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Summary

 

1.

 

Occupancy estimation and modelling based on detection–nondetection data provide an effective
way of exploring change in a species’ distribution across time and space in cases where the species
is not always detected with certainty. Today, many monitoring programmes target multiple species,
or life stages within a species, requiring the use of multiple detection methods. When multiple methods
or devices are used at the same sample sites, animals can be detected by more than one method.

 

2.

 

We develop occupancy models for multiple detection methods that permit simultaneous use of
data from all methods for inference about method-specific detection probabilities. Moreover, the
approach permits estimation of  occupancy at two spatial scales: the larger scale corresponds to
species’ use of a sample unit, whereas the smaller scale corresponds to presence of the species at the
local sample station or site.

 

3.

 

We apply the models to data collected on two different vertebrate species: striped skunks

 

Mephitis mephitis

 

 and red salamanders 

 

Pseudotriton ruber

 

. For striped skunks, large-scale occupancy
estimates were consistent between two sampling seasons. Small-scale occupancy probabilities were
slightly lower in the late winter/spring when skunks tend to conserve energy, and movements are
limited to males in search of females for breeding. There was strong evidence of method-specific
detection probabilities for skunks. As anticipated, large- and small-scale occupancy areas completely
overlapped for red salamanders. The analyses provided weak evidence of method-specific detection
probabilities for this species.

 

4.

 

Synthesis and applications.

 

 Increasingly, many studies are utilizing multiple detection methods at
sampling locations. The modelling approach presented here makes efficient use of detections from
multiple methods to estimate occupancy probabilities at two spatial scales and to compare detection
probabilities associated with different detection methods. The models can be viewed as another
variation of  Pollock’s robust design and may be applicable to a wide variety of  scenarios where
species occur in an area but are not always near the sampled locations. The estimation approach is
likely to be especially useful in multispecies conservation programmes by providing efficient
estimates using multiple detection devices and by providing device-specific detection probability
estimates for use in survey design.
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Introduction

 

Recent attention in conservation biology has focused on the
concept of multiple-species conservation in the context of
protecting endangered species and assessing biodiversity
within entire communities (Barrows 

 

et al

 

. 2005; Buckland

 

et al.

 

 2005). To meet this challenge, monitoring programmes
are being developed where multiple detection methods are
deployed within a sample unit to detect multiple species of
a given taxon (Sorensen, Coddington & Scharff  2002; Manley

 

et al.

 

 2004, 2005; O’Connell 

 

et al.

 

 2006), or individuals of
various sizes or life-history phases for a given species (Smith

 

et al.

 

 2006; Mattfeldt & Grant 2007). Under such designs,
data from these detection methods may simply be combined
to indicate whether or not the taxon or group of interest was
detected by at least one method. Data from multiple-method
designs are sometimes used to test the effectiveness of  the
different detection methods (Bailey 

 

et al. 

 

2004; O’Connell

 

et al. 

 

2006, Mattfeldt & Grant 2007). Studies directed at such
tests might use separate analyses for each detection method
and then compare resulting estimates of  detection and
occupancy probabilities (Bailey 

 

et al. 

 

2004), or each method
may be designated as a unique sampling occasion in a robust
design analysis (O’Connell 

 

et al. 

 

2006; Mattfeldt & Grant
2007). This latter approach ignores the lack of independence
among detections from multiple methods induced by the
possibility of individual animals being detected by more than
one method within a sampling occasion. Use of  multiple,
single-method analyses is inefficient, as it ignores information
from all but the focal detection method.

In this study, we develop models for multiple detection
methods that permit simultaneous use of  data from all
methods for inference about method-specific detection
probabilities. The approach not only deals with the lack of
independence of detections within a sampling occasion, but
also exploits this dependence to permit inference about
scale-specific occupancy. Specifically, we estimate parameters
associated with both large- and small-scale occupancy (defined
below). We first describe the model and then present two
example applications. Finally, we discuss uses and extensions
of the approach.

