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Modelos de Conteo Simultaneo para Estimar la Abundancia a partir de Conteos de Individuos
No Marcados con Deteccion Imperfecta

Ryan et“
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Palabras glave: bayesiano, buitre, detectable, dinamica de poblaciones, Gyps, modelo
jerarquico de mezcla N, monitoreo, Sarcogyps

conteos si s de individuos sin marcaje en multiples sitios. Consideramos que en cada
ocasion d eo los individuos de una poblacion podrian ser detectados en uno de los
sitios de j podrian permanecer sin ser detectados y usamos modelos de conteo

Resumen. ;’e ollamos un método para estimar la abundancia poblacional a partir de
guﬁnij

simultaneo multlhomial o binomial para estimar la abundancia, con el binomial como
equivalen odelo de mezcla N con un solo sitio. Probamos el desempeiio del modelo
con simulags en un rango de probabilidades de deteccion, tamafios poblacionales, tasas
de crecimgnto, nimero de afos, ocasiones de muestreo, y sitios. Después aplicamos nuestro

método a ecies de buitre que se encuentran en peligro critico en Camboya para

demostrar dlicable es el modelo en el mundo real y para proporcionar las primeras
estimacio & pundancia para estas especies en Camboya. Nuestra nueva estrategia trabaja
de mejor cr@cuando se espera que los modelos existentes tengan un desempefio pobre (es
decir, y una gran variacion en la abundancia entre sitios) y si los individuos

podrian m de un sitio a otro entre cada ocasion de muestreo. La estrategia tuvo un
mejor des cuando hubo >8 ocasiones de muestreo y la probabilidad neta de deteccion
fue al Creemos que nuestra estrategia serd especialmente 1Util para censos
simultdneos en sitios de agregacion, como los nidos. El método complementa las estrategias
existentesgara estimar la abundancia de individuos sin marcaje y es el primer método

disefiado ificamente para conteos simultaneos.
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Article I atement:
Multinomi inomial simultaneous-count models estimate abundance of unmarked

individuals in iple sites.
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Abstract

We developed a method to estimate population abundance from simultaneous counts of
unmarkMals over multiple sites. We considered that at each sampling occasion
individuals damagpopulation could be detected at 1 of the survey sites or remain undetected and

used cithef{multi

latter beingequrvarent to an N-mixture model with one site. We tested model performance
with siﬂumver a range of detection probabilities, population sizes, growth rates,

pmial or binomial simultaneous-count models to estimate abundance, the

number o ampling occasions, and sites. We then applied our method to 3 critically

endangeredgvyulimire species in Cambodia to demonstrate the real-world applicability of the
model andito propide the first abundance estimates for these species in Cambodia. Our new

approach wo est when existing methods are expected to perform poorly (i.e., few sites
and large m in abundance among sites) and if individuals may move among sites
between s 1#g occasions. The approach performed better when there were >8 sampling
occasions probability of detection was high (>0.5). We believe our approach will be
useful in pm for simultaneous surveys at aggregation sites, such as roosts. The method

complemen isting approaches for estimating abundance of unmarked individuals and is
the first mgthod designed specifically for simultaneous counts.
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KRB NRAEA, W, RO, MEEshE, ildy, Vet /B, JLEE (Gyps)
, HILEJE (Sarcogyps)
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Introductj
Abundandg i damental measure in ecology and environmental management. Detecting
all individudls iff'a population is usually impossible when monitoring (Dice 1941), so
estimates ance must account for imperfect detection (MacKenzie et al. 2005). Counts
of individ provide an index of abundance if the probability of detection does not vary

dynamics ferred by repeating counts in space or time (Link & Sauer 1998). However,
if detectio in unknown ways or if absolute abundance is the parameter of interest,
then coun will not be informative (Anderson 2001; MacKenzie et al. 2005; Archaux
et al. 201 ing a priori whether the probability of detection varies is usually not
-Arroita et al. 2014), but statistical methods can account for imperfect

in time or g if variation in detection is accounted for, which allows population
be in

estimating abundance, generally based on the number of individuals seen and
other info #1811, such as distance of sighting, double observation, markings, removals, or a
se (e.g., Borchers et al. 1998; Nichols et al. 2000; Buckland et al. 2007;
Amundson et al. 2014). Getting such additional information in the field, however, can be
difficult, ensive, or compromise animal welfare, so methods have flourished for use with
counts of%s from unmarked animals, such as N-mixture models (Royle 2004a) (Fig.
la), and wgz data, such as mark-resight (McClintock et al. 2009).

