ale sapie YO ‘8sn Jo sajni oy Ariq1TauluQ A8]1IM UO (SUOIIIPUOI-pUe-SWLBAL0D" A3 | 1M Aleld 1 |pulJuo//Sdiy) SUORIPUOD pUe SWB | 3Y) 88S *[202/50/82] uo Ariqiaulug A8|1IM ‘(Pepiues ap 0LXSIUIA) UOSIAOIY [BUOIRN BUeIyd0D Usiueds AqQ +09t"2s98/200T 0T/I0p/wod 8| 1m Aelq 1 puljuos euino ess//sdny woly papeojumoq ‘L ‘€202 'S2680STS



40f 14 |

JIMENEZ ET AL.

The closest packs identified were located approximately
10 km from our study area.

Sample collection

The wolf population in the area was monitored using
camera traps (Moultrie M-990i; Birmingham, AL, USA).
The study covered 119 days during summer and autumn
(June 4, 2015-September 30, 2015). Twenty camera traps
were used, installed at a height of 70 cm on fences, stone-
walls, and trees along trails and at road junctions. Trap
locations were changed during the study to sample the
whole area. Forty-three different trap locations were used
(Figure 1). The resulting polygonal envelope covering all
of the camera trap locations was 28,022.7 ha in size.
Wolves were attracted to the cameras using rotten fish
extract scent lures (Bullard, 1982). The attractant was
sprayed once only per camera trap, on stones and soil
3-4 m away from the trap or allowed to soak into porous
materials such as logs. The traps were set to trigger a pho-
tograph and a 20-s video. An “event” was defined as the
presence or detection of an animal within a camera trap
field of view (Jumeau et al., 2017). The minimum interval
between events to be considered independent was
30 min. Where several animals were “captured” in a sin-
gle picture, each individual wolf constituted a separate
event.

Individual identification

We used observable anatomical or pathological features to
identify individual wolves captured in the video events.
From these, we compiled a catalog of the identifiable indi-
viduals and gave each a descriptive name (in Galician) for
reference in this study. The main recognition characters
used were gender, age class (adults/subadults and pups),
behavior, morphological features (body, tail, and head sizes;
length-to-height ratio; development of mammary glands),
phenotypic characters (color; size; density of hair in differ-
ent part of the body), anatomical peculiarities (congenital;
acquired deformities), and pathological peculiarities
(alopecia; lameness; inflammation; wounds) (Figure 2;
Appendix S1). Lesions compatible with sarcoptic mange—a
parasitic skin infection caused by Sarcoptes scabiei—were
also important distinctive features owing to the wide variety
of long-term marks observed on the skin and hair. Sarcoptic
mange has been reported in Iberian wolves in northern
Spain (Dominguez et al., 2008), and camera trap data have
previously described it as a useful means of monitoring its
occurrence and temporal trends in wolf populations
(Oleaga et al., 2011). The videos allowed the identification

of mange-compatible lesions: alopecic zones and erythema
with active inflammatory borders can be clearly seen.
Because such lesions are temporary, they cannot be used
over an extended period but are perfectly suited for identify-
ing individuals over a short period, such as that in this
study. We compiled catalogs of photographs extracted from
the videos and made visual comparisons among all of the
photographs obtained to identify individual wolves where
possible. Although individuals could be identified from both
day and night photographs, photographs from daytime
videos facilitated morphological study of individuals for cat-
alog and comparisons with other videos due to their better
quality and sharpness. To highlight the importance of day-
time video in the identification process and as a reference
for future work, we showed wolf activity pattern from all
capture events using the overlap package (Ridout &
Linkie, 2009) in R (R Core Team, 2022).