 

Model

 

The model was initially developed for use with remote
sampling devices, and this description reflects that motivation,
although the approach applies to any situation in which
multiple detection methods are used in the same locations.
Consider a sampling design in which 

 

L

 

 different detection or
sampling devices are deployed at each of 

 

S 

 

sample stations for

 

K

 

 occasions. Each station samples a sample unit, which may
be larger in area than the station itself. We consider single-
season models (e.g., MacKenzie 

 

et al. 

 

2002, 2006) and thus
assume closure over the 

 

K

 

 occasions. Thus, a sample unit is
either occupied for all occasions or not occupied, and there
are no changes in occupancy status over the course of the
study. In the situation where the sample unit naturally

includes all movements of the animals belonging to the target
species (e.g. fish in a pond, carnivores on a barrier island),
closure refers to species presence or absence at every sampling
occasion. In the more general situation, occupancy refers to
member(s) of the target species having some non-negligible
probability of  being present in the sample unit at every
sampling occasion, and the definition of closure is based on
whether this is true or not for the species. The design can be
viewed as a robust design (Pollock 1982; Mackenzie 

 

et al.

 

2003). However, the modelling differs from that of MacKenzie

 

et al. 

 

(2003) in that we do not model seasonal colonizations
and extinctions, but simply presence or absence at the sample
unit. The detection history data summary reflects the robust
design perspective. For example, consider a study with 

 

L

 

 

 

=

 

 3
detection devices, 

 

K 

 

=

 

 2 sampling occasions and a detection
history of 

 

H

 

i

 

 

 

=

 

 011 010. The species of interest was detected
by devices 2 and 3 at sampling occasion 1 and only by device
2 at sample occasion 2.

Define the following parameters:
 (detection at occasion 

 

t

 

 by device 

 

s 

 

| sample unit
occupied and species present at immediate sample station
site); 

 

ψ

 

 

 

=

 

 Pr (sample unit occupied); 

 

θ

 

t

 

 

 

=

 

 Pr (species present at
immediate sample site at occasion 

 

t 

 

| sample unit occupied).
The two occupancy parameters, 

 

ψ

 

 and 

 

θ

 

t

 

 permit the mod-
elling of occupancy at two different spatial scales. The basic
occupancy parameter, 

 

ψ

 

, corresponds to species occurrence at
the larger scale, as described above, where member(s) of the
species have some non-negligible probability of being present
at the sample unit and hence exposed to the detection devices.
The occupancy parameters for the smaller scale, 

 

θ

 

t

 

, refer to
the presence of member(s) of the target species at the sample
station site where the detection methods are collocated,
conditional on species presence in the sample unit. This
probability accounts for situations in which member(s) of the
species may be present at the immediate sample site at some
times and sample occasions, 

 

t

 

, but not at others. Because of
the closure assumption, the large-scale occupancy probability,

 

ψ

 

, applies to all of the sample occasions. In addition to this
larger scale occupancy, the product 

 

ψθ

 

t

 

 represents the
probability of small-scale occupancy, indicating presence of
individual(s) of the species at the local site exposed to detection
devices at sampling occasion 

 

t

 

. The product 

 

ψ

 

(1 

 

−

 

 

 

θ

 

t

 

) indicates
occupancy at the large scale, but not at the small scale, for
sampling occasion 

 

t. 

 

Stated differently, the species may be
temporarily unavailable for detection because members are
not in the immediate vicinity of the detection devices.

In order to illustrate the modelling, consider the following
detection history: 010 000. This history indicates a study with

 

L

 

 

 

=

 

 3 detection devices and 

 

K 

 

=

 

 2 sample occasions. The
target species was detected by device 2 at occasion 1 and went
undetected by all devices at occasion 2. The probability of this
history can be written as:

pt
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The sample unit is known to be occupied (associated proba-
bility 

 

ψ

 

) because the species was detected at some time during
the sampling. Similarly, the species was known to have been
present at the immediate sample site at occasion 1 (associated
probability 

 

θ

 

1

 

), because it was detected by one of the devices
then. The product  indicates detection by
device 2, but not by devices 1 and 3 at occasion 1. The sum
within the interior brackets specifies the two possible ways of
obtaining no detections (000) during occasion 2. The first
term, (1 

 

−

 

 

 

θ

 

2

 

), is the probability that the species was not
locally present at the immediate sample site at occasion 2. The
second term, , denotes the probability that
member(s) of the species were present at the immediate sam-
ple site at occasion 2 but simply not detected by any of the
devices.

Now consider the detection history for a site with no detec-
tions by any device at either sample occasion, 000 000. The
probability associated with this history can be written as:

The first of  these five additive terms reflects the probabil-
ity that the sampled unit was not occupied (no occupancy at
the larger scale). Hence, there are no multiplicative terms for
small-scale occupancy or detection probabilities. The second
additive term is the probability that the sample unit was occu-
pied, but that members of the species were not present at the
immediate sample site during either occasion 1 or 2. The third
additive term denotes the probability that the species was
present at the immediate sample site at occasion 1, but simply
not detected then, and not present at occasion 2. The fourth
additive term denotes presence at the immediate sample site
at occasion 2, but no detection then, and no presence at occa-
sion 1. The final term is the probability that members of the
species were present at the immediate sample site at both
occasions 1 and 2, but went undetected by all devices at both
occasions.

As in other occupancy modelling, the likelihood is propor-
tional to the product of probabilities corresponding to the
detection histories for the set of sample units surveyed in the
study:

where underlines denote vectors and matrices of parameters
and detection data. All parameters can be modelled as func-
tions of site-specific covariates. Probabilities of detection and
presence at the immediate sample site can also be modelled as
functions of covariates associated with sampling occasions, 

 

t

 

.
The efficacy of different models can be assessed via likelihood
ratio tests or model selection (MacKenzie 

 

et al. 

 

2006). For
example, inference about the utility of different detection

devices might be based on one model with method-specific
detection probabilities ( ) and another with detection prob-
abilities constant for all methods (

 

p

 

t

 

), with formal evaluation
via model selection or a likelihood ratio test.

We note that the above distinction between occupancy at
two scales will usually imply some minimal time interval
between sampling occasions. The occasions must be sufficiently
far apart (e.g. a period of at least 1 day) that it is reasonable for
members of a species to be present at the immediate sample
location during one occasion and not during another. This
consideration brings up another point. Although our focus in
this study is on multiple sampling methods applied simultane-
ously, we note that application of  a single method at two
different time-scales (essentially a within-season robust design,
see Pollock 1982) may also yield data that can be modelled
similarly. For example, if  birds were sampled by point counts
for nine consecutive minutes divided into three 3-min samples
(

 

L

 

 

 

=

 

 3) for each of 

 

K

 

 different days in a season, then a similar
modelling approach could be used, producing inferences at
two spatial scales. Clearly, the appropriate time-scales will
depend on the sampling methods and, most importantly, on
the species and biological question(s) of interest.

We note that this new parameterization is not required in
order to obtain unbiased estimates of large-scale occupancy,

 

9

 

. In the above example, it is possible to simply collapse
the detection data from the three devices at each sampling
occasion to reflect detection by at least one device or non-
detection by all devices. The example detection history used
above, 010 000, would simply be rewritten as: 1 0. The first
three device-specific detection entries are collapsed to yield
1 for the first occasion, whereas the second three entries are
collapsed to yield 0 for the second occasion. Analysis of data
collapsed in this manner provides unbiased estimates of

 

ψ

 

 and 

 

p

 

t

 

, with the caveat that detection probability for
occasion 

 

t

 

 is now redefined as the product of the probabilities
of presence in the immediate sample location and detection
conditional on presence in the immediate sample location,

The utility of the modelling approach
described here is to provide efficient inference about 

 

θ

 

t

 

 and
device-specific detection.

 

Example analysis 1: striped skunks 

 

Mephitis 

mephitis

 

SAMPLING

 

 

 

DESIGN

 

 

 

AND

 

 

 

DATA

 

We apply the above model to data for striped skunks collected
via surveys for carnivores conducted in 2004 at eight national
parks in the northeastern USA (see Fig. S1, Supplementary
Material). Details on the study design and sampling protocols
are described in Talancy (2005). Briefly, the parks range in size
from 24 to 1378 ha and are located in the Temperate Broadleaf
and Mixed Forest biomes (Olson 

 

et al. 

 

2001). Sample units
were chosen using a stratified (based on vegetation categories),
systematic sampling design with two levels of randomization:
(i) a random start within a 100 

 

×

 

 100 m (1 ha) grid overlaid
onto a map of each park and (ii) random selection of a ‘site’
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location for the sampling station within each selected grid
cell (Gilbert 

 

et al. 

 

2008). Three methods were used to detect
mammals at each site: remote cameras with infrared sensors
(Trailmaster®), hair removal traps (Mowatt & Paetkau 2002),
and enclosed track plates (i.e. cubby boxes, Barrett 1983;
Zielinski & Kucera 1995). The detection devices were arranged
in a circular array (Fig. 1) with a single camera at the centre
and two track plates and two hair removal traps placed
equidistant (~50 m) from the camera in the four cardinal
directions. A small amount of bait and a generic scent lure
(Cronks Outdoor Supplies, Wiscasset, ME, USA) were applied
at each site. Detections from the two track plates were
combined, as were detections from the two hair traps at each
site (

 

L

 

 

 

=

 

 3 detection methods).
Each site was sampled continuously for ~2 weeks in the

winter/spring and ~2 weeks in summer/autumn. Sites were
visited every 3 days (on average) during each 2-week period,
then following the 2-week period, cameras were rotated to
another set of sites. For any given site, the two sampling seasons
were separated by 4–5 months, with all sampling occurring
between January–November 2004. Overall, the sampling design

consisted of  47 sample units, each with detection arrays
that were sampled in two seasons, with five sampling occa-
sions per season. Striped skunks were detected at six units in
the winter/spring and at seven units in the summer/autumn.

 

MODELS

 

 

 

AND

 

 ESTIMATION

First, we explored possible changes in large-scale occupancy
state (i.e. occupancy dynamics) between the winter/spring
and summer/autumn sampling seasons by condensing
detections from each array and fitting both single-season and
multi-season models to the striped skunk data. A likelihood
ratio test between a single-season model which implies a static
occupancy state for sites across both seasons (closed occupancy
with no changes between winter/spring and summer/autumn)
vs. a multi-season model (MacKenzie et al. 2003) where vital
rate probabilities (colonization and extinction) were > 0
between seasons (closed to changes in occupancy within each
season), provided evidence to reject the simpler null model
(P < 0·02). This result implies that the occupancy state at the
large-scale was dynamic between seasons; therefore, we applied

Fig. 1. Diagram representing hypothetical ranges for 4 skunks distributed among 9 sample units (each grid cell is a sample unit). Two of the
sample units (a and b) were randomly selected for sampling, and a detection array (sample station site) was randomly placed within each of these
units. Each detection array consisted of a single camera at the centre and 2 track plates and 2 hair removal traps placed equidistant (~50 m) from
the camera in the four cardinal directions.
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our multi-method model separately to winter/spring and
summer/autumn detection data.

We considered 16 a priori models to describe the processes
that gave rise to the detection data. For simplicity, we considered
a single unit-specific covariate, per cent overstorey cover, and
investigated its influence on large-scale occupancy probability
(ψ) only (see Talancy 2005 for details). Striped skunks are
considered habitat generalists (Rosatte & Larivière 2003), but
they have been found to prefer habitat complexity, especially
edges (Bixler & Gittleman 2000; Hwang, Larivière & Messier
2007); thus, we expected large-scale occupancy probabilities
to be either constant across units or negatively associated with
forest overstorey cover. We modelled detection probability as
constant over time and detection methods, p, as time-independent
but different among methods, ps, as time-dependent but con-
stant among methods, pt, or with method as an additive effect
with time ps+t. Models with multiplicative effects of method
and time are possible, but were hypothesized to be unneces-
sary for these data. We modelled small-scale occupancy, θ, as
either time-independent θ, or time-dependent θt. Estimates of
θ could reflect a number of influences including range size and
movement distances, seasonal and daily activity patterns, or
local densities. Striped skunks are fairly sedentary animals
during winter in northern latitudes, but their movements also
vary by season and sex (Rosatte & Larivière 2003; Bixler &
Gittleman 2000). Male striped skunks at northern latitudes
become active during the breeding season (late winter and
early spring) as they move in search of females (Rosatte 1987).
On the other hand, female skunks restrict their movements
during warmer months when they are pregnant or lactating
(Verts 1967). In general, skunks are more easily detected or
captured during the colder months when food is scarce
(Bailey 1971; Hackett et al. 2007). Thus, we predicted that θ
might be lower in the winter/spring than in the summer/
autumn but relatively constant within seasons. Models were
fit and maximum-likelihood estimates were obtained using
the program presence (Hines & MacKenzie 2004). In cases
where there was no clear ‘best’ model, we computed model-
averaged estimates (Buckland, Burnham & Augustin 1997)
for parameters of interest.

RESULTS

Estimated large-scale probabilities of occupancy, ψ, were low
and consistent between the two seasons, 9 ≈ 0·16, despite the
evidence for unit-specific changes in occupancy status pro-
vided in our multi-season analysis, suggesting that striped
skunks may shift their habitat use between seasons. Thus,
although the sample units being used may have changed
between seasons, the manner in which these different units
were being used appeared to be similar across the two seasons.
Model selection statistics (Table 1) provided only limited
evidence that occupancy probabilities were influenced by per
cent overstorey cover during winter/spring [summed weights
for ψ (Over) models = 0·18], but somewhat more evidence in
the summer/autumn (combined model weight = 0·41). As
predicted, models that did contain the overstorey covariate
suggested a negative relationship with striped skunk occupancy.
Point estimates of  conditional (on large-scale occupancy)
small-scale occupancy, θt, were consistent within seasons
(little evidence of time variation) and higher in the summer/
autumn [model averaged θ = 0·67, SE(θ) = 0·31] than winter/
spring [model averaged θ = 0·52, SE(θ) = 0·20], consistent
with our a priori expectations of greater local movement dur-
ing the winter/spring. However, the standard error estimates
are large and do not permit strong inferences about seasonal
variation in θ. In both seasons, there was strong evidence of
detection probability differences among the three detection
methods (Tables 1, 2). Hair removal traps were consistently
poor at detecting skunks with model-averaged detection
probabilities ≤ 0·10 in both seasons (Table 2). Cameras
performed better, with slightly higher point estimates in the
summer/autumn [model averaged π = 0·35, SE(π) = 0·19] than
the winter/spring [model averaged π = 0·25, SE(π) = 0·14,
Table 2]. Somewhat surprisingly, cubby boxes were 3·5 times
more likely to detect striped skunks in the winter/spring
than in the summer/autumn [model averaged: winter/spring
π = 0·73, SE(π) = 0·23; summer/autumn π = 0·20, SE(π) =
0·10]. One possible explanation for the seasonal variation
in cubby box detection probability is that male striped
skunks become active during late winter/spring searching for

Table 1. Summary of model selection statistics for the top 5 models for striped skunk data Mephitis mephitis from winter/spring and summer/
autumn seasons 2004. K represents the number of parameters in the model and −2Log (L) is twice the negative log-likelihood value. Small sample
Akaike Information Criteria (AIC) were calculated for each model, conservatively using the number of detection arrays (sample station sites)
as the effective sample size (S = 47). Relative AICc values and Akaike weight, w, are reported for each model (ΔAICc represents the difference
in AICc value relative to the top model, Burnham & Anderson 2002). Detection probabilities may vary among method (s) or sampling occasion
(t); occupancy may be modelled as a function of percentage of overstorey cover (over) associated with each sample unit

Winter/Spring Summer/Autumn

Model K −2Log (L) ΔAICc w Model K −2Log (L) ΔAICc w

ψ, θ, ps 5 94·93 0·00 0·67 ψ, θ, ps 5 123·63 0·00 0·44
ψ (over), θ, ps 6 94·92 2·63 0·18 ψ (over), θ, ps 6 121·69 0·71 0·31
ψ, θ, ps+t 9 88·46 4·92 0·06 ψ, θ, p 3 131·09 2·56 0·12
ψ, θt, p

s 9 89·04 5·50 0·04* ψ (over), θ, p 4 129·15 3·01 0·10
ψ, θ, p 3 106·74 6·90 0·02 ψ, θt, p

s 9 120·05 7·82 0·01*

*When reporting model averaged estimates of θ, the median of the #t estimates were used (t = 5 sampling occasions).
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females. The higher detection probability during this period
can also be attributed to increased capture success as a result
of limited food availability. This inference is consistent with
the lower estimates for local scale occupancy (θt) during the
winter/spring.

Example analysis 2: stream salamanders 

Pseudotriton ruber

SAMPLING DESIGN AND DATA

We applied the multi-method model to data for the northern
red salamander Pseudotriton ruber collected at 25 sites on 12
lower order steams at two national parks in the Washington
D.C. area [Chesapeake and Ohio Canal National Historic
Park (C&O), Rock Creek National Park (RC)]. Each site or
‘stream reach’ was 30 m long × 3 m wide: consisting of a 2-m
search of the stream bank and 1 m of water (often encom-
passing the entire width of the stream). Sites on the same
stream were spaced 100–200 m apart. Searching natural cover
was considered one detection method. Natural cover objects
within the stream reach were carefully turned and replaced,
and an aquarium net was used to facilitate capturing adult
and larval salamanders in the aquatic habitat (Mattfeldt &
Grant 2007). Leaf litter bags were placed every 5 m along
each stream reach, representing a second detection method
(see Mattfeldt & Grant 2007 for details). Sites were surveyed
twice from 16 June–29 July 2005. All life-history stages of P.
ruber (adult, juveniles and larvae) are available for detection
during this sample period. At least one individual was
detected at two of 11 sites in RC and five of the 14 sites at
C&O, yielding naïve occupancy probabilities of 0·18 and 0·38
for each park, respectively. P. ruber detections came primarily
from leaf litterbags, accounting for detection at five of the
seven known occupied sites.

MODELS AND ESTIMATION

Since larval individuals cannot vacate the stream habitat, we
would expect θ to approach 1 for this salamander species. We
considered a set of eight a priori models to describe potential
variation in detection and occupancy probabilities (Table 3).
Specifically, we model occupancy probability as different

among national parks [ψ (park)] or constant among all sites,
ψ. Detection probability was modelled similarly to our striped
skunk example: constant among methods and sampling
occasions, p, different between the two methods ps, different
between the two sampling occasions pt, or as an additive
model ps+t. P. ruber is known to accumulate in leaf litter of
streams, but can be found under natural cover (Petranka
1998). Thus, a priori we expected differences in detection
probabilities between methods for this species with litterbags
having the higher probability of detection.

RESULTS

Consistent with our expectations, estimates of small-scale
occupancy (#) were always 1. Naïve estimates of large-scale
occupancy were twice as high in RC compared to C&O.
However, after adjusting for non-detection, there was little
evidence that large-scale occupancy (ψ) differed between
these areas [model-averaged estimates: 9(RC) = 0·48, SE[9(RC)]
= 0·31 and 9(C&O) = 0·60, SE[9(C&O)] = 0·35, Tables 3 and
4]. Admittedly, low detection probabilities for both methods
(Table 4), coupled with small sample sizes, hinder our ability
to detect spatial and temporal differences in parameter

Table 2. Striped skunk detection probability estimates π and associated standard errors (in parenthesis) are given for the top multi-method
models for winter/spring and summer/autumn seasons. The three detection methods include: cameras (cam), hair removal traps (hair) and cubby
boxes with track plates (cub). w is the Akaike weight for each model

Winter/Spring Summer/Autumn

Model w π (SE) π (SE) π (SE) Model w π (SE) π (SE) π (SE)

ψ, θ, ps 0·67 0·24 (0·14) 0·08 (0·08) 0·73 (0·23) ψ, θ, ps 0·44 0·39 (0·18) 0·08 (0·06) 0·20 (0·11)
ψ (Over), θ, ps 0·18 0·24 (0·14) 0·08 (0·08) 0·73 (0·23) ψ (Over), θ, ps 0·31 0·39 (0·18) 0·08 (0·06) 0·20 (0·11)
ψ, θ, ps+t 0·06 0·29* (0·22) 0·10* (0·12) 0·80* (0·23) ψ, θ, p 0·12 0·19 (0·09) 0·19 (0·09) 0·19 (0·09)
ψ, θt, p

s 0·04 0·24 (0·14) 0·08 (0·08) 0·73 (0·23) ψ (Over), θ, p 0·10 0·19 (0·09) 0·19 (0·09) 0·19 (0·09)
ψ, θ, p 0·02 0·25 (0·11) 0·25 (0·11) 0·25 (0·11) ψ, θt, p

s 0·01 0·44 (0·14) 0·09 (0·06) 0·22 (0·10)

*Parameter estimate reported is the median value among the five detection probability estimates for each device.

Table 3. Summary of model selection statistics for eight multi-
method models fit to P. ruber data from stream reaches in two
national parks in the greater Washington D.C. area. K represents the
number of parameters in the model and −2Log (L) is twice the
negative log-likelihood value. ΔAICc is the difference in AICc value
relative to the top model where small sample criteria were calculated
using the number of stream reaches (S = 25) as the effective sample
size. w is the Akaike weight (Burnham & Anderson 2002). Detection
probabilities may vary among method (s) or sampling occasion (t);
occupancy probabilities may differ between the two national parks

Model K −2Log (L) ΔAICc Weight, w

ψ, θ, p 3 59·31 0·00 0·40
ψ, θ, ps 4 58·09 1·64 0·18
ψ (park), θ, p 4 58·22 1·77 0·17
ψ, θ, pt 4 59·22 2·77 0·10
ψ (park), θ, ps 5 57·00 3·71 0·06
ψ, θ, ps+t 5 57·99 4·70 0·04
ψ (park), θ, pt 5 58·14 4·85 0·04
ψ (park), θ, ps+t 6 56·92 7·13 0·01
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estimates. The total Akaike weight for models that included
method as a factor influencing detection probability was
0·29, providing weak evidence for method-specific detection
probabilities. Consistent with our a priori expectation, the
models that included this variation [e.g. (ψ, θ, ps)] indicated
that detection probability via leaf litterbags was higher than
that obtained with area-constrained cover searches (Table 4).
Certainly, our results suggest refraining from using natural
cover searches as the only detection method for this species. If
leaf litterbags were not used in this study, P. ruber would have
only been detected at two sites. Application of occupancy
models to such sparse data is not recommended, and leads
to poor estimates of occupancy and detection probability
(Mattfeldt & Grant 2007).

Discussion

Historically, few studies have used multiple detection methods
in occupancy surveys. Recently, however, mid- to large-scale
surveys organized by agencies such as the US Forest Service
(Manley et al. 2004, 2005) and the National Park Service
(Tuberville et al. 2005; O’Connell et al. 2006) are increasingly
based on designs with multiple remote detection methods.
The modelling approach presented here deals explicitly with
detection probability and should thus be preferred to surveys
that simply view nondetections as true absences (e.g. MacKenzie
et al. 2006). In addition, our approach offers three advantages
over use of currently available occupancy models for analysis
of data from surveys using multiple methods. First, it deals
explicitly with the lack of  independence among detections
by different methods at the same sampling occasion induced
by animal(s) presence at the local sample site. Secondly, the
approach makes efficient use of  data from the different
methods both for estimating occupancy and for comparing
detection probabilities associated with the different methods.
Thirdly, the approach permits direct estimation and modelling
of a parameter associated with animal occurrence at the local
sample site, thus permitting inference about occupancy at two
spatial scales.

We suspect that the first two advantages listed above will be
those of most interest to parties involved with biodiversity
conservation and management. Monitoring programmes are
most useful to conservation efforts when they are embedded
as components of larger management processes (Yoccoz,
Nichols & Boulinier 2001; Nichols & Williams 2006). Indeed,

multispecies surveys are beginning to be used in evaluating
large-scale conservation and management programmes
(Donald et al. 2007). The use of multiple detection devices
should become increasingly commonplace in multispecies
surveys, and the ability to make efficient use of data produced
by all devices is important. In addition, the ability to estimate
device-specific detection probabilities should prove especially
useful in the design of multispecies surveys. In particular, such
estimates can be used in numerical (e.g. simulation) studies to
provide guidance about the consequences to precision of
resulting estimates, of eliminating specific detection devices
from the detection array. Indeed, information about device-
specific detection probabilities and device costs can be used in
efforts to optimize study designs for multiple species.

Our first example with striped skunk data provided rela-
tively strong evidence of variation in detection probabilities
among the different detection methods. Consistent with our
previous studies, hair removal traps were ineffective at detect-
ing striped skunks, despite the use of different trap designs
(Talancy 2005; O’Connell et al. 2006). Any design of single-
species surveys for striped skunks would have to strongly
consider the elimination of hair-removal traps from the array
of sampling devices. The skunk analysis also provided weak
evidence of a predicted difference in local movement proba-
bilities, with lower point estimates of θ (possibly reflecting
more movement) in winter/spring than summer/autumn.
The stream salamander example was very small from an
occupancy perspective, and sample sizes did not permit
strong inference. Nevertheless, the analysis provided weak
evidence of the predicted difference in detection probabilities
associated with the two methods. In addition, the approach
provided no evidence of local movement in and out of the
sampled streams at the species level, again consistent with
predictions.

In the initial description of the model, we noted that a similar
approach could be used with a single detection method using
replication applied at two time-scales; a short time-scale (e.g.
minutes) and a longer temporal scale (e.g. days). Indeed,
K. Pollock (personal communication) recommended use of
this basic approach with avian point count data for abundance
estimation as a means of estimating temporary emigration for
individual birds (also see Nichols, Thomas & Conn in press).
These considerations emphasize that our approach with
multiple detection methods can be viewed simply as another
variation on the robust design of Pollock (1982). Similarly, the

Table 4. Parameter estimates under top three multi-method occupancy models fit to P. ruber detection data from 25 stream reaches in two
national parks in the Washington D.C. area: Rock Creek National Park (RC) and Chesapeake & Ohio Canal National Historic Park (C&O)

Model: ψ, θ, p Model: ψ, θ, ps Model: ψ (park), θ, p

Parameter Estimate SE Estimate SE Estimate SE

9(RC) 0·56 0·312 0·54 0·298 0·36 0·281
9(C&O) 0·56 0·312 0·54 0·298 0·73 0·424
π(leaf) 0·16 0·099 0·23 0·141 0·16 0·099
π(cover) 0·16 0·099 0·11 0·084 0·16 0·099



1328 J. D. Nichols et al.

Journal compilation © 2008 British Ecological Society. No claim to original US government works, Journal of Applied Ecology, 45, 1321–1329

separate estimation of the small- and large-scale occurrence
probabilities is similar in concept to the use of the robust
design for estimation of temporary emigration in capture–
recapture studies (Kendall, Nichols & Hines 1997). We
initially considered implementing the above modelling approach
using existing algorithms in software developed for multiple
season occupancy studies (e.g. the program presence,
MacKenzie et al. 2006; the program mark, White & Burnham
1999), but additional routines were added to presence in
order to implement the parameterization presented above.

The modelling approach presented above was developed
with multiple detection devices and survey methods in mind.
However, some occupancy studies are based on investigator
surveys for animal sign (e.g. hair, scent or other sign from rub
trees; presence of burrows, dens, scat or tracks; Wilson et al.
1996). Detections of different types of animal sign can be
modelled similarly to data from different detection methods
using the model described above.

Our modelling approach assumes that if  an individual is
detected by one of the detection devices, it or another member
of the species is available for detection by the other devices at
the immediate sample site. We believe this to be the case for
both of our examples. However, if  the species of interest is
locally rare or solitary, and one of the detection devices is a
method that retains (a trap) or repels (a camera’s flash) an
individual upon detection, then our model could be extended
to include device-specific detection probabilities that differ
based on whether or not the species was detected by one of the
other devices at the immediate sampling site.

Multi-season extensions of this model will prove useful in
monitoring programmes and can be developed by combining
the approach described above with that of MacKenzie et al.
(2003). These extensions will permit inference about coloni-
zations and extinctions between seasons, as well as about
small-scale occupancy within seasons. These extensions are
straightforward, and the main decision involves whether to
use the existing multi-season software or to write specific new
software that explicitly incorporates our within-season
parameterization.
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ern United States where striped skunk data were collected.
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