Simple cogts remain common, despite the inferential limitations when imperfect detection is
ignored, and the many methods to estimate abundance (Kellner & Swihart 2014; Stephens et

al. 2015% rveys aim to census entire populations by simultaneously counting
individual iple locations. Examples include breeding-ground counts of geese
(Mitchell 2015), 8ave counts of seals (Martinez-Jauregui et al. 2012), and roost counts of
bats (Westcott e

1. 2015). Simultaneous counts are sometimes used in monitoring programs
to deriv. um population size, prevent double counting of individuals, or reduce
nondete e.g., Clements et al. 2013). The utility of this monitoring depends on an
assumption that €tther a constant proportion of the population is detect or simultaneous
counts act as complete censuses (i.e., all individuals in the population are counted).
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Two methods account for detection when estimating abundance based on simultaneous count
data. FiMbinomial models consider the entire population either detected or
undetected diagal a) and model the observation process over all sites together. With repeated
surveys, it i@ on on variation in the number of individuals detected is used to estimate
detection provab
counts Fre’Sititaneous, the overall population is closed to recruitment, mortality, and
migration Wthin survey periods, and all individuals in the population could be detected over
the course @f samgpling, then abundance and detection are analytically simple to estimate.

and abundance. We call this a binomial simultaneous-count model. If

Although Simple e know of no studies in which this approach was used, and information on
variation in d€tection and abundance among sites is lost that may be of interest. Second, the
more comffle@bifiomial N-mixture model accounts for the observation process at each site
(i.e., whet ndtviduals at a site are detected or not detected) (Fig. 1b). Although useful for

counts of d individuals, it cannot be applied in all circumstances. Binomial N-
mixture mmow abundance at each site to vary with some distribution, typically Poisson
(Royle 200 egative-binomial (Martin et al. 2005). Accounting for further variation in
abundancgor variation in detection among sites requires estimation of covariates, and so it
may not b e to account for such variation where covariates are unknown or if there
are too fe estimate their coefficients. If the area of sites in binomial N-mixture

models is efined, it is impossible to accurately extrapolate density at sites to absolute
abundance. If individuals are mobile and may occur at a number of sites on different

occasi 1n a sampling period, the assumption of closure is not met, and estimates will
be unreliabl s, binomial N-mixture models do not make use of the information that
counts i eous.

We develhultinomial simultaneous-count model , similar to the binomial N-mixture

model, th specifically to simultaneous counts (Fig. 1¢ & Table 1). We modeled an
observati s over the entire population of interest. With the multinomial
simultaneouss t model, at each sampling occasion an individual present in the population
is either d@tected at no more than one site or undetected (Fig. 1c). Thus, the multinomial
observ. s consists of k+1 groups, where k is the number of surveyed sites; each

indiVidHn exactly 1 of these groups. Although more complex than the binomial
simultane t model, it allows estimation of site-level detection processes and
population abun;nce.

We dif@the simultaneous-count model and N-mixture model approaches for the
following reasons'(Table 1). First, intent, binomial N-mixture models are intended to estimate

site-specific abundance or density over many sites, whereas simultaneous-count models are
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intended to estimate the abundance of an entire population over those sites. Second, binomial
N-mixture models apply the observation process at each site separately, whereas the
simultaneii;s-coiit model considers observations in a single process over all sites. Third,

althoug ial simultaneous-count and binomial N-mixture models are the same if
applied to site, the binomial simultaneous-count model is not a mixture model
because t ixing distribution, only a single estimate of N. The simultaneous-count

model ﬁ bw the assumption that the area surveyed represents the entire population of
interest, tt: population is closed during survey periods, and individuals are not double
counted, ertain when surveys are simultaneous. The advantages of the
simultaneg®s-cOfnt model over an N-mixture model are that the probability of detection at
individual \§ vary without the need for estimable covariates, estimating abundance
does not regui well-defined survey area, and it is not assumed that the population at a site
is closed \w& survey period (Table 1).

We deviseglomial and binomial simultaneous-count models (SCMs), evaluated their
performammulation, compared the multinomial and binomial models, and applied the

multinom 1 to counts of 3 critically endangered vulture species in Cambodia. These
vulture po ions are globally significant and geographically disjunct from other
populatiol$ o same species, and so geographically closed. The binomial N-mixture
model cani8t pplied easily because there are few monitoring sites, populations are
dispers in the landscape with no known covariates to account for this, and

individuals mong sites between sampling occasions (Clements et al. 2013).

