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ESTIMATING DETECTION PROBABILITY AND DENSITY 
FROM POINT-COUNT SURVEYS: A COMBINATION OF 

DISTANCE AND DOUBLE-OBSERVER SAMPLING
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A��
�	�
.—Point counts are the method most commonly used to estimate 
abundance of birds, but they o� en fail to account properly for incomplete and 
variable detection probabilities. We developed a technique that combines distance 
and double-observer sampling to estimate detection probabilities and eff ective 
area surveyed. We applied this paired-observer, variable circular-plot (POVCP) 
technique to point-count surveys (n = 753) conducted in closed-canopy forests 
of southeast Alaska. Distance data were analyzed for each species to model a 
detection probability for each observer and calculate an estimate of density. We 
then multiplied each observer’s density estimates by a correction factor to adjust for 
detection probabilities <1 at plot center. We compared analytical results from four 
survey methods: single-observer fi xed-radius (50-m) plot; single-observer, variable 
circular-plot (SOVCP); double-observer fi xed-radius (50-m) plot; and POVCP. 
We examined diff erences in detection probabilities at plot center, eff ective area 
surveyed, and densities for fi ve bird species: Pacifi c-slope Flycatcher (Empidonax 
diffi  cilis), Winter Wren (Troglodytes troglodytes), Golden-crowned Kinglet (Regulus 
satrapa), Hermit Thrush (Catharus gu� atus), and Townsend’s Warbler (Dendroica 
townsendi). Average detection probabilities for paired observers increased ~8% (SE = 
2.9) for all species once estimates were corrected for birds missed at plot center. 
Density estimators of fi xed-radius survey methods were likely negatively biased, 
because the key assumption of perfect detection was not met. Density estimates 
generated using SOVCP and POVCP were similar, but standard errors were much 
lower for the POVCP survey method. We recommend using POVCP when study 
objectives require precise estimates of density. Failure to account for diff erences 
in detection probabilities and eff ective area surveyed results in biased population 
estimators and, therefore, faulty inferences about the population in question. 
Received 14 October 2003, accepted 28 September 2005.
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Estimaciones de la Densidad y de las Probabilidades de Detección a Partir de 
Muestreos Utilizando Conteos en Puntos: Una Combinación de Muestreos de 

Distancia y de Doble Observador

R������.—El método de conteo en puntos es comúnmente el más usado para 
estimar la abundancia de aves. Sin embargo, este método generalmente no da cuenta 
de una forma apropiada de que las probabilidades de detección pueden ser variables 
e incompletas. Desarrollamos una técnica que combina muestreos de distancia con 
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C���	������ �� 	��	� populations across 
space or time o� en require estimates of abun-
dance. All measures of abundance are at best 
indices, because the number of birds counted is 
a proportion of the true population (Lancia et al. 
1994), and true abundance is rarely known. The 
goal when estimating abundance is to reduce 
sources of bias by using standardized survey 
protocols and by estimating detection probabili-
ties and area surveyed, which can vary among 
observers, species, habitat types, environmental 
conditions, and distances (McCracken 1994, 
Nelson and Fancy 1999, Buckland et al. 2001). 
If counts are not adjusted for diff erences in 
detection probability and in area eff ectively sur-
veyed, point counts can result in a biased den-
sity estimator and, therefore, faulty inferences 
about the population in question (Diefenbach 
et al. 2003, Norvell et al. 2003, Farnsworth et 
al. 2005). Improved understanding of prob-
lems associated with unadjusted point-count 
data has stimulated the development of more 
sophisticated sampling methods that are practi-
cal and realistic for use in the fi eld (Reynolds et 
al. 1980; Buckland et al. 1993, 2001; Farnsworth 
et al. 2002, 2005). However, these methods 

require additional observer skills and data 
collection, slightly more complicated analyses, 
and compliance with several key assumptions; 
therefore, such methods are not commonly used 
by the ornithological community. Distance sam-
pling and double-observer sampling are two 
techniques that can be used to estimate detec-
tion probabilities and eff ective area sampled, 
but assumptions of these techniques can be dif-
fi cult to meet in the fi eld. 

Distance-sampling theory is well developed 
and permits estimation of detection prob-
abilities and eff ective area surveyed by spe-
cies, observer, and habitat type (Roeder et al. 
1987; Buckland et al. 1993, 2001; Thomas et al. 
2002). Although the merits of distance sam-
pling methods used at point-count stations 
are apparent, analysis relies on the validity 
of several key assumptions (Gates 1969, Seber 
1973, Reynolds et al. 1980, Buckland et al. 1993). 
(1) Detection probability at the plot center is 1 
(or a known value). (2) Birds do not move in 
response to the observer prior to detection. 
(3) Distance to each detected bird is recorded 
accurately (Buckland et al. 1993, 2001; Thomas 
et al. 2002). These assumptions can be diffi  cult 

muestreo de doble observador para estimar las probabilidades de detección y las 
áreas efectivas de muestreo. Aplicamos esta técnica de parcela circular variable con 
observador doble (PCVOD) en muestreos utilizando conteos en puntos (n = 753) 
realizados en bosques de dosel cerrado en el sureste de Alaska. Los datos de distancia 
fueron analizados para cada especie para modelar una probabilidad de detección para 
cada observador y para calcular una estimación de la densidad. Luego, multiplicamos 
la estimación de densidad de cada observador por un factor de corrección para ajustar 
por probabilidades de detección < 1 en el centro de la parcela. Comparamos los 
resultados analíticos de cuatro métodos de muestreo: parcelas de radio fi jo (50 m) con 
un observador único, parcelas de radio variable con un observador único (PCVOU); 
parcelas de radio fi jo (50 m) con dos observadores; y PCVOD. Examinamos las 
diferencias en las probabilidades de detección en el centro de la parcela, el área efectiva 
muestreada y las densidades para cinco especies de aves: Empidonax diffi  cilis, Troglodytes 
troglodytes, Regulus satrapa, Catharus gu� atus y Dendroica townsendi. Las probabilidades 
de detección promedio de los muestreos con dos observadores aumentaron en un ~8% 
(EE = 2.9) para todas las especies, una vez que las estimaciones fueron corregidas por las 
aves no detectadas en el centro de la parcela. Las estimaciones de densidad utilizando 
el método de radio fi jo estuvieron probablemente sesgadas de manera negativa, debido 
a que el supuesto de detección perfecta no se cumplió. Las estimaciones de densidad 
generadas utilizando los métodos de PCVOU y PCVOD fueron similares, aunque 
los errores estándar fueron mucho menor para el método de muestreo de PCVOD. 
Recomendamos utilizar el método de PCVOD cuando se requieren estimaciones 
precisas de densidad. No considerar las diferencias en las probabilidades de detección 
y en las áreas de muestreo efectivas genera estimaciones poblacionales sesgadas y, por 
lo tanto, inferencias erradas sobre la población estudiada.
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to satisfy (Thompson 2002). For example, in 
dense forests with high canopies where most 
birds are detected aurally, perfect detection at 
plot center—that is, g(0) = 1, where g(r) is the 
probability of detecting a bird at radial distance 
r—most likely is not achieved (DeSante 1981, 
1986). Movements of birds within the count 
period can also be problematic, leading to den-
sity estimators that are biased either low or high 
depending on the type of movement and behav-
ior of the bird. Although simulation models 
have demonstrated that several methods used 
to estimate density are robust to bird distur-
bance (Roeder et al. 1987), precaution must be 
taken to minimize responsive movement in the 
fi eld. Distance-sampling methods used at point 
counts are sensitive to accurate measurements 
of distance, particularly those near the count 
station, because area of a circle increases with 
the square of the distance. These key assump-
tions and results of fi eld tests conducted early 
in development of variable circular plots have 
deterred many biologists from implementing 
distance sampling during point-count stud-
ies in the fi eld (DeSante 1981, 1986). However, 
rigorous training programs and experienced 
observers can greatly reduce the likelihood of 
violating assumptions of distance-sampling 
techniques (Kepler and Sco�  1981). 

Some research has focused on relaxing key 
assumptions of distance sampling, particu-
larly the assumption that g(0) = 1. Researchers 
conducting line-transect surveys for marine 
mammals have performed most of the research 
(Buckland et al. 1993; Laake et al. 1997; Borchers 
et al. 1998a, b), because this assumption is par-
ticularly problematic for species that spend a 
signifi cant proportion of time underwater, where 
they are undetectable. The general approach has 
been extended to aerial surveys (Alpizar-Jara 
and Pollock 1996, Manly et al. 1996) and other 
boat-based surveys (Evans Mack et al. 2002). 

Another survey technique recently proposed 
to address simple diff erences in detection prob-
abilities involves sampling with two observers. 
Nichols et al. (2000) modifi ed methods devel-
oped for aerial surveys (Cook and Jacobson 1979) 
to accommodate standard point-count surveys. 
This procedure uses capture–recapture theory 
and Cook-Jacobson estimators to estimate detec-
tion probabilities and variances (Nichols et al. 
2000). Advantages of using the double-observer 
approach include the ability to detect simple 

diff erences in detection probabilities, increased 
possibility of detecting rare species, and the 
simplicity of the method. A major advantage 
of this approach is that it uses both observ-
ers’ data to provide information about each 
observer’s probability of detection. A drawback 
to the double-observer approach is the failure 
to account for diff erences in distance at which 
diff erent observers detect birds. The double-
observer approach assumes that the same bird is 
potentially detectable by both observers; in real-
ity, this is probably not always true (Nichols et al. 
2000) and potentially introduces a serious bias in 
estimating detection probabilities. This availabil-
ity bias is present in all methods involving two 
or more observers, but it is impossible to address 
or quantify without a known benchmark of den-
sity (see below for further details). Nichols et al. 
(2000) suggested combining the double-observer 
approach with other methods for additional 
modeling of the detection probability (as we do 
below), because the double-observer approach 
does not allow for an empirical measure of the 
area eff ectively sampled. 

We developed a new survey method, the 
paired-observer, variable circular-plot (POVCP) 
technique, which combines double-observer and 
distance-sampling methods to estimate densities 
of breeding landbirds. This technique combines 
the advantages of both sampling methods by 
empirically estimating the eff ective area sampled 
using distance sampling and by using informa-
tion collected by paired observers to estimate 
and increase detection probabilities. The com-
bination method relaxes the critical assumption 
of distance sampling that detection probability at 
plot center is 1, that is, g(0) = 1. 

Here, we describe the fi eld and analytical 
methods required for the POVCP technique. 
We then compare detection probabilities at 
plot center, density estimates, and associated 
variances obtained from a fi eld test of four 
survey methods: single-observer with 50-m 
fi xed-radius plot; single-observer, variable 
circular-plot (SOVCP); double-observer with 
50-m fi xed-radius plot; and POVCP. Without 
a known benchmark of true density, we com-
pare results of each technique with those of all 
other survey methods examined here, none of 
which adjusts for availability bias (see below 
for details). Because we do not know how our 
results compare to true densities, we rigorously 
evaluate how closely key assumptions of each 
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survey method were met. We discuss strengths 
and weaknesses of the combination method, 
and provide recommendations for studies. 

M�
��
�

S
�
� A��	 	�
 S����� M�
��
�

We conducted fi eld trials in forested stands on 
the Tongass National Forest in southeast Alaska. 
The forests of southeast Alaska are part of the 
continuous coastal, temperate rainforest that 
extends along the Pacifi c Coast from northern 
California to Cook Inlet in Alaska. These forests 
are characterized by western hemlock (Tsuga 
heterophylla) and Sitka spruce (Picea sitchensis), 
with western red cedar (Thuja plicata) and Alaska 
yellow cedar (Chamaecyparis nootkatensis) more 
common to the south (Alaback 1982). The forest 
understory is dominated by blueberry (Vaccinium 
spp.), devilsclub (Oplopanax horridus), and salm-
onberry (Rubus spp.). Mosses (Hylocomium 
splendens, Rhytidiadelphus loreus, Sphagnum spp.), 
ferns (Dryopteris spp., Gymnocarpium dryopteris), 
and lichens (Cladonia spp.) cover the forest fl oor, 
and downed logs and root wads are sca� ered 
throughout the forest understory. 

Admiralty, Baranof, and Chichagof islands 
were surveyed in 2001; Kuiu, Kupreanof, Mitkof, 
Zarembo, Etolin, and Wrangell islands were 
surveyed in 2002. We selected study sites that 
consisted only of old-growth forest, defi ned as 
a forest stand where trees average ≥23 cm diam-
eter at breast height (DBH) and the stand is ≥150 
years old (Caoue� e et al. 2000). We established 
3–12 count stations at each of 47 randomly 
selected sites (for details, see Kissling 2003). 
Stations were ≥150 m apart to avoid counting 
the same birds at multiple stations (Reynolds 
et al. 1980) and to ensure independence. Before 
sampling started, all observers participated in a 
two-week fi eld training session  to improve bird 
identifi cation and distance-estimation skills. 
We sampled from 29 May to 3 July in 2001 and 
2002. Surveys commenced 30 min before sunrise 
(0230–0300 hours AST) and continued for 5–6 h, 
until not later than 0900 hours. We surveyed 753 
point-count stations in 2001 (n = 355) and 2002 
(n = 398), visiting each station twice during the 
breeding season, for a total of 1,506 point counts 
over the two-year period. 

At each count station, two observers simulta-
neously and independently conducted a point 

count using the variable circular-plot method 
(Reynolds et al. 1980). For each bird detected, 
each observer recorded on a map the species, 
radial distance to location of fi rst detection, time 
of detection (in 2002 only), number in group, 
mode of detection (i.e., song, call note, visual, 
or a combination), and direction of any move-
ments. A laser rangefi nder was used to improve 
estimates of distance, which were rounded to 
the nearest meter. Flyovers were recorded sepa-
rately and were not used for density estimation. 
Duration of count was 8 min to be consistent 
with other landbird studies conducted in south-
east Alaska (Dellasala et al. 1996). At the end 
of each count, observers discussed the results, 
making notes of birds detected by both observ-
ers and those detected by only one observer. At 
the end of the day, observers combined maps 
on a fi nal data sheet, noting which observer(s) 
detected each bird, and averaging estimated 
distances to birds detected by both observers. If 
an observer detected a bird and the bird moved 
to a new location, where it was detected by the 
other observer, both observers recorded the bird 
on the fi nal data sheet, but only the estimated 
distance to the initial location was retained. 

A�	��
��	� M�
��
�

We used four techniques to analyze data col-
lected on singing males for fi ve species: Pacifi c-
slope Flycatcher, Winter Wren, