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Abstract. Estimating density and population size is often more challenging than measuring indices of
abundance because of uncertainty about the effective area of surveys. We combined hierarchical modeling
of detection/non-detection data from camera stations with auxiliary information on home range sizes to
address this issue. We used this approach to estimate the total population size of fishers (Pekania pennanti)
throughout the largest remaining native range (Northern California and Southern Oregon [NCSO],
48,760 km2) of this species in the Pacific States of the United States. After controlling for various habitat,
gender, and survey factors affecting detection probability, local abundance, and home range size, we esti-
mated an average density of 6.6 fishers per 100 km2 (95% confidence interval [CI]: 5.1–8.6) and a total of
3196 fishers (95% CI: 2507–4184). We mapped how fisher density varied throughout the range and demon-
strated spatial autocorrelation in density at lag distances up to 40 km. These findings represent the first
robust estimate of fisher population size for the range in NCSO. They are important for setting a baseline
against which to monitor changes in population status and spatial distribution of fishers which are a spe-
cies of conservation concern at federal and state levels. However, we note that our estimate of population
size is very sensitive to assumptions about the effective area of camera surveys. Our methods could likely
be applied to other forest carnivores and highlight the benefits of coordination between researchers to
collect and share comparable survey and telemetry data.
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INTRODUCTION

The loss of geographically isolated populations
is a critical conservation issue because population
losses can be a prelude to species extinction
(Ceballos and Ehrlich 2002, Luck et al. 2003). As
populations shrink, they may be at greater risk of
local extinction due to stochastic demographic,
environmental, and genetic factors (Shaffer 1981).
Monitoring that provides good quantitative data
on abundance and its dynamics is essential for

population viability analyses and detecting
changes in the status of small and isolated popu-
lations (Beissinger and Westphal 1998, Yoccoz
et al. 2001, Reed et al. 2003). For practical reasons,
many large-scale monitoring programs have
relied on indices of abundance that may not
always accurately reflect population status (Pol-
lock et al. 2002, Noon et al. 2003). In recent years,
advances in analytical methods and non-invasive
survey methods have made direct estimation of
abundance more feasible (Luikart et al. 2010,
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O’Connell et al. 2011, K�ery and Royle 2015).
However, challenges remain to convert robust
estimates of local abundance at points or along
transects (e.g., capture–recapture designs and
other advanced hierarchical modeling appro-
aches) to measures of density and population size.
This often requires auxiliary information on home
range size and an understanding of the spatial
ecology of the species being studied.

The fisher (Pekania pennanti) is a forest carni-
vore of conservation concern in the western Uni-
ted States because of a combination of stressors
including historical trapping (Dixon 1925, Grin-
nell et al. 1937, Lewis and Zielinski 1996), timber
harvesting (Weir and Corbould 2010, Sweitzer
et al. 2016), disease (Gabriel et al. 2012a), poison-
ing (Linsdale 1932, Gabriel et al. 2012b), and cli-
mate change (Lawler et al. 2012). There are only
two populations of native fishers remaining in
the Pacific States, one in Northern California and
Southern Oregon (NCSO) and the other in the
Southern Sierra Nevada Mountains of California
(SSN; Fig. 1). The SSN population is listed as
“threatened” under the California Endangered
Species Act (California Fish and Game Commis-
sion 2016). The U.S. Fish and Wildlife Service
recently withdrew a proposed rule to list the
Pacific States populations of fishers as threatened
under the U.S. Endangered Species Act (USDI
Fish and Wildlife Service 2016a).

Even though the NCSO population of fishers
has not been listed under the federal and state
Endangered Species Acts, connectivity of this
population to nearby introduced populations
and the SSN population is a conservation priority
for the species throughout the Pacific States
(Lofroth et al. 2010). For this reason, accurate
information about the population status of fish-
ers is needed throughout the Pacific States.
Although some studies have estimated vital rates
and abundance of fishers within local study areas
(Jordan 2007, Thompson 2008, Matthews et al.
2011), results from systematic monitoring efforts
across large geographic areas have so far been
restricted to the SSN range (Zielinski et al. 2013,
Sweitzer et al. 2016). Estimates of fisher density
for the NCSO range are limited to a few small
study areas where intensive research occurred
(Buck et al. 1983, Thompson 2008, Matthews
et al. 2011). There has been one attempt to calcu-
late total population size for the NCSO range,

but it was calculated using “expert-based”
extrapolation of data on density from small
study areas (44–850 km2) and it did not include
confidence intervals (CIs; Self et al. 2008). Without
better estimates of population size, strong infer-
ences about the status of fishers will not be possi-
ble at the scale needed to conserve the species.
Camera stations are a well-established method

to study fishers and other forest carnivores
(Zielinski and Kucera 1995, Karanth and Nichols
1998, Kays and Slauson 2008, Kucera and Barrett
2011). At a minimum, cameras provide detec-
tion/non-detection data (1 or 0) that can be
expressed as a daily or weekly detection history
for each surveyed site during a short enough
time period when the population associated with
each site can be assumed closed (Slauson et al.
2009, Sweitzer et al. 2016). Hierarchical models
allow researchers to estimate either occupancy or
abundance using these data (Royle and Nichols
2003, MacKenzie et al. 2006). Both of those mod-
eling approaches have been applied to fisher sur-
vey data from California (Royle and Dorazio
2008, Zielinski et al. 2013).
We report here on results from a large-scale

monitoring effort using baited camera stations to
survey fishers and other mammals throughout
much of the NCSO range. By combining this
information with data from several other camera
station survey projects, we modeled how fisher
abundance varied throughout the entire NCSO
range. We gathered auxiliary information on
home range size so that we could convert our
estimates of local abundance to estimates of den-
sity and total population size. We used an analy-
sis of spatial autocorrelation to help map how
fisher density varied across the NCSO range.
Finally, we provide recommendations on how
coordination among researchers to collect and
share comparable data can lead to better inte-
grated assessments of population size for fishers
and other carnivores.

METHODS

Study area
We defined the NCSO range using the geo-

graphic information systems (GIS) layer used by
the U.S. Fish and Wildlife Service in their status
review of fishers under the federal Endangered
Species Act (USDI Fish and Wildlife Service
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2016b). This range covers 48,760 km2 in NCSO in
the United States. It spans 39.7° N–42.7° N in lati-
tude and from the Pacific Coast to 220 km inland.
Elevations vary from 0 to 2700 m above sea level
(mean, 785). Average annual precipitation varied

from 465 to 4249 mm (mean, 1595 mm). Habitats
are primarily montane conifer forest dominated
by coast redwood (Sequoia sempervirens) along the
coast and either Douglas-fir (Pseudotsuga men-
ziesii), Ponderosa pine (Pinus ponderosa), white fir

Fig. 1. Ranges of the remaining native (black) and re-introduced (gray) populations of fishers on the west coast
of the United States (A) and locations of camera station sites and home range studies used to estimate the popu-
lation size of the largest of these ranges (B). The native populations are in Northern California and Southern Ore-
gon (NCSO) and the Southern Sierra Nevada mountains (SSN). The re-introduced populations are in the
Olympic Peninsula (OP), the Southern Oregon Cascades Mountains (SOC), and the Northern Sierra Nevada
Mountains (NSN). Camera stations in the NCSO were from Ecoregion Biodiversity Monitoring (EBM) and Men-
docino Fisher Project (MFP) of the California Department of Fish and Wildlife and from Humboldt Redwoods
Company (HRC), Green Diamond Resource Company (GD), U.S. Forest Service (USFS), and the Bureau of Land
Management (BLM). Each survey location represents a pair of concurrently surveyed camera stations 1–3 km
apart.
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(Abies concolor), or a mixture of these and other
species inland. Forests intergrade with oak (Quer-
cus spp.)-dominated forests at lower elevations.
Pockets of chaparral and annual grasslands punc-
tuate this mosaic across generally steep slopes
(Schoenherr 1992).

Camera station surveys
Data were combined from six different projects

that used camera stations within the NCSO
range (Fig. 1). All projects generally followed the
protocol of Zielinski and Kucera (1995) in terms
of spacing between stations, use of passive infra-
red sensor cameras, baiting to attract mustelids,
and survey duration. The majority (65%) of cam-
era surveys were from the Ecoregion Biodiversity
Monitoring (EBM) project of the California
Department of Fish and Wildlife (CDFW, Furnas
and Callas 2015). For EBM, sampling grid hexa-
gons were randomly sampled each year without
replacement from the Forest and Inventory Anal-
ysis (FIA) sampling frame (Bechtold and Patter-
son 2005). The distance between adjacent
hexagon centers from this grid was 5.35 km.
There were two camera stations ~1.6 km apart
within each selected hexagon. Surveys occurred
on public agency and private industrial forest-
land ownerships. The primary camera station
was usually located at a hexagon centroid, but
private property, steep terrain, and other logisti-
cal issues often required relocating survey sites
to more accessible locations within selected hexa-
gons. Where relocation was not feasible, the
selected hexagon was not sampled. We limited
survey points to areas surrounded by at least
20 ha of forest in excess of 10% canopy cover. We
randomized the location of secondary camera
stations which also needed to meet the 20 ha and
10% canopy cover criterion; crews drove to a
location approximately 1450 m from the first
camera as determined by a global positioning
system device, and then walked until reaching a
location 1600 m from the first camera or 200 m
from the road. For our analyses, we included
only sites for which we were able to survey both
sites within a hexagon.

For EBM, a “stealth-mode” Reconyx PC 90 or
PC 900 infra-red sensor, motion-activated, digital
camera (www.reconyx.com) was affixed to a tree
at each station. It was placed approximately 1 m
above the ground aimed at a shallow angle

(<20°) toward bait placed 3–5 m distant at the
base of a tree. Cameras were set to high trigger
sensitivity, three pictures per trigger, one-second
trigger interval, and no delay quiet period. We
baited camera stations with 400 g of chicken
parts and 160 g of “fishy” cat food in a sock
nailed approximately 1 m up the bait tree bole,
half an apple impaled on a nail below the sock,
500 mL of oatmeal–peanut butter mixture on a
plate surrounded by a ring of sliced apple at the
base of the tree, and a salt lick placed next to the
grain. “Gusto” scent lure (www.minntrapprod.
com) was applied to the sock and low hanging
branches of at least two nearby trees behind the
bait tree. For the majority (95%) of survey sites,
we did not return to rebait cameras weekly as
recommended by Zielinski and Kucera (1995).
Our survey season began in early August and
continued through late November or early
December. The duration of surveys was 2–
5 weeks, and both stations within a hexagon
were always surveyed concurrently.
The EBM surveys covered only 61% of the

NCSO range and the gaps in our coverage
included Oregon and locations in California along
the coast. Therefore, we augmented our data with
surveys from other projects that followed field
methods comparable to ours (Fig. 1). The Mendo-
cino Fisher Project (MFP) of the CDFW used the
same protocol except that rebaiting occurred
weekly. Protocols for the remaining projects were
generally consistent with the recommendations of
Zielinski and Kucera (1995) in terms of passive
infra-red sensor cameras, baiting to attract muste-
lids, and survey duration (Table 1). As the sam-
pling designs from these projects were variable,
we selected sites from each project to approximate
the EBM design; we chose pairs of concurrently
surveyed stations 1–3 km apart in the same FIA
hexagon. Surveys from Humboldt Redwoods and
Green Diamond Resource Company in California
occurred in August–December, whereas surveys
from the U.S. Forest Service and the Bureau of
Land Management (BLM) in Oregon occurred
March–July.
All photos from surveys were reviewed to iden-

tify detections of fishers. We used this information
to create a detection history for each site that indi-
cated whether (“1”) or not (“0”) a fisher was
observed for each 24-h survey day up to 28 d. If the
survey duration was <28 d, or if the camera was
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not functional some of the time, these days were
treated as missing data (“x”) in a full 28-d detection
history (e.g., 00000110101000xxxxxxxxxxxxxx for a
14-d survey).

Abundance modeling
Royle and Nichols (2003) proposed a model

for estimating abundance from detection/non-
detection survey data by building on the assump-
tion that detection probability is often higher at
sites with higher local abundance (K�ery et al.
2010, 2013). Under this model, the probability of
detecting occupancy (P) of a species at site i is
modeled as Pi ¼ 1� ð1� rÞNi , where Ni is local
abundance and r is the probability that a particu-
lar individual is detected. Local abundances Ni

are seen as random draws from a probability dis-
tribution suitable for counts. Heterogeneity in this
distribution as well as in parameter r can be mod-
eled in terms of site- and survey-specific covari-
ates. We modeled station-level (survey site) fisher
abundance Ni as a Poisson random variable with
expected value ki. For expected local abundance
(ki) that varied by site (i) and individual detection
probability (rij) that varied by site and survey ( j):
ki ¼ eBi and rij ¼ eDij=ð1þ eDijÞ, where Bi = b0 +
b1xi1 + b2xi2 + � � � + bKxiK, xi1 . . . xiK were site-
level covariates for abundance, and Dij = d0 +
d1uij1 + d2uij2 + � � � + dLuijL and uij1 . . . uijL were
site- and survey-level covariates for detection.
Survey-level detection probability (Pij) was
Pij ¼ 1� ð1� rijÞNi . We refer to the above model
structure as the “standard” Royle-Nichols (RN)
model. Models were solved by maximum-
likelihood estimation via R statistical software

(version 3.0.1, www.r-project.org) using the
occuRN function from the unmarked package
(Fiske and Chandler 2011).
We included model covariates for explaining

variation in fisher detection probability and
abundance based on the findings of previous
studies. We expected that detection probability
would vary seasonally so we created a covariate,
yday, representing the number of days since the
beginning of the year of each survey day (Slau-
son et al. 2012, Sweitzer et al. 2016). To address
changes in detection probability after a fisher vis-
ited a station, we created a covariate representing
Markov dependency (Hines et al. 2010, Slauson
et al. 2012) between detection history days at
each station where lagx on survey day k was the
maximum of the detection history values (0 or 1)
on days k � x through k � 1, or it was zero if
these data were not available. Based on prelimi-
nary modeling, we found that a three-day depen-
dency (lag3) was most predictive of detection
probability and used this covariate in our model-
ing. To address a potential reduction in attraction
of fishers to stations due to removal or degrada-
tion of bait items and the lack of rebaiting for
most of the EBM surveys, we created a covariate,
bday, representing the number of days since
rebaiting or the number of days since the begin-
ning of the survey if rebaiting did not occur. As
we lacked detailed information on the dates of
rebaiting events for non-EBM surveys, we
assumed rebaiting occurred every seven days for
those surveys. Preliminary modeling suggested
that inclusion of the bday covariate outperformed
(e.g., lower Akaike’s information criterion [AIC])

Table 1. Sources of camera station data used in modeling the abundance of fishers in Northern California and
Southern Oregon.

Project Sites Years Start date
Average duration

in days (SD)

Average distance
between paired sites
in kilometers (SD)† Bait Camera

EBM 416 2010–2014 August–November 18 (7.6) 1.6 (0.21) M S G F R
MFP 44 2012–2013 October–November 26 (6.1) 1.6 (0.10) M S G R
HRC 40 2011–2014 August–November 30 (0.0) 2.3 (0.86) M S B
GD 16 2010 September–December 26 (5.2) 1.7 (0.40) M S C P
USFS 60 2015 May–July 15 (2.1) 1.0 (0.10) M S B
BLM 66 2011–2014 March–June 30 (0.0) 2.1 (0.51) M S B

Note: EBM, Ecoregion Biodiversity Monitoring; MFP, Mendocino Fisher Project; HRC, Humboldt Redwoods Company; GD,
Green Diamond Resource Company; USFS, U.S. Forest Service; BLM, Bureau of Land Management; SD, standard deviation; M,
meat; S, scent lure; G, grain; F, fruit; R, Reconyx PC90 or PC900; B, Bushnell Trophy; C, Cuddeback; P, Primos.

† Each pair of cameras was surveyed concurrently.
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a simple number-of-days-since-start-of-survey
covariate in the detection model. We also expected
that detection probability would increase as forest
canopy cover increased (Sweitzer et al. 2016) and
created a covariate representing average total per-
cent canopy covered in the 250-m buffer sur-
rounding each survey site (evc250) using land-use/
land-cover data derived from the LANDFIRE
Existing Vegetation Cover map (Toney et al.
2009). To control for differences in detection prob-
ability among the six survey projects, we created a
categorical variable distinguishing data from each
source (project).

Based on a review of the literature, we
expected that fisher abundance would vary
with tree canopy cover (Carroll et al. 1999, Sweit-
zer et al. 2016), elevation (Davis et al. 2007,
Sweitzer et al. 2016), latitude (Carroll et al. 1999,
Davis et al. 2007), and distance from the coast
(Carroll et al. 1999). We calculated a covariate
representing average total percent canopy cov-
ered in the 800-m buffer surrounding each sur-
vey site (evc800) using land-use/land-cover data
derived from the LANDFIRE Existing Vegetation
Cover map (Toney et al. 2009). Similarly, we used
a 30-m resolution digital elevation model to
compute average elevation (m) within the same
800-m buffers around survey sites (elev800)
which was always included with its quadratic
term (elev8002) to investigate a possible unimodal
association. We chose larger buffers for covari-
ates on abundance (800 m) than for those on
detection probability (250 m) after reasoning that
habitat conditions at larger scales affected selec-
tion of home ranges, whereas habitat conditions
at smaller spatial scales governed fisher behavior
in the vicinity of camera stations. We did not use
buffers larger than 800 m because of the 1.6-km
separation between paired stations in our sam-
pling design. Latitude (lat) and distance from
coast (coastdist) which was always included with
its quadratic term (coastdist2) to investigate a pos-
sible unimodal association were readily com-
puted using GIS.

To select a final model suitable for predicting
how site-level abundance varied across the study
area, we followed an information-theoretic appro-
ach to compare models containing all combina-
tions of covariates (Burnham and Anderson 2002).
First, we fit 32 intercept-only abundance models
representing all combinations of yday, bday, lag3,

evc250, and project as detection probability covari-
ates. We selected the model with the lowest AIC
score and used those detection probability covari-
ates in all subsequent models. Second, we fit 16
abundance models representing all combinations
of evc800, coastdist + coastdist2, lat, and elev800 +
elev8002 as abundance covariates. We selected the
model with the lowest AIC score as our final
model of fisher abundance at camera stations.
Under the selected model, we calculated the

mean of expected local abundance (k) across all
camera sites as well as three measures of detec-
tion probability across all sites and surveys. The
detection probabilities, all based on probability
prior to first detection (lag3 = 0), were the mean
individual detection probability (r) and the mean
species detection probability conditional on
occupancy (Royle and Nichols 2003) for a single-

day survey (Pcond) as well as over 28 d (P
ð28Þ
cond).

Please see Appendix S1 for details on how we
calculated detection probabilities conditional on
occupancy.

Home range size and effective area of camera
station surveys
We reviewed findings from previous studies

that used telemetry and trapping data to estimate
home range size of fishers at eight locations
within the NCSO range (Buck et al. 1983,
Seglund 1995, Dark 1997, Zielinski et al. 2004,
Reno et al. 2008, Thompson 2008; Hoopa Tribal
Forestry, unpublished data). These studies were all
from 40.5° N–41.0° N in latitude and 20–120 km
inland from the coast. From these studies, we
compiled information on home range estimates
of 107 female and 61 male fishers that used a
100% minimum convex polygon method (Mohr
1947). We restricted inclusion of home range data
in our analysis to those individuals with at least
10 data points (Table 2). We were unable to set a
higher inclusion threshold because many of the
studies we used included home ranges calcu-
lated using less than 30 locations per individual.
Fisher home range size is known to vary by gen-
der (Powell 1993, Yaeger 2005) and is believed to
increase with distance from the coast (Lofroth
et al. 2010). We fit a generalized linear mixed
model with a log-link function and normally dis-
tributed errors to assess how home range size
varied by gender and distance to coast. The ran-
dom effect in this model addressed variation
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among the eight study locations. We fit models
with all combinations of the gender and distance
to coast covariates and an intercept-only model
and used AIC scores to confirm the predictive
value of both covariates (Burnham and Anderson
2002). Models were solved via R statistical soft-
ware using the glmmPQL function (Breslow and
Clayton 1993, Venables and Ripley 2002).

Our purpose in modeling home range size was
to determine the effective area of local abun-
dance estimated throughout the NCSO range
using camera stations and to convert local abun-
dance to density by dividing it by this area.
Using the home range model results, we calcu-
lated predicted values of average home range
size for each 1-km increment of coastdist between
20 and 120 km. To avoid making predictions
beyond the range of values used in regression,
we assigned the predicted values at 20 or 120 km
to all distances either below or above these
bounds. We scaled each predicted annual home
range to a smaller area expected to be used in fall
(1 August–31 December) when the majority of
the camera station surveys we used were con-
ducted. Unfortunately, we had access to raw
telemetry data from only one study location to
recalculate home ranges ourselves (Hoopa Tribal
Forestry, unpublished data). Furthermore, to
address the potential for low sample size con-
founding conclusions about seasonal difference
in spatial ecology (Powell 1993), we limited home
range calculations to individuals with at least 30
data points in both time periods (annual and
fall). This restriction is why we needed to choose

a wide range of dates (1 August–31 December) to
represent fall. For 35 females and 15 males, we
calculated 100% MCP home range estimates
throughout the year and during the fall and com-
puted the ratio of the latter to the former. For
each gender, we used the average of the individ-
ual ratios as our seasonal scaling factor for
adjusting home range size and calculated its
standard error (SE).
We used fall home range estimates as the effec-

tive areas associated with our predicted values of
camera station-level abundance throughout the
NCSO range. First, we took each 1-km increment
in distance from coast (20–120 km) and gender
predicted value of annual home range size from
regression and multiplied it by a gender-specific
scaling factor to get estimates of effective area
during the fall. Second, we assumed an approxi-
mately balanced gender ratio in the population
(Powell 1993, Slauson et al. 2009) and took a sim-
ple average of the female and male fall home
range predictions at each distance increment.
The results were predicted values of effective
survey area that we could apply to all locations
throughout the NCSO range.

Density and extrapolation of estimates across the
study area
We did not assume the camera station sites

were a random sample of fisher habitat through-
out the study area. Instead, we created a GIS
layer of centroids of all 2169 FIA hexagons
within the NCSO range and an equal number of
points 1.6 km distant in a different random

Table 2. Sources of fisher home range data used to estimate the effective area of camera station surveys.

Source of home range data Gender
Number of locations used

in home range

Study area Study Latitude (°N) Longitude (°W)
Distance to
coast (km) F M Mean SD Min Max

Korbel Thompson (2008) 40.95 123.92 20 5 0 21 10 10 33
Bald Hills Thompson (2008) 41.22 123.86 20 5 2 24 14 12 45
Hoopa Unpublished data 41.08 123.62 40 74 45 128 133 10 607
Pilot Creek† Zielinski et al. (2004) 40.61 123.58 60 3 2 20
Cedar Gap† Zielinski et al. (2004) 40.20 123.19 70 4 0 20
Big Bar Buck et al. (1983) 40.69 123.27 80 4 5 31 26 10 84
Hayfork Reno et al. (2008) 40.57 122.89 110 6 0 33 6 25 40
Trinity Lake Seglund (1995) 40.92 122.72 120 3 3 18 8 12 35
Trinity Lake Dark (1997) 40.92 122.72 120 3 4 29 16 13 60

Notes: SD, standard deviation. Home ranges were calculated using a 100% minimum convex polygon method.
† Summary statistics on the number of locations used for home ranges were not available for these studies.
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direction from each centroid to match the EBM
design. We assumed these 4338 points provided
a random sample of fisher habitat throughout
the study area and calculated abundance covari-
ate values of evc800, elev800, lat, and coastdist at
each point. At every point, we divided the pre-
dicted value of abundance from our final RN
model by effective survey area (average of pre-
dicted female and male seasonally scaled home
range sizes for coastdist at that point) to get pre-
dicted density.

We used bootstrapping to compute average
density for the NCSO range in a way that refle-
cted its multiple sources of error (Efron 1982). We
took 10,000 resamples without replacement of our
data such that each resample permitted variation
due to multiple sources of error simultaneously
(e.g., site-level abundance, home range size, sea-
sonal scaling of home range size). We used the
mean of the means of predicted densities from
each resample as our estimate of average density
throughout the NCSO range. We got an estimate
of total population size by multiplying this den-
sity by the study area (48,760 km2). We reported
95% CIs on our estimates of average density and
population size as the 2.5th and 97.5th percentiles
from the resampling distribution.

Our specific procedures for resampling were
as follows. We resampled abundance at each of
the 4338 random GIS points by drawing from a
random normal distribution using the predicted
values and their SE from our final model. For
each resample of predicted abundance at all
those points, we took a subsample to avoid
pseudo-replication that would otherwise inflate
apparent precision. We did this by taking a ran-
dom sample without replacement from the
resampled points equal to the number of station
pairs used in abundance modeling (n = 321) and
included those points and their pairs in the sub-
sample (n = 642). For home range regression
with coastdist and gender, we randomly selected
with replacement from the set of individual
home ranges we used to get a new set of equal
size. For each resample, we fit a new home range
regression model and calculated new predicted
values of home range size for each 1-km coastdist
increment by gender. We then resampled new
seasonal scaling rates by drawing from a random
normal distribution using the estimated scaling

rates and their SE. We used the resampled values
from these three steps to calculate new values of
predicted fisher density at the 642 points retained
in the resample after sub-sampling and took the
average. We used the distribution of the averages
from the 10,000 resamples to get an estimate and
CI for average density.
We mapped how density varied across the

study area by using Kriging to smooth the values
at the 4338 random points into a continuous pre-
diction surface (Bailey and Gatrell 1995). This
method allowed us to interpolate density between
points and make inferences about the distances at
which there was spatial autocorrelation in fisher
density among locations. It also allowed us to
assess whether the covariates we used in model-
ing adequately addressed autocorrelation. We
first created a sample variogram of the predicted
values at the random points and then fit a spheri-
cal model to it. The parameters in this model
included the “range” (distance below which
there was autocorrelation in density), “nugget”
(amount of autocorrelation at the smallest dis-
tances), and “sill” (non-spatial variance among all
points). Semivariance was our measure of spatial
autocorrelation which we standardized so that
the sill was equal to one. Lower semivariance and
a small nugget represented greater autocorrela-
tion in the data set. To evaluate the role of covari-
ates in mitigating autocorrelation, we repeated
this process on the residuals of a density model
including the covariates from our final abundance
model. We created the sample variogram and fit
the variogram model using the variogram and
fit.variogram functions from the gstat package
(Pebesma 2004) in the R programming language.
We used the variogram model of predicted densi-
ties and a Kriging tool in ArcGIS (version 10;
Environmental Systems Research Institute, Red-
lands, California, USA) to create a 1-km raster
grid of interpolated densities throughout the
NCSO range. We compared our predicted densi-
ties to the findings of previous studies that esti-
mated fisher density at four locations in the study
area (Buck et al. 1983 [Big Bar], Thompson 2008
[Bald Hills and Korbel], Matthews et al. 2011
[Hoopa]). We did this by calculating the average
predicted density from Kriging within the area of
each previous study and comparing those to the
results reported from each study.
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Evaluation of modeling assumptions
We would have preferred to restrict our use of

camera stations to only those surveyed in the fall.
Unfortunately, the only camera data we had
access to in Oregon were from summer when
our assumption about smaller seasonal home
ranges may not have been valid. For this reason,
we separately estimated total population size
using only data from the EBM project and com-
pared this estimate to that using all of the data.
We followed the same analytical steps described
above except that we skipped the model selec-
tion procedure and used the best local abun-
dance model as determined using all of the data.
We removed the project covariate from the detec-
tion component of this model. We also evaluated
the effect of seasonal scaling of home range sizes,
by repeating modeling without any seasonal
scaling.

We tested the assumptions of the RN model
(1) that any covariance of paired station abun-
dances was adequately modeled by the abun-
dance covariates and (2) that any population
estimation bias resulting from equating male and
female individual detection probability was
small. Since camera detection data came from
pairs of concurrently surveyed stations approxi-
mately 1.6 km apart, we expected abundances at
paired stations to have a positive covariance.
Presumably, our standard RN model structure
accounted for some of this covariance to the
extent that paired stations had similar site covari-
ate values. To account for and evaluate any
remaining covariance of paired abundances, we
extended the RN model structure. We modeled
paired local abundances Ni and Ni+1 (odd i only)
as pairwise draws from a bivariate Poisson distri-
bution with covariance c 9 invpairdisti, where
parameter c is a non-negative constant and
covariate invpairdisti is the inverse of the distance
between stations i and i + 1. The expected values
of Ni and Ni+1 were ki + c 9 invpairdisti and
ki+1 + c 9 invpairdisti respectively. We referred
to this as the “station-pair” model. When param-
eter c = 0, paired abundances were independent
and the station-pair model was identical to our
standard RN model. We fitted two station-pair
models: one with no covariates other than
invpairdist and the other with the addition of the
covariates from our best standard model. Models

were fitted by maximum-likelihood estimation
using R statistical software and the nlm function.
Since it was not possible for us to reliably

determine gender from photographs of fishers,
we modeled local abundance and individual
detection probability the same for males and
females in the standard model. To investigate
possible bias of this procedure, we ran simula-
tions of our density estimates for fishers for sce-
narios with large, gender-based differences in
detection probability. We generated data sets
with no covariates based on our previous esti-
mates of mean local abundance (k0) and mean
individual detection probability (r0) at camera
stations predicted by our best standard RN
model, and based on mean female and male fall
home range sizes (hF, hM) from our generalized
linear mixed model of home range size. We
expected that the ratio of mean local abundance
for females to mean local abundance for males
(kF:kM) should be comparable to the ratio of
home range sizes (hF:hM) and therefore set
kF = k0hF/(hF + hM) and kM = k0hM/(hF + hM) for
all simulations. For gender-specific individual
detection probabilities rF and rM, we wanted the
average to be comparable to our best data-based
estimate r0 while investigating sensitivity of
density estimates to the ratio rF:rM. In each
simulation, we chose one of three treatments
for rF:rM:2:1, 1:2, or 1:4 prior to 1 September
and 1:2 afterward. For each simulation, we gener-
ated a data set for 642 survey sites and a 28-d sur-
vey with dates corresponding to our original
survey data. Site-level, gender-specific abun-
dances NFi and NMi, i = 1. . .642, were random
draws from Poisson distributions with means kF
and kM, respectively. We calculated site-level gen-
der detection probabilities PFi ¼ 1� ð1� rFÞNFi

and PMi ¼ 1� ð1� rMÞNMi and with these gener-
ated gender-specific detection histories yF and yM
and a combined detection history yALL. Using the
standard model with no covariates, we estimated
mean local abundance k̂0. As before, we fitted
models by maximum-likelihood estimation via R
statistical software using the occuRN function
from the unmarked package. The effect of interest
was the k̂0=k0 ratio representing the bias of the
gender-blind estimate under gender-based hetero-
geneity. We calculated the mean of this ratio
across 1000 simulations within each of the three
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treatments. We provide the R code and data used
for all analyses (See Appendix S2).

RESULTS

Summary statistics
The camera station data we used were from

642 stations (321 station pairs). The average num-
ber of functional survey days per station of the
data we used in modeling was 20 (standard devi-
ation [SD] = 8). Fishers were detected at 25.4% of
stations and 40.5% of station pairs. For stations
at which fishers were detected, they were
observed on an average of 12.0% of functional
survey days. The range of biophysical conditions
at camera stations largely overlapped the range

of conditions at the random GIS points we used
to extrapolate population size across the study
area (Table 3).

Detection probability and abundance
Our best model for explaining detection proba-

bility contained the lag3, bday, evc250, and project
covariates (Table 4). However, it only outper-
formed the saturated model also including yday by
0.50 AIC points. As there was little difference in
average predicted detection probability among the
two top models summing to the top 1.00 of AIC
weights, we chose lag3, bday, evc250, and project
but not yday as the detection covariates to
include in a final model for extrapolating abun-
dance across the NCSO study area. Although

Table 3. Summary statistics on biophysical conditions at survey sites used in abundance modeling and the ran-
dom locations used to extrapolate fisher population size across the range of the species in Northern California
and Southern Oregon.

Covariate

Inter-quantile range (5–95%)

Camera stations used in
abundance modeling

Random GIS points used in extrapolating
population size throughout NCSO range

Tree canopy cover (evc800) 18.5–69.7% 6.2–70.9%
Distance to coast (coastdist) 15.7–191.6 km 8.9–187.4 km
Latitude (lat) 39.6–42.4°N 39.5–43.4°N
Elevation (elev800) 297–1736 m 196–1740 m

Notes: GIS, geographic information systems; NCSO, Northern California and Southern Oregon. Overlap of inter-quartile
ranges suggests that extrapolation based on regression associations from the camera stations was appropriate.

Table 4. Model selection results for detection probability and local abundance of fishers at camera stations from
Northern California and Southern Oregon.

Model, covariates† Par‡ AIC DAIC AICwt Total AICwt Model estimate§

Detection r
lag3 + evc250 + project + bday 10 2993.07 0.00 0.56 0.56 0.042
lag3 + evc250 + project + yday + bday 11 2993.57 0.50 0.44 1.00 0.041
Intercept only 2 3098.56 105.49 <0.00 1.00 0.084

Abundance k
evc800 + coastdist + coastdist2 + lat + elev800 + elev8002 16 2944.27 0.00 0.86 0.86 0.593
evc800 + coastdist + coastdist2 + lat 14 2948.01 3.74 0.13 0.99 0.570
Intercept only 10 2993.07 48.81 <0.00 1.00 0.597

Notes: AIC, Akaike’s information criterion; Model selection for detection covariates was for an intercept-only abundance
model. Model selection for abundance always included covariates from top detection model. Covariate lag3 represents whether
a fisher was detected in the previous three days, evc250 was average tree canopy cover within a 250-m buffer, yday was the
survey day measured from 1 January, bday was the number of days since the beginning of the survey or since rebaiting, and
project was a categorical variable representing the six camera station survey projects. Covariate evc800 was average tree canopy
cover within an 800-m buffer, elev800 was average elevation within an 800-m buffer, coastdist was distance to coast, and lat was
latitude.

† Models in the top 0.95 of cumulative AIC weights are shown here in addition to null (intercept-only) models.
‡ Number of parameters in models. The covariate project is a categorical covariate we modeled using five dichotomous vari-

ables representing the five camera trap projects other than Ecoregion Biodiversity Monitoring which we treated as the baseline.
§ Derived parameter estimates from our models. r represents average daily detection probability of an individual fisher. k

represents average local abundance of fisher.
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detectability declined gradually over the course of
the survey since initial baiting or rebaiting, the
observation of a fisher in the previous three days
was strongly and positively associated with detec-
tion probability (Fig. 2). After controlling for the
other covariates in our final model, there were no
differences in detection probabilities among cam-
era station projects with respect to EBM, except
the BLM surveys in Oregon which were lower. For
all projects, average detection probability of an
individual fisher if present (r) was 0.039 per day
(SD = 0.018). Average survey-level detectability of
occupancy (Pcond) was 0.052 per day (SD = 0.028).
Average site-level detectability of occupancy
(P

ð28Þ
cond) was 0.734 (SD = 0.163) after 28 d.
We found the best model explaining abundance

was the saturated model containing the evc800,
coastdist + coastdist2, lat, and elev800 + elev8002

covariates (Tables 4, 5). It outperformed the clos-
est model without elev800 + elev8002 by 3.74 AIC
points. Abundance was positively associated with
tree canopy cover and negatively associated with
latitude. Abundance increased with elevation, but
declined at the highest elevations locations where
tree canopy declined in sub-alpine and alpine
habitats. Average predicted abundance at camera
stations was 0.593 (SD = 0.402) fishers per site

compared to an average of 0.477 (SD = 0.373)
fishers at random GIS points.

Home range size
As expected, annual home range size (100%

MCP) varied with gender and distance to coast.
The regression model with both covariates outper-
formed the null model and models with just one of
the covariates. For female fishers, average annual
home range size varied from approximately 6 km2

at 20 km from the coast to approximately 13 km2

at 120 km. For males, average home range size
varied from 12 km2 at 20 km to approximately
27 km2 at 120 km (Fig. 3). Using data from the
Hoopa study location, we estimated scaling ratios
of annual to fall home ranges of 0.707 (SE = 0.024)
for females and 0.549 (SE = 0.048) for males. After

Fig. 2. Associations between daily detection proba-
bility of individual fishers at camera stations and the
number of days since the beginning of the survey
(bday) and whether a fisher was detected in the previ-
ous three days (lag3). In this hypothetical example, the
camera station was baited at the beginning of survey
day 1 only and fisher (F) was detected on days 10, 13,
and 25. Latitude, elevation, canopy cover, and coast
distance were at their mean values.

Table 5. Final Royle-Nichols model used to estimate
fisher abundance at camera stations.

Parameter† Estimate SE
95%
CILO

95%
CIUP

Model parameters
for abundance
Intercept �0.339 0.180 �0.692 0.015
Tree canopy
cover (evc800)

0.507 0.134 0.244 0.769

Distance to coast
coastdist 0.077 0.141 �0.200 0.353
coastdist2 �0.336 0.095 �0.523 �0.149

Latitude (lat) �0.442 0.113 �0.663 �0.222
Elevation
elev800 0.298 0.109 0.085 0.510
elev8002 �0.067 0.073 �0.210 0.077

Model parameters
for detection
Intercept �3.071 0.183 �3.429 �2.713
Markov dependency
(lag3)

0.735 0.130 0.480 0.990

Days since baiting
(bday)

�0.394 0.083 �0.557 �0.232

Tree canopy
cover (evc250)

0.118 0.127 �0.131 0.368

Project‡
MFP 0.086 0.233 �0.371 0.542
HRC �0.349 0.373 �1.080 0.382
GD �0.245 0.341 �0.912 0.422
USFS �0.875 0.503 �1.862 0.111
BLM �1.693 0.416 �2.508 �0.877

Note: BLM, Bureau of Land Management; GD, Green Dia-
mond Resource Company; HRC, Humboldt Redwoods Com-
pany; MFP, Mendocino Fisher Project; USFS, U.S. Forest
Service; SE, standard error.

† All covariates were standardized.
‡ Model parameterized with Ecoregion Biodiversity

Monitoring as baseline for project.
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applying these ratios to the annual home range
sizes at our random GIS points and averaging by
gender, we estimated a NCSO-average fall home
range size of 8.33 km2 (SD = 2.55).

Density and population size
Average fisher density across the NCSO range

was 6.6 fishers/100 km2 (95% CI: 5.1–8.6). Our
estimate for total population size was 3196 fishers
(95% CI: 2507–4184). Average density was maxi-
mized at 67 km from the coast. Using the density
predictions at random GIS points throughout the
NCSO, we fit a semivariogram model with a
range of 40 km and a nugget of 0.40 on a stan-
dardized scale (Fig. 4). Using a density model
including the evc800, coastdist + coastdist2, lat, and
elev800 + elev8002 covariates, we fit a semivari-
ogram model with a nugget of 0.70 on a stan-
dardized scale. The difference in nugget sizes
suggests that the covariates we used addressed
most of the spatial autocorrelation in density.
Using the semivariogram parameters from the
predicted values at random points to help us
map density throughout the NCSO range via
Kriging, we found a core area of predicted high

Fig. 3. Relationship between annual fisher home range size and distance to coast by gender. The points above
represent 100% minimum convex polygon home range estimates for fishers from six study locations in Northern
California. The lines are regression fits of these data by gender. Extrapolation was truncated to the range of
distances from the fisher data (20–120 km).

Fig. 4. Spatial autocorrelation in fisher density
throughout its range in Northern California and
Southern Oregon. We created an ansiotrophic sample
variogram of our predicted densities at 4338 random
geographic information systems points throughout the
study area. We fit a spherical model to the sample vari-
ogram and estimated range, nugget, and sill parame-
ters. The results suggest that spatial autocorrelation in
fisher density was present at distances up to 40 km
between locations.
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density (>10 fishers/100 km2) extending from
39.0° N to 41.5° N in latitude and centered on dis-
tances ~40–80 km from the coast (Fig. 5). We
found close agreement between the results of pre-
vious studies of density and our predicted values
at the locations of these studies (Table 6). We pro-
vide a compressed Keyhole Markup Language
file (KMZ) for use with Google Earth software
(Google, Mountain View, California, USA) to
view the map of interpolated predicted densities
presented in Fig. 5 (see Appendix S2).

Evaluation of modeling assumptions
The restriction of modeling to EBM data had

little effect on our overall estimate of population
size throughout the NCSO range. In particular,

the estimate from this approach (3300 fishers)
was 3% larger than our estimate using the larger
data set, but the CI (2561–4356) overlapped our
estimate (3196 fishers) using the larger data set.
In contrast, the removal of seasonal scaling of
home range size from our analysis reduced our
estimate of population size (1921 fishers; 95% CI:
1533–2516) by 40%.
The results of our supplemental modeling sug-

gest that the standard RN model we used for
population estimation was unlikely to have pro-
vided biased estimates due to violations of
model assumptions. Without covariates, the sta-
tion-pair model outperformed the standard
model, but upon inclusion of covariates the stan-
dard model outperformed the station-pair model
(Appendix S3: Table S1). For a large difference in
detection probabilities among genders (100% in
fall, 300% in spring/summer), our simulations
suggest a small (5–8%) under estimation of den-
sity (Appendix S3: Table S2).

DISCUSSION

Our results represent the first robust estimates
of density and population size of fishers for the
NCSO range which is the largest native popula-
tion remaining in the Pacific States of the United
States. Our results, clipped to four areas where
local density was independently estimated by
previous studies, were remarkably similar to the
results of those studies. Furthermore, the CI for
our estimate of population size overlaps the only
other estimate of population size for the NCSO

Fig. 5. Spatial variation in fisher density throughout
the study area and the locations of four previous stud-
ies that estimated density.

Table 6. Comparison of our fisher density estimates
with results from previous studies in Northern Cali-
fornia.

Location† Area (km2)

Density (Fishers/100 km2)

Our estimate‡ Previous study§

Bald Hills 100 9.6 10.0
Korbel 100 7.7 8.5
Hoopa 100 13.3 14.0
Big Bar 160 11.0 8.0
Average 10.4 10.1

† See Fig. 5.
‡ Based on our abundance and home range modeling

throughout the study area. We computed the average pre-
dicted density within the boundaries of each study area.

§ Published findings for study locations: Bald Hills and
Korbel (Thompson 2008), Hoopa (Matthews et al. 2011), and
Big Bar (Buck et al. 1983).
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(4018 fishers; Self et al. 2008). The consistency of
these estimates is one reason why our numbers
are likely to be helpful to managers planning the
conservation of this species. A credible popula-
tion estimate and map of density at the scale at
which conservation planning is needed can be
used as a baseline against which to monitor for a
population trend and changes in the spatial dis-
tribution of this species.

Monitoring population status and distribution
is especially important for fishers in the Pacific
States because the remaining population
ranges are fragmented by anthropogenic and
ecological barriers with less connectivity than
before European settlement (Lofroth et al. 2010).
Re-introductions are one of the primary actions
being used to expand fisher populations and their
range. Two re-introduced populations in the
Southern Oregon Cascades Mountains and
Northern Sierra Nevada Mountains (NSN) are
immediately adjacent to the NCSO range (Fig. 1).
Our results suggest that current fisher density is
low (<5.0 fishers/100 km2) in the portions of the
NCSO range nearest to these re-introduced popu-
lations. However, observations from the last five
years suggest that the frequency of fisher detec-
tions at camera stations in the area adjacent to the
NSN range may be increasing (Klug 2014; P. Fig-
ura, CDFW, unpublished data). At least one of these
observations was of a re-introduced fisher from
the NSN range (B. Furnas, CDFW, unpublished
data). Furthermore, it is interesting to note that
our density map predicted high density (>10.0
fishers/km2) in the extreme southern appendage
of the NCSO range (Fig. 5). This area was
included because of a documented occurrence in
Lake County from 2013. Although this area con-
tributed little to the total predicted population
size (e.g., ~30 fishers), it will be important to mon-
itor whether the recent detection in this area rep-
resents an expansion of fishers into a portion of
their historical range (Allen et al. 2015).

The RN model has not been applied widely to
estimate abundance, in part because it is more
sensitive to parametric assumptions and per-
forms poorly when abundance is high (K�ery and
Royle 2015). Based on our literature search of the
term, “RN model,” we found only four pub-
lished studies that used this model to estimate
abundance of a wildlife species (Stanley and
Royle 2005, Ariefiandy et al. 2014, Duquette

et al. 2014, Erb et al. 2015). However, Royle and
Dorazio (2008) demonstrated use of the model to
estimate local abundance of fishers from track
plate survey data in the NCSO range. The results
of our supplemental modeling suggest that any
violations of the assumptions of the RN model
we made were unlikely to have led to large
biases in our estimates of abundance and density.
We agree with the assessment of Royle and Dora-
zio (2008) that the RN model may often be
appropriate for carnivore survey data for which
local abundance is low and territoriality is well
defined. Indeed, we believe our camera station
data may be useful for estimating abundance of
other carnivores including black bear (Ursus
americanus), western gray fox (Urocyon cinereoar-
genteus), and coyote (Canis latrans).
Two alternatives to the RN model are

N-mixture and non-spatial capture–recapture
models (Otis et al. 1978, Royle 2004). We could
not fit either of these models because we were
unable to distinguish individual fishers from our
camera station images. Nevertheless, these mod-
els and the RN model only provide estimates of
local abundance, not density. It is necessary to
apply additional information about the effective
area of surveys to calculate density. We used
information on home range size as others have
done (Karanth 1995, Bales et al. 2005). If it were
possible for us to distinguish individual fishers
(e.g., by adding hair snares to collect genetic
samples), we might have considered the use of a
spatial capture recapture model (SCR) to directly
estimate density without the need for auxiliary
information on home range size (Royle et al.
2014). However, we used a sampling grid in
which paired camera stations were usually sepa-
rated by large distances to survey fishers over a
large geographic region. For this design, we
would be unlikely to get enough recaptures
among >two stations to effectively fit a SCR. For
this reason, we believe the combination of local
abundance estimates and complementary infor-
mation on home range size may remain the most
feasible option for efficiently measuring the pop-
ulation status of fishers or other carnivores over
a large area. One variation might be to imple-
ment the intensive surveys required for fitting a
SCR in a few small but representative areas
throughout the range and use the findings from
those studies to validate estimates based on

 ❖ www.esajournals.org 14 March 2017 ❖ Volume 8(3) ❖ Article e01747

FURNAS ET AL.



non-spatial modeling of camera station data over
the entire range.

We attempted to put as much thought into our
calculation of effective survey area as we did for
abundance modeling. We did this by pooling
information on home range size from within the
NCSO range, modeled how it varied with gender
and distance from the coast, and scaled home
ranges from annual estimates of space use to
those for just the fall when most of the camera sta-
tion surveys we used occurred. Furthermore, we
used bootstrapping to incorporate uncertainty in
the auxiliary data into our CIs for density and
population size. These steps were important
because the estimation of density is highly sensi-
tive to changes in effective area. For example, if
we had not seasonally scaled home range sizes,
our estimates of density and population size
would have been 40% smaller. Our estimate of
population size was also sensitive to delineation
of the NCSO range. The definition of this range
was based on previous range mapping (Lewis
et al. 2012) and careful screening of hundreds of
documented fisher occurrences since 1993 includ-
ing from the EBM and MFP projects (see fig. 1 in
USDI Fish and Wildlife Service 2016a).

We note that the seasonal scaling factors we
used were approximately 20% smaller than those
found by Popescu et al. (2014) for fishers in the
SSN range. This fact highlights one shortcoming
of our analysis: the unavailability of home range
information throughout the study area. All of the
data used in our seasonal scaling analysis were
from a single study area with the largest sample
size (Hoopa Tribal Forestry, unpublished data). If
we had instead used a scaling ratio based on the
findings of Popescu et al. (2014), our population
estimate would have been smaller (2634 fishers;
95% CI: 1906–3717) than the estimate using a
scaling ratio based on the Hoopa data (3196 fish-
ers; 95% CI: 2507–4184), but the CIs for each esti-
mate overlap the mean of the other. All of the
telemetry studies used in other aspects of our
home range analysis were from similar latitudes
which prevented us from effectively including
this covariate in our home range model. Home
range is known to vary with latitude (Lofroth
et al. 2010), but the telemetry studies we used
were all situated close (average = 40.08° N,
SD = 0.21) to the average latitude (41.03° N) for
the NCSO range. This coincidence may have

mitigated our problem with finding home range
studies from a wider range of latitudes. Other
issues with our home range analyses included
use of the 100% MCP method instead of a kernel
density estimator and the use of as few as 10
locations in the calculation of home ranges, and
we are unable to ascertain how these limitations
may have biased our results (Seaman et al. 1999,
B€orger et al. 2006). As we did not have access to
raw telemetry data from most of the studies we
used, we were unable to recalculate home ranges
to potentially address these constraints.
Besides facilitating the mapping of density

throughout the NCSO range, the variogram anal-
ysis provided useful information about the land-
scape ecology of fishers. The finding that
autocorrelation was greatest at lag distances up
to 40 km may be relevant to understanding the
scale at which patches within a metapopulation
(Hanski 1999) are currently assembled in the
NCSO range. For a simplistic example, a circular
area of 40 km diameter corresponds to an aver-
age of 83 fishers based on our results. This area is
approximately 10 times larger than the minimum
patch size believed necessary to support a popu-
lation as determined by Olson et al. (2014). Some
of the autocorrelation at smaller scales (<20 km)
may be related to overlap of male and female
home ranges, overlap of female home ranges,
and pre-dispersal juveniles (Aubry et al. 2004,
Rennie 2015). Autocorrelation in fisher density is
likely driven in great part by the distribution of
landscape-level habitat attributes across the
study area. Other researchers have noted spatial
autocorrelation in fisher occurrence and that
landscape and regional patterns of habitat condi-
tions such as tree canopy cover and precipitation
are the strongest predictors of fisher occurrence
in the NCSO range (Carroll et al. 1999, 2010). In
our case, we demonstrated that the inclusion of
canopy cover and elevation covariates reduced
autocorrelation in model residuals. Nonetheless,
more investigation is warranted to explain the
pattern we found of density peaking in locations
40–80 km from the coast. We speculate that part
of the cause may be that these areas tend to be
dominated by dense, mid-elevation forests inter-
spersed with pockets of tanoak (Notholithocarpus
densiflorus) and other hardwoods that support
high densities of fisher prey. The findings of
Sweitzer and Furnas (2016) confirm that fisher
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occurrence at camera stations is positively associ-
ated with co-occurrence of prey species.

Even though most (62%) camera stations we
used in modeling were not rebaited, average site-
level detection probability of occupancy was high
(0.734) after 28 d. We controlled for reduced
attraction of fishers to stations over time due to
consumption of bait and weakening of the scent
lure by including a covariate in our final model
representing the number of days since the begin-
ning of the survey or rebaiting (bday). However,
we found that temporal autocorrelation in fisher
visits to stations (lag3) was a much stronger pre-
dictor of detection probability than bday (Fig. 2).
Furthermore, our estimate of total population size
appears to be robust to differences among models
explaining detection probability and whether we
included camera station data from Oregon where
fishers were surveyed during summer when
detection probability was lower. Although there
were little camera station data characterized by
tree canopy cover <20% in our modeling, we do
not believe this omission biased our population
estimate, because the positive association we
found between canopy cover and abundance
resulted in negligible contribution of low canopy
areas to the total population estimate.

In conclusion, we demonstrated a feasible
approach to combine comparable sources of data
to estimate the population size of a species over a
geographic range. The RN model allowed us to
accomplish this using detection/non-detection
data that were efficiently collected over a large
area using camera stations. The acceptance of a
generally standardized camera station protocol
made this task practical. It was more challenging
for us to estimate the effective area of these sur-
veys by piecing together available home range
information of varying quality. For this reason, we
recommend greater coordination between regio-
nal monitoring programs and local studies that
collect telemetry information. Besides augmenting
the types of analyses that are possible using moni-
toring data, these programs may be able to share
data that are also useful to local studies.
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