Methods
Simultanwnt models for abundance
Consider & ration survey of a closed population: no migration, recruitment, or

mortality, and"population is bounded in a distinct geographic area. The population is
surveycﬂeously at k sites on multiple occasions when the population is closed. At
each sitepi sion ¢ some number of individuals (y;,) is counted, producing a series of
counts ach occasion, each individual in the population is either detected at no
more than one site or not detected, resulting in k+1 groupings into which each individual may
occur (Fig. 1c). Hhe total population abundance of individuals that could be detected (N) is

the sum o individuals detected at all £ sites plus the number of individuals not
detected at e (Vi+1,), which is unknown, so N = Y1y, ..
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If the probability that in a given sampling occasion an individual is detected at site i is m;, for
sites 1:k and the probability an individual is not detected at any of the sites is 7+, then

K+l =i becaise the individual must be somewhere.

Counts on detected and not detected (v, .4+1,;) have a multinomial distribution from
a populatiemefdeand probabilities of 7; to mx;:

Y0kt~ 1al(N, my.4+1). (1)

The likelthood far this is

Vi
LV, nl,rm.nyl,yz, Vi) = NI @)

When onejs the elements corresponding to the undetected population, this likelihood
equals

Ni(1- an-)(N_E,fyi) kT
L(N, my, o, 1| V1, V20 s Vir1) = (Nl—zlj’l‘yi)! 1yl_l_! . (3)
If one co e binomial equivalent of this, where observations from all surveyed sites
are treate gle site,
Ky E(N,Zlf ™), 4)
then the likelihood is
s k., k.
_ (- ghm) VI (gt 1)
L(N’ Zlf T Z’f Yi:yk+1) - (Nl_ Ellcyi)! X 1(211cyi)! . (5)

Although &gs. 3 and 5 are not equivalent, the elements of the likelihood including N are
identicadl, elihoods with respect to N are exactly proportional to each other.
Therefo

same esti N.

nomial and multinomial formulations of the model should generate the

The 7; ity is not the probability that an individual occurs at site i. Individuals present
at a site tected are incorporated into probability ;. So 7; could be considered
the product of the probability that an individual occurs at site 7 on a given occasion and the
probability that the individual is detected given that it occurs there.
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The simultaneous-count model is based on the assumption that individuals are not double
countedMle population is closed during sampling. Closure can be relaxed to estimate
an open (chamgig) population if, for example, there is a mix of periods of population closure
and repea @ ys interspersed with periods when the population is open, when N may

I

-

Figure 1 cgfttraSt§ the simultaneous-count models and the binomial N-mixture model, and
Table 1 cmhese and multinomial N-mixture models. The SCM detection process and
abundance gstuamates operate at the population level, whereas in N-mixture models, the
detection progessfand abundance estimates operate at a single site level. The multinomial
process in multihomial N-mixture models results from additional information, such as
removals of indiWiduals, double-observer counts, or encounter histories (e.g., Royle 2004b;
Kéry & R 0,2016).

Y imulatio!s

We conducted simulation experiments to test how well the simultaneous-count models
estimated Kn alues. In each simulation set, we varied the parameter of interest and
repeated siMulati®ns over orthogonal combinations of detection probability, number of
sampli ioms, and sites for both multinomial and binomial simultaneous-count models
(Table 2). wnulated an initial population (Np) of 1000 individuals sampled on 2-64
occasio 1th a net probability of detection (p") of 0.1, 0.5, or 0.9 (Table 2). The p’
variabl of the probabilities that an individual is detected at each site, p’ =

vary.
[

Xm; = 1 — w44, and equals p in the binomial models. We split p’ evenly among sites such
that my = = =T = %’ . For example if p’ = 0.5 and there were 2 sites, the probability
an individ d be detected at 1 of those sites was 1, = m, = 07'5 = 0.25. We conducted
5 sets of s ns (binomial models, number of sites, growth rate, population size, and
spread of jon) . The full combination of parameters are listed in Table 2. For binomial

models, W sought to establish that the model we specified was consistent with sampling at a
single .C., when both models should be identical). For number of sites, we compared
how th ous-count models performed with differing numbers of sites (1, 2, 3, 5, 7,
and 9). Fo rate, we examined how simultaneous count models estimated changes in
abundance whenSurveying an open population under a robust design. We specified an