Although individuals could be recognized in most
of the videos, there were those in which individual
identification was not possible (e.g., blurred images or
individuals behind others). Such cases were termed “data
reduction,” “dilution,” or “subsampling.” This situation is
common in other scientific studies, such as in genotyping
(where a sample contains insufficient markers). We
assumed that, if the number of recaptures was sufficient
(Efford et al., 2004), and data reduction was random, this
data reduction would only affect the basal detection rate
(o, the expected detection rate when the center of activ-
ity coincides with the detector) and not the population
size estimate (Murphy et al., 2018). As our dataset had a
high cumulative probability of capture for each individ-
ual, which is uncommon in SCR studies, we tested how
the precision and bias of the model estimates changed
progressively as more samples were lost to misidenti-
fication. We “diluted” our SCR data in three trials in
which 60%, 40%, and 20% of the total detections were
used from the model at random, to evaluate the relation-
ships between sample size and root-mean-square
error (RMSE) and relative bias (RB) for the estimates of
D and o. The posterior point estimates of the selected
model using all of the SCR data were used as a compara-
tive reference. For each trial, we simulated 100 different
datasets, using a binomial distribution for random data
dilution.

The total number of wolves (with and without identi-
fication) appearing in all camera trap video captures per
day was used as a proxy for pack cohesion, assuming that
the number of individuals appearing in any one video
capture is an underestimate of the actual number present
in the vicinity of the camera. The aggregation of all
events observed in the videos per camera trap and day
should report behavior that, although temporally sepa-
rated, could indicate pack cohesion.
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Tail Mange lesions

Mammary glands

Deformities and pathological
blemishes

FIGURE 2 Individual identification of wolves using video camera traps. The traits used include tail sizes, body shape, and hair density

(1: Pequeno and 2: Pardellas); pathological blemishes, for example, alopecia due to mange lesions (3: Eira and 4: Pinta); development of
mammary glands (5: Deva); anatomical deformities (6: Telleira and 7: Jicho); and phenotypic characteristics, for example, color (8: Clara and
9: Montouto-Faro pup number 1) and size (10: Foxo and 11: Laxe) (the photograph shows the greater height of the male compared with the

ground surface and the height of the vegetation in the background). For complete information, see Appendix S1 (all images are taken from

video camera traps set by the authors).

Population density estimates

To address the lack of independence in individual detec-
tions, our working hypothesis was that aggregation and
pack cohesion would lead to heterogeneity. Due to aggre-
gation and cohesion, many detectors would register no
detections, and those that did would detect more than
the model prediction. A priori, one would expect that
heterogeneity by individual-by-trap-by-occasion would be
the most relevant for this group-living species. However,
we may also find other sources of heterogeneity, e.g.,

individual heterogeneity in detection due to different
behavior. We considered models with Poisson (P) and neg-
ative binomial (NB) observation models and different ran-
dom effects on the baseline detection rate to explore
relevant sources of heterogeneity. Assuming that cohesive-
ness in wolf packs is related to their ability to kill larger
prey and improve their competitive ability against scav-
enging animals (Schmidt & Mech, 1997; Vucetich
et al., 2004), we would predict that pack cohesion in our
study area would be medium/low, given that the main
food source in the area consists of small prey and
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medium-sized domestic livestock. The effects of
overdispersion should therefore be minimal according to
Bischof, Dupont, et al. (2020) and could be addressed using
random effects (Harrison, 2014; Kéry & Schaub, 2012, p. 82)
or NB observation models (Cove et al., 2023).

We used a Bayesian SCR (Royle et al., 2014) approach
in Nimble (de Valpine et al., 2017, 2022) and R (R Core
Team, 2022). The standard SCR model assumes that indi-
vidual activity centers i=1,2,...,N are distributed over a
region or state space (S) and that individuals are sampled
by our camera trap array within S. The distribution of
individual activity centers, s;=(s;,S;,), is described
here by a homogeneous point process, such that
s; ~ Uniform(S). The activity centers are latent variables
to be estimated by the model given the trap-specific
events for the n detected individuals at traps j=1,2,... J
with locations x; = (x;,,x;,). Assuming that detection fre-
quencies are a decreasing function of the distance dj;
between an individual activity center s; and a camera trap
location x;, the expected detection rate (1) can be
defined as:

—d:?
}\‘U = }\(Si,xj') :}\0 X eXp( ZGZ ), (1)

where ), the basal detection rate, is the expected detec-
tion rate when d; =0, indicating direct overlap of an
activity center with a trap; and o is the scale parameter of
the half-normal detection function.

The detection rate can covary, for example, with the
trapping occasion for sampling efforts with multiple
occasions (e.g., Aj for K>1). We assumed that the event
histories of the N observed individuals followed a
Poisson (P) (2) or negative binomial (NB) (3) probability dis-
tribution of counts. The latter is considered adequate to
describe aggregate event patterns (Anscombe, 1950) and
has been previously used by Cove et al. (2023) in SCR obser-
vation models to deal with overdispersion in detection.

We used data augmentation to estimate the number
of unobserved individuals (Royle et al., 2007). We aug-
mented the n observed detection histories with M -n
“all-zero” histories, choosing a value such that M > N,
and the likelihood for the zero-inflated true detection fre-
quencies y;; was then conditioned on a partially latent
binary indicator variable z; that describes the member-
ship of individual i in the population (2 and 3):

¥;j|zi ~ Poisson (A; XK X z;), (2)
Vi |z; ~ Negative Binomial (Xij Xz, X K), (3)

where r is the size parameter from the NB distribution.
Where there is no variation in K, we aggregate the

observed number of encounters in each trap over the
K sample occasions for more efficient computation
(the sum of NB random variables is NB with
size = size; + size; + - - - + size,,) simplifying the detection
model (2 and 3) as in Cove et al. (2023).

Pr(zij=1)=1 for the n observed individuals, and
Zi ~ Bernoulli(y) for the entire collection of M individ-
uals. The population size can then be derived from the
sum of indicators, N = ) z; (realized N) or from the prod-
uct M Xy (expected N), and the density, D, can be
derived by dividing the population size by the area of the
state space, such that D=N/||S||.

To deal with the overdispersion, we used different
random effects on the basal detection rate, following a
common normal distribution (4):

Normal (p.o, 012,) , (4)

where p,, is the log-scale mean with a variance cf,.

We compared (1) Poisson observation (P) model with
a constant baseline detection rate as a null model;
(2) P-g; random effect on detection rate by individual,;
(3) P-g;: random effect by trap; (4) P-g;;: random contribu-
tion from each individual-by-trap combination; and
(5) P-g;: random contribution from each individual-by-
trap-by-occasion combination. We also compared (6) negative
binomial observation (NB) model, which is actually a
Poisson model where the random effects have a Gamma
distribution, with a constant baseline detection rate; and
(7) NB-¢;: trap-level random effect on baseline detection
rate. We thus compared different observation models
and random effects. To save computation time, we used
a “zero’s trick” to buffer an irregular trap array without
discretizing the state space (R. Chandler, public commu-
nication, see R+Nimble code). Posterior probabilities
were calculated using three independent Markov chain
Monte Carlo (MCMC), with 125,000 iterations each, and
a burn-in of 25,000 iterations, thinning by five. We
assessed the MCMC convergence and mixing by visually
inspecting trace plots and then calculated the
Gelman-Rubin statistic (R-hat <1.1) (Gelman et al.,
2013) using the R package coda (Plummer et al., 2006).
We used model selection by widely applicable informa-
tion criterion (WAIC; Watanabe, 2013) to rank the fit of
the candidate models using MCMC and then used the
GoF of the models to diagnose severe violations of the
model assumptions, and hence reduce the risk of draw-
ing erroneous inferences (Pradel et al., 2005), by com-
puting the Bayesian p value (BPV) based on measures of
the systematic dissimilarity between the observed data
and posterior predictive distribution of the data
(Gelman et al., 1996). Thus, the computation of BPVs
requires the specification of a discrepancy measure by
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choosing the aspects of the model to be checked.
Following Royle et al. (2014, p. 232), we selected three
statistics to evaluate the observation model: (1) individ-
ual per detector frequencies; (2) individual detection fre-
quencies; and (3) trap detection frequencies. GoF was
calculated using three independent MCMC simulations,
with at least 50,000 iterations each, and a burn-in of
10,000 iterations, but in P-g;;, due to the computational
intensity we expected in generating BPV distributions,
we limited to 10,000 iterations and a burn-in of 5000
iterations. To estimate and compare the population sizes
(N) estimated by each model, a buffer of exactly 3x6
was set around the camera trap grid area, using the &
value obtained from a previous MCMC run. In the data
dilution simulations, we used three chains, with 5000
iterations each, and a burn-in of 1000 iterations, thinning
by five. We reported the posterior mode for point esti-
mates (SD), unless clearly stated otherwise.

RESULTS

Camera traps were active for 1889 day-traps
(Appendix S2: Figure S1) in 43 locations (Figure 1). The
wolves were very attracted to the rotten fish extract bait
provided and often rubbed themselves against the bait or
rolled on it, which allowed direct observation of their sex-
ual organs helping with individual identification. We
obtained 802 wolf events, 562 with identification
(an average of 22.5events/individual) and discarded
240 events where an identification could not be made.
We recorded 527 recaptures. Of the spatial recaptures
(the same wolf detected at different traps), two wolves
were detected in 11 cameras; two in 10; two in 9; two in
8, two in 7; one in 6; one in 5; two in 4; one in 3; nine
in 2; and one in 1 camera. We identified 25 individuals in
the photo and video captures (Appendix S1) in two packs
whose aggregate activity centers of pack members were
11.4 km apart, as depicted using the spiderplot function
of the scrbook package (Royle et al, 2020) in
Appendix S2: Figure S2. In the Montouto-Faro pack, we
identified 16 individuals (11 adults; 6 & and 5 @; and
5 pups), and in the Bidueiros-Eiras pack, we identified
6 individuals (6 adults; 4 & and 2 Q). We detected
only one breeding female in each pack. None of the
wolves from one pack were detected in the camera traps
in which the other pack was detected (Figure 1;
Appendix S2: Figure S2). We also detected three lone
individuals in the Montouto-Faro area (see Appendix S1)
who never appeared with other wolves in the video cap-
tures, and showed no known associations with other
wolves at any time during the study. These lone individ-
uals probably did not belong to either pack and were

considered to be floating individuals. The most detected
individuals were both reproductive males (Coxo from the
Montouto-Faro pack, with 65 detections and Foxo from
the Bidueiros-Eiras pack, with 76 detections) and the
fewest detections were of floating individuals (1-5 events)
and pups (2-7 events). Pups were only seen at two cam-
era traps (125 m apart), while the rest of the pack mem-
bers each appeared at an average of 6.8 camera traps.
Floating wolves were detected at an average of 2.3 camera
traps. The overall wolf activity was mainly nocturnal
(Figure 3), although 9% of the events were diurnal, and
these detections greatly facilitated the identification of
individuals. In our proxy for cohesion, 35% of the
trap-days only detected one individual, and 86% of the
trap-days detected fewer than five individuals. In 1% of
the trap-days, more than 10 individuals were recorded
(see Appendix S2: Figure S3).

The convergence of the MCMC chains was good for
all models tested, although the chains were poorly mixed
in the case of P-g;. According to the WAIC procedure,
the best fit model was P-g; (Poisson with a random effect
by individual by trap), and the second one was NB-g;
(NB observation model with a random effect on the basal
detection rate), but P-g; had a severe lack of fit in the
“trap” component (Table 1). Therefore, we decided to use
NB-¢;. The difficulties of model selection using WAIC in
SCR analysis (Dey et al., 2019), and the additional use of
GoF (Jiménez et al., 2022), have been described previ-
ously. The estimate of wolf density was 2.88 (SD: 0.37)
individuals/100 km®. The population size estimate using
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FIGURE 3 Patterns of wolf activity in the study area. Wolf
video captures during daylight hours facilitated the process of
individual identification (photo credit: Carlos Usamentiaga:
www.ferus.es).
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a buffer of 10.45 km (3 X 6) around the camera traps was
28.97 (SD: 3.68) individuals (Table 2). The statistics used
in the GoF resulted in individual X trap frequencies of
T, =0.56; individual frequencies of T,=0.42, and trap
frequencies of T5; =0.20 (Figure 4).

The data dilution test showed a mean RMSE
of the D estimate: for 337 detections (60% of our data) of
0.25 (SD: 0.19) and for 112 detections (20% of our data) of
0.57 (SD: 0.41). The mean RB was 0.07 (SD: 0.09)

TABLE 1 Comparison of the candidate models used to
analyze the spatial capture-recapture data: P (Poisson
observation model and constant baseline detection rate), P-g;,
P-g;, P-g;j, and P-g;j;c (Poisson observation model and random
effects on baseline detection rate at individual, trap,
individual-trap, and individual-trap-occasion levels,
respectively), NB, and NB-¢; (negative binomial observation
model and a negative binomial and a trap-level random effect on
baseline detection rate).

Model T, T, T, WAIC
Negative binomial (NB-¢;) 0.56 0.42 0.20 899.99
Negative binomial (NB) 0.88 0.47 0.00 995.84
Poisson (P-g;) 0.32 0.43 0.00 847.87
Poisson (P-¢;) 0.00 0.33 0.25 930.40
Poisson (P-g;) 0.00 0.42 0.00 1153.07
Poisson (P) 0.00 0.39 0.00 1174.64
Poisson (P-gy) 0.00 0.08 0.00 5663.73

Note: Bayesian p values statistics to evaluate the observation model: (T;)
Individual per detector frequencies, (T5) individual detection frequencies,
and (T5) trap detection frequencies.

Abbreviation: WAIC, widely applicable information criterion.

and 0.18 (SD: 0.18) in 60% and 20% of the cases, respec-
tively (Figure 5).

DISCUSSION

The identification of wolves based on their physical
characteristics and behavior is not a novel approach.
Murie (1944) described how it was possible to differenti-
ate wolves in a pack based on their color, size, contour,
and behavior, and included their temperament as a
distinguishing feature. It is possible to identify individual
wolves from camera trap videos in many cases by observ-
ing certain morphological characteristics, injuries, and
behaviors. To optimize identification, videos should be
taken from a distance of 3-4 m to enable detailed obser-
vations, and lures should be used to keep animals in front
of the camera for a sufficiently long period of time
(Tourani et al., 2020) to enable recordings from various
angles, although, as discussed later, baits could induce
trap response behavior. Events recorded during the day-
time also facilitate the creation of a catalog from which
individuals can be identified. The activity patterns we
observed (Figure 3) were indicative of the high quality of
the videos that we obtained. However, even with daytime
photos and videos, the difficulty of identifying individual
wolves must be emphasized. The operator(s) performing
the identification must develop expertise in this task. It is
very difficult to do this without a thorough knowledge of
the anatomy and behavior of the species, and the impact
of identification errors on the estimates (Johansson
et al., 2020) must be addressed in further research. The

TABLE 2 Posterior summaries of parameters from models P (Poisson observation model and constant baseline detection rate),

P-g;, P-g;, P-g;;, and P-g; (Poisson observation model and a random effects on baseline detection rate at individual, trap,

individual-trap, and individual-trap-occasion levels, respectively), NB, and NB-g; (negative binomial observation model and a negative

binomial and a trap-level random effect on baseline detection rate) used to estimate wolf density.

Parameter P P-¢; P-g;

N 26.01 (1.83) 27.95 (4.03) 31.01 (4.17)
D 2.58 (0.18) 2.78 (0.40) 3.08 (0.41)
’f

5 3.91 (0.22) 3.75 (0.21) 3.16 (0.31)
o 0.16 (0.02)

Ho —2.08 (0.42) —2.96 (0.37)
A 0.95 (0.47) 1.62 (0.37)
W 0.33 (0.06) 0.37 (0.07) 0.40 (0.07)

P-g;; P-ggj NB NB-g;

28.00 (3.66) 31.03 (3.50) 27.01 (3.05) 28.97 (3.68)

2.78 (0.36) 3.08 (0.35) 2.68 (0.30) 2.88 (0.37)

0.01 (0.00) 0.04 (0.01)

3.57 (0.30) 3.28 (0.19) 3.65 (0.27) 3.44 (0.31)
0.15 (0.05)

—2.55(0.26) —4.80 (0.16) —2.76 (0.39)

1.18 (0.12) 1.82(0.10) 1.41 (0.35)

0.37 (0.07) 0.39 (0.07) 0.36 (0.27) 0.37 (0.07)

Note: The mode was used as a point estimate. Parameters: N is the population size estimate in a territory buffering all traps using a distance of 3 X 5; Dis the
density estimate (individuals/100 km?); 7 is the negative binomial parameter; G is the half-normal scale parameter describing the rate at which the detection
probability declines as a function of distance from the detector; %o is the baseline detection rate; Ho and G, are the hyperparameters from the random effects;
and v is the parameter for data augmentation. The mode and SD are shown for all parameters.
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FIGURE 4 Scatter plots of discrepancy measures for the replicate versus the actual data for the spatial capture-recapture models

studied. Top, Poisson model and bottom, negative binomial with random effects by traps on basal detection rate (NB-¢;). The Bayesian

p values are the proportion of points below the 1:1 equality line (black). Left: individual X trap frequencies, which summarize the data by

individual and camera trap, aggregated over a single occasion. Center: individual detection frequencies, which assess individual

heterogeneity. Right: camera trap frequencies, based on aggregating individuals and replicates to create camera trap/detection frequencies.

minimum detected population size (MDS) in the study
area was 28 individuals: 25 identified during the study
period, one pup from the Montouto-Faro pack that was
found dead during the study but prior to detecting the
pups in camera traps, and two pups discovered later in
the Bidueiros-Eiras pack. Given the intensive monitoring
of this population, the MDS could be considered a good
baseline for comparing estimates.

By moving the cameras and changing their location,
it was possible to cover the entire sampling area. It
should be noted that it was necessary to have enough
detections and recaptures in different locations that are
far enough apart to allow for a correct estimation of o.
For example, only using cameras at rendezvous sites
could maximize the number of captures/recaptures, but
would not enable a description of the actual movement

of animals. For this particular type of spatial distribution
of a population, spatially clustered and over a large area,
it may be desirable to use adaptive sampling (Wong
et al., 2018) and model it appropriately. It should be
noted that adaptive sampling with a standard SCR analy-
sis will result in an overestimation of the population size.

While breeding females in a pack are easily identified
by the presence of mammary glands at this time of year,
the larger wolves that often appear in video captures
simultaneously with breeding females could be only be
considered as putative breeding males. Two wolves from
the dataset, Coxo (No. 2) and Foxo (No. 21), were detected
in company with the reproductive females Deva (No. 1)
and Laxe (No. 20) in 27 and 31 video captures, respec-
tively, and apparently guided the pack activity (Mech,
2000). In our study, direct observations of wolves, made
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FIGURE 5 Relationships between sample size and root-mean-square error (RMSE) and relative bias (RB) of density (D) and sigma (o)
from the NB-g; spatially explicit capture-recapture model, under three dilution scenarios and 100 simulated datasets per scenario: 60%
(337 detections), 40% (225), and 20% (112) of the data. Violins represent the parameter distribution in each dilution scenario.

at several locations without disturbing them, confirmed
that Coxo and Foxo were in fact breeding males.
Considering the individuals recognized during the study
period, 16 individuals belonged to the Montouto-Faro pack,
six belonged to the Bidueiros-Eiras pack, and three were
floating individuals. The size of the Montouto-Faro pack is
abnormally high for Spain. Fernandez-Gil et al. (2020)
reported an average of 3.1 (SD: 1.3) adult/subadult individ-
uals (older than one year) at summer rendezvous sites and
an average of 4.0 (SD: 1.9) individual pups. The larger
Montouto-Faro pack was particularly advantageous to the
objective of our study, since, a priori, larger pack sizes will
result in larger biases if aggregation and cohesion are not
included in the model (Bischof, Dupont, et al., 2020). We
found that 12% of the wolves observed were not linked to
breeding packs during the summer. Although our sample
size was small, the percentage of floating wolves was

slightly lower than the 16%-25% calculated in the study
by Lépez-Bao et al. (2018) and was similar to figures
estimated for North American populations (7%-20%)
(Mech & Boitani, 2006).

Although the a priori hypothesis was that gregarious-
ness would be modeled using a random effect by
individual-by-trap-by occasion, we found that the GoF
was better with an NB model with a random effect by
trap. In fact, this does not contradict our initial hypothe-
sis, since the NB model alone accounts for the heteroge-
neity individual-by-trap-by-occasion. Additionally, in our
analysis, the GoF test did not detect a lack of fit in the
NB-¢; model, as the BPVs were not close to 0 or 1 for any
of the components, suggesting that the heterogeneity was
well explained by this model (Figure 4), in contrast to the
lack of fit detected in other models. By adding an addi-
tional heterogeneity by trap, we reinforce this dimension
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of heterogeneity. Thus, it is possible that the better fit of
the NB model with a random effect by trap is related to
other sources of heterogeneity besides that induced by
gregariousness. The lack of fit in the third component of
the P-g; model also suggests unresolved trap heterogeneity
in this model. The population size N of individuals estimated
by the P, P-¢;, and NB models are lower than the MDS, while
the N estimated by P-¢;; is the same, and for P-g;, P-g;; and
NB-¢; are slightly higher than the MDS. There are also dif-
ferences in the o values estimated by the different models.
The relationship between A, and o can compensate
between parameters (Efford & Mowat, 2014). Thus, if
there was any unmodeled overdispersion in our data
using P (as suggested by the GoF), we might expect unre-
alistically high o estimates. Indeed, comparing the mean
of our 6 estimates with those obtained from the
GPS-telemetry data in Lopez-Bao et al. (2018) for a sam-
ple of 16 GPS-tagged individuals from the same population
in Galicia (o = 3.50 km), it suggests an overestimation in
the scale parameter estimates in models P (6p = 3.92 km),
P-e; (6pg,=3.75km), NB (ong=3.67), and P-g;
(Op¢; = 3.57km). All of these models had a lack of fit in
T, and P and P-g; also had a lack of fit in T;. The mean
estimate of the selected NB-g; model (Gng., = 3.50 km)
was the same as o). Compensatory heterogeneity in P
leads to an overestimation of ¢ and an underestimation
of the density in the state space, which in our case was
10.4% when comparing P and NB-g; 2.58 (SD: 0.18)
versus 2.88 (0.37) individuals/100km? respectively.
As expected, the SD estimate could also be unrealistically
small due to unmodeled overdispersion in P (Anderson
et al., 1994). The estimate of the P-g; model (6p = 3.26 km)
and the P-g;; model (Gp_gijk =3.33 km) is lower than oy,
and both models had a lack of fit in T;, and P-g;; also
had a lack of fit in T5. We can infer that there is heteroge-
neity in our wolf data in the three components: individ-
ual by trap (T,), individual (T,), and trap (T3), but the
heterogeneity of the trap component appears to be
greater. The NB observation model with an additional
trap-level random effect, which better accommodates this
component, has the best BPV.

The difference between the four packs estimated in a
previous study in 2013-2014 (MITECO, 2015) and the
two packs detected in this study (2015) could be due to a
reduction in the population, a restructuring of the pack
compositions for some unknown reason, or differences
arising from the methodology used. In any case, we would
expect the level of accuracy obtained using our camera
traps, individual identification, and capture-recapture
approaches to be higher (Pollock, 1976) than that achieved
using other methods.

With regard to the “subsampling” process that occurs
when considering only a portion of the events, it should

be noted that, if subsampling is random with respect to
individuals, we would observe a greater reduction in the
Ao value than if we used all of the identified events, albeit
with more bias and a less precise estimate as the number
of unidentified events increases (Figure 5). However, if
the subsampling process that occurs when identifying
individuals from the videos is not random (e.g., if some indi-
viduals are more identifiable than others), individual het-
erogeneity will be introduced in Ao. Where this problem is
suspected, it can be addressed by removing individual het-
erogeneity in detection by combining the random thinning
spatial capture-recapture model (Jiménez et al., 2021)
with the categorical SCR model (Augustine et al., 2019) as
described by Cove et al. (2023). Another problem could
arise if there were behavioral responses to the traps,
because we cannot be sure whether some of the wolves
detected (and identified) in one event might actually be
present, but unidentified, in a previous video event.
Therefore, although it might be plausible that the bait
induced a capture response in our sampling, the behav-
ioral response model (M) was not included in our ana-
lyses. When using nonspatial capture-recapture methods,
estimates can become very biased when combined with
subsampling (Augustine et al., 2014); however, in studies
using SCR, there have been reports of limited effects on
the estimate when other sampling methodologies (genetic
noninvasive sampling) were used (Murphy et al., 2016).
Response behavior in data with a subsampling process
could be addressed using the random thinning SCR model
(Jiménez et al., 2021), but incorporating a behavioral
response to capture. It should also be noted that in our
data dilution experiments, which are actually an addi-
tional subsampling to the identification process (Figure 5),
the bias increased with increasing dilution, suggesting that
smaller sample sizes may limit the accuracy of the predic-
tions. This problem is likely caused by the distribution of
our cameras, where random dilution may lead to an
underestimation of ¢ by eliminating some of the few more
spatially distant recaptures (Appendix S2: Figure S2),
resulting in an overestimation of density.

It is important to emphasize that although the differ-
ences between the models studied may not be very impor-
tant due to the high cumulative capture probability of
each individual in our data, they will be important in
other studies with lower capture rates, as is common
in SCR studies. We recommend: (1) sampling during
periods of the year in which less cohesive behavior can be
expected; (2) accounting for heterogeneity; comparing
models with different random effects and observation pro-
cess; and (3) testing the GoF of the models. The NB model
with random effects on the basal detection rate will be
adequate if we found aggregation and cohesion behavior
and other sources of heterogeneity similar to our case
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study. Judging by the data, the packs we studied were not
very cohesive (see Appendix S2: Figure S3) in this area
during the study period, and usually split into several
groups at various times. If pack behavior becomes more
cohesive or there are other heterogeneity sources, this
approach may not be enough to address the resulting
overdispersion. In these cases, other types of random
effects (Dey et al, 2023) or using nonparametric ones
(Turek et al., 2021) could be considered.

Can this method of estimating wolf density be extrapo-
lated to larger landscape scales in NW Spain? Probably
not. The selection of the study area was arbitrary and only
covered an area occupied by two packs. It is possible that
at a larger scale, the average density would be lower due
to the inclusion of areas of wolf low density, or an absence
of wolves altogether (Fuller & Murray, 1998). As a refer-
ence for comparison, Lopez-Bao et al. (2018) estimated
2.55 (SD: 0.42) individuals/100 km? using a Poisson obser-
vation model. The analytical procedures used in this study
could be replicated at a medium scale, because cataloging
and comparing images “by eye” is difficult in large
populations. Our method allows the use of covariates such
as social or reproductive status, response to camera traps
(with the caution noted above), gregariousness, and so forth,
which are difficult (or expensive) to detect with noninvasive
genetic procedures. Furthermore, camera trap data provide
valuable information on the health status of a population,
its behavior, etc. A similar study scheme, ideally incorporat-
ing adequate sampling, individual recognition in camera
trap videos, SCR modeling that takes into account
overdispersion through different observation models and
random effects, model selection, and performing GoF tests,
could be applied to other gregarious species.
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