tion growth rate (R): R = N.+1/N; and N, = NyxR' We simulated surveying
3, or 7 sites over 2, 4, or 8 years with 2, 4, or 8 sampling occasions per year
98, 1, 1.02, and 1.1. For population size, we examined performance of the
models with poptations of 10, 100, 1000, or 10 000 individuals in 1, 3, or 7 sites and did not
truncate 4, the hyperprior for N (see Analyses below). For spread of observed population, we
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compared outcomes when the probability of detection was even among sites, as for our other
simulations, with when the probability of detection differed among sites. Where probabilities
of detectiqn diffeged, half of the net probability of detection was assigned to a single site and
the remMspread evenly among the remaining sites so that m; = % ,and my, = -+ =

Yo/

n =
k™ 2k

Analyses wm—

We specihmdels in a Bayesian framework with JAGS (Plummer 2003) version 4.3.0.
Priors for @1+ Were drawn from a Dirichlet distribution, and priors for N were drawn from a
Poisson diSgsi n: 741~ Dirichlet(a;.+1), N ~ Poisson(4), and yy.x+1, ~ multinomial(N,
Tlk+1) OT Y inomial(V, p) in the multinomial and binomial models respectively. A
Poisson di§tributi®n was the prior for a discrete &V, although other prior distributions are
possible. We set weak priors for A (10, 10°), and to improve model convergence, we

truncated our prli distribution for 4 at 5,000 (except set 4, see above). Priors for a were such

that each a75x — —, and a4 = 1. Thus, equal prior weight was given to the probability of

detection nondetection and was equivalent in both multinomial and binomial models with
the same data were randomly generated for each simulation, and we ran 100

simulatiormh combination of parameters.

The sta istributions in WinBUGS, OpenBUGS, and JAGS do not allow multinomial
likelihoods v issing values—in this case the number of individuals not detected.
etection process could be modeled in the multinomial SCM as a binomial
for detection and nondetection, with a multinomial process for occurrence at each site, but
this was ngt possible because the number of individuals detected each occasion varied.
Hence, wkd the multinomial model with the “ones trick” (Spiegelhalter et al. 2003).
The ones @ws the estimation of a likelithood from a distribution not specified within

the softw e the likelihood is written in full.

L

-

Models were fit in JAGS with 3 chains, 100,000 iterations, 50,000 burn-in, and up to 3
updates if not coierged initially. Convergence was confirmed post hoc with Gelman-Rubin

statistics ( & Rubin 1992; Brooks & Gelman 1998), where all R values were <1.1, or

those simulad ts were discarded. All analyses were conducted in R version 3 (R Core
Team ode to replicate the entire analysis and results summary files are available (see
Supporting ation).
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Cambodian vulture populations

We developed the SCM to estimate the abundance of the Cambodian populations of 3
criticall“ed vultures: Red-headed Vulture (Sarcogyps calvus), Slender-billed
Vulture (Gypsatguuirostris), and White-rumped Vulture (Gyps bengalensis). In northeastern
Cambodircasses are provided to vultures to prevent poisoning and to supplement
food becatsewild unigulate populations are small (Loveridge et al.2018). Carcass-provision
sites ar®'s simultaneously on 2 occasions/year 2 weeks apart in June, which is outside
of the bremson. These counts provide a lower limit on the population estimate
(Clements gt alaR013; Loveridge et al. 2018). We used count data from 2006-2014 from
these sim@ surveys at 6 sites for which data were available for all years: Chhaep
Wildlife Sanctuary, Prey Siem Pang Kang Lech Wildlife Sanctuary, Phnom Prich Wildlife
Sanctuary, pllat Wildlife Sanctuary, Srepok Wildlife Sanctuary, and at the Sesan River
(Loveridgc®al®2018; Clements et al. 2013). Several other sites were included in a few years
(Loveridg 018), but because most occasions yielded few to no birds, we excluded
them to simalyses. This is not likely to substantially affect the results. Birds present at
these exclu. ites are estimated in the unobserved population, and we assumed detection
rate is noﬁby birds being attracted to excluded sites. Individuals stay within the study
area and ng sites (Clements et al. 2013), suggesting our key assumptions were met
(see Simu Count Models for Abundance) and a binomial N-mixture model may not
be appropm

We used t inomial SCM to model two possible population trajectories: constant
abund nential growth (fit as in our simulations). We also considered changes in
probability of detection. Birds may stay near a carcass after feeding (personal observation)
and the ti§ between sampling occasions is short, so we expected more vultures may appear

at the sec sion each year. Therefore, we modeled either constant probability of
detection detection between the 2 occasions within each year but held constant
detection s. Detection was varied by the same coefficient over all sites (v) such that
if the probabilify of detection at any site i on occasion ¢ in year y is 7, then m; 1, = v Xm; .

The probaBility an individual is not detected varied by coefficient x, such that where there are
k sites,

1—MXIk+1,t,y
n ’,

1-—

: (6)
Full specims for these models are in Supporting Information. We expected that
abundanc change over time and that detection would be higher in the second

ion than the first. We compared model fits with deviance information criterion
(DIC), although*aiternative model comparison methods are available and may better suit
other applications (Tenan et al. 2014).
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Results
Simulations

For a siMopulation, binomial and multinomial simultaneous-count models were
equally a @ ) estimating population size and probability of detection (fig. 2a, b). Both
models alsOnpenfOmmed similarly in capturing the true population value within the 95% CI
(Fig. 2¢). Amlangesnumber of sampling occasions were necessary to achieve accurate estimates
for both mi@dels, probably stemming from the model prior that detection and nondetection
were equa

With largmrs of sites, again both models performed similarly in estimating abundance
and detect , regardless of the number of sites (Fig. 3a,b). In some areas with the
multinomi , many 95% Cls did not contain the true value. This overconfidence was
more likely in sigiulations with more sites, low probability of detection, and more sampling

occasions Flf. 3c.), which suggests the model may perform poorly when there is little

information.

In an opemion, estimates of growth rate were accurate and unbiased (Supporting
Informati ugh estimates of abundance and probability of detection when abundance

ime were similarly accurate when abundance was constant. Results were
similar with dafif€fent population sizes, except for the largest population (10,000) (Supporting
Inform mmates when population was 10,000 did not appear to get closer to the true
abundance with increasing effort, and many estimates failed to capture the true value. We
expect thiggwas caused by an inappropriate prior, which was the same regardless of the true

populatio BFather than an inherent failing of the model. This pattern occurred for both

the multin®nd binomial models.

Whether tie observed population was spread evenly or unevenly among sites did not affect
perfo orting Information). Results for uneven splits were equally accurate to
even.

Vulture populatlit estimates

The top mode Red-headed Vulture was an exponentially changing population with
consta ilities of detection, whereas the top model for Slender-billed and White-
rumped was the exponential population trend and detection varied with sampling

occasion. We report here only the top supported models. For Slender-billed and White-
rumped Vultures, the top models were clearly best supported, whereas for Red-headed
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Vulture, the top model with constant detection was only slightly better supported than the
model where detection varied between sampling occasions. In the top model for Red-headed
Vulture, the estimate of change in probability of detection was close to 1 and had credible
intervalm 1, suggesting little support for variation in probability of detection.

Q.

Red-headedadlinires were estimated to be declining (growth rate 0.93 [95% CI 0.90-0.96],
populatioff 81 [42—153] in 2014 [Fig. 4], net probability of detection 0.33 [0.13-0.49]).

Slender-b tures were estimated to be increasing (growth rate 1.08 [1.05-1.12],
populatiof104 [ —176] in 2014 [Fig. 4], net probability of detection 0.59 [0.51-0.88],
change in ity of detection 1.22 [1.1-1.35]). White-rumped Vultures were estimated

close to stal 1 the survey period (growth rate 0.99 [0.97-1], population 583 [363—1028]
in2014 [ ].drobability of detection 0.26 [0.14—0.39], and change in probability of

detection ﬁ4—1 15]).

Discussio

We develope; a method to estimate abundance from simultaneous count data. The approach

applied w es with few sites and large differences in counts among them that could not
be accoun y known covariates with a standard binomial N-mixture model. Because of
similarjfigsyl i likelihood functions, estimates of abundance were equivalent for the

binomial versions of the simultaneous-count models (Figs. 2-3 & Supporting
ever, the more complex multinomial model allowed us to estimate the
vidual is detected at each site (Table 1 & Fig. 1).

Most modelg performed poorly with little information, and the simulation results were in line
with simuy, @ dies for binomial N-mixture models, which suggest that with low sample
sizes, low demsfiCs, and low probabilities of detection, estimates can be biased; reliable
estimates imemlarge sample sizes (Yamaura 2013; Gomez et al. 2017). Similarly, in our
simulation§ with low probability of detection and large numbers of sites, the estimates of the
multinomial simuyltaneous-count model were overconfident and biased toward priors. When
the prob detection was high, reliable estimates still required many sampling

occasionrsrmwhich may be challenging for simple or short-term monitoring

program ieve. Both the binomial and multinomial SCMs appeared to estimate
growth rate ve ell, even with few observations, few sites, and low net probability of
detecti orting Information). This ability to estimate growth rate could be very useful
for mont rogrammes where knowing the trend of a population may be key; however,
the utility of the SCM approach over simpler generalized linear models (GLM) is reduced if
accurate estimates of abundance are not available.
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Monitoring programmes are often interested in abundance, but estimating abundance can be
difficult if programmes lack the wherewithal to collect data more sophisticated than simple
counts, or if estaaished robust methods cannot be applied (Banks-Leite et al. 2014). Where
only an undance is necessary, a GLM approach may be suitable (Banks-Leite et
al. 2014; al. 2018). Generalized linear models can perform poorly compared with
binomial &wdels when the probability of detection is low (Yamaura 2013), and
detectiql Me known a priori. Neither can GLMs estimate absolute abundance.
However,Sis is also a concern with identifiability of detection and abundance parameters in

pproaches (Barker et al. 2018), and these may apply to SCMs. However,
with the sifffultdfgous-count model approach, abundance can be estimated from counts over
multiple s d on the assumptions that individuals can be detected once at most on each
sampling gen and that all individuals may be detected on some occasion without some
of the restmf binomial N-mixture models (Table 1).

N-mixtur

The SCM Qh complements existing methods in circumstances where they are hard to
apply. Alt e simultaneous-count model is related to models in the N-mixture family,
it is distinmther approaches (Table 1). Binomial N-mixture models work best with
eplication and little variation in abundance and probability of detection or with
W riates that affect abundance and probability of detection (e.g., Royle
1y 2008; Kéry et al. 2009). Although the SCMs estimate abundance of a focal
ture models primarily estimate density of a population of unknown size. In
the SCM app and the N-mixture models the observation process is modeled differently;
the fo ervation process occurs over all sites jointly, whereas the latter process occurs
at each site individually. Although the area where the population is estimated need not be
known with an SCM, binomial N-mixture models assume defined, closed sites and can
produce uw estimates of abundance if this assumption is not met (Barker et al. 2018).
So binomial Namixture models are well suited to large-scale monitoring programmes, such as
national spg surveys (Royle 2004a; Kéry et al. 2005, 2009), and the SCM approach would
not apply w Pthem because the assumption of no double counting may not be met, they

may igrE site covariates that may improve estimates, and the multinomial model

does not prform well with large numbers of sites (Fig. 3c).

Spatiall“nethods for estimating density of unmarked individuals work best with
dense samplimggsites (Chandler & Royle 2013). But for small programs; rare or highly
clustered species;uch as discrete roost sites; sparse sampling arrays; and populations
distributed unevenly in the landscape, data with sufficient replication to account for observed
variabilit ot be available. In these circumstances the simultaneous-count model

rms well. For instance, the high probability of detection of Mediterranean

chus monachus) observed in 2 breeding caves in West Africa suggests the
SCM approach may be well suited for similar studies (Martinez-Jauregui et al. 2012). In
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simultaneous counts of roosting bats, the SCM approach may be suitable for some species ,
such as the spectacled flying-fox (Pteropus conspicillatus), which occurs at few roosts, but
not others,such ag the grey-headed flying fox (Pteropus poliocephalus), which occurs at
many ICH estcott et al. 2015; CSIRO 2017). Furthermore, to provide finer-grained
infomatimection probability at each site, one may choose between the simpler

binomial s-count model and the multinomial simultaneous-count model.

Ours is thhﬁempt to estimate the total abundance and trend of vulture populations in
CambodiaSAltho’gh detection probabilities were low, so these examples are at the lower

edge of th @bility of the multinomial simultaneous-count model. Existing methods to
estimate a e were unsuitable for these populations given the few sites and uneven
distributi valtures, so monitoring had relied on interpreting minimum number alive or
use of GL timate trends in counts over time (Loveridge et al. 2018; Clements et al.
2013). These existing methods do not account for imperfect detection and so can be
misleadin era-Arroita et al. 2014), but the simultaneous-count approach allowed
abundanc timated. The results suggest the status of the species is mixed: Red-headed
Vulture amo be declining, White-rumped Vulture appeared to be declining slightly or
close to st Slender-billed Vulture appeared to be increasing up to 2014. We suggest
caution when reting our estimates for White-rumped and Red-headed Vulture, given the
number of Site and estimates of net detection (0.26 and 0.33, respectively) were similar

were overconfident in their estimates of abundance (fig. 3¢). We assumed
detected at any site, and satellite tracking suggests this is true for Slender-
ite-rumped Vultures (Clements et al. 2013), but for Red-headed Vultures this is
unknown; they are territorial and may not move over multiple sites (del Hoyo et al. 1994).
Alternative specifications of the SCM, such as other growth-rate forms or changes in
probabilit ction, may provide better estimates of abundance and growth rate.

For many s s and circumstances, existing methods to estimate wildlife population
dynammitable. Ongoing pressure to better manage wildlife and international
initiati the Aichi Targets (COP10 2010) demand better wildlife monitoring tools.
Monitori ost-effective frameworks that are repeatable, scaleable, and avoid
conflicting or ambiguous interpretations (Hayward et al. 2015). Our approach fills a
particular gap in®stimating abundance from simultaneous counts of unmarked individuals.

Our simul dicated circumstances in which the models performed well — few sites
and relativelydai®h probability of detection — and poorly, which allows consideration of
these ci nces when planning studies and interpreting results. An SCM may best be
avoided w bability of detection is low, sampling occasions are few, sites are many, or

supplementary information, such as markings, is available. Future work could account for
covariation in abundance and detection, examine the implications of failures to meet
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assumptions, such as strictly simultaneous counts or no double counted individuals, and make
use of alternative parameterizations (Lindén & Mintyniemi 2011). The method can be used
in real-wogld monitoring, as exemplified by our case study. The simultaneous-count model
approacH a useful complementary approach to other methods for monitoring
biodiversi ill be the best approach for estimating the abundance of discrete

populatio ed individuals at a small number of sites (<6), where the net
probabuithtion is high (>0.5), and when simultaneous counts can be achieved on a

relatively s gh number of sampling occasions (>8).
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Table 1. CQ of features of simultaneous-count model and N-mixture model

{

approa®hcsmisedmo cstimate abundance.

L Simultaneous count N-mixture
Detection@ binomial multinomial binomial multinomial
Modeling all sites all sites single site single site
observati ] (summed
level together)

Data simultaneous simultaneous counts counts and
counts counts other data
(e.g.,
encounter

! ! s history)

Estima total total abundance or | abundance or

population size

population size

density at site

density at site

Detecti ility
estimated at each site

Scale of closure
required

Accommodation of

variation s Eetectlon
or abu g

sites H

Robust to Epoor
defined si

no yes yes, unique yes, unique
with with
covariates covariates

population population site site

yes yes with with inclusion
inclusion of | of covariates
covariates

yes yes no no

<
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Table 2. Experimental design for simulation studies of performance of simultaneous count

models to estimate abundance.

Simula mial Sites Growth rate | Population Spread of
set odels size observed

population
Open og, ed closed open closed closed
closed
populatio
Sampling 2,48 16,32, |2,4,8, 16, 2,4, 8 2,4,8, 16, 2,4,8, 16,
occasions 32, 64 32, 64 32, 64
per year
Net 0.5,0.9 0.1,0.5,09 10.1,0.5,09 |0.1,0.5,0.9 |0.1,0.5,0.9;
probability split evenly
of detection and unevenly
®" among sites
Population 0 1,000 1,000 10, 100, 1,000
size (Ny) 1,000,

10,000

Numbe 1,2,3,5,7,91,3,7 1,3,7 3,7
sites
Population | — - 09,098, 1, |- -
growth rate 1.02, 1.1
(®)
Years 1 2,4,8 1 1
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Figure 1 cesses over k sites for a (a) binomial simultaneous-count model in which
individual opulation are either detected or not detected, (b) binomial N-mixture
model in Which individuals at each site are either detected or not detected, and (¢)

multinomial simyltaneous-count model in which individuals in the population are either

e k sites or undetected (dashed black line, population of interest; black line,
observati s; grey line, detected individuals; dashed gray line, undetected
individuam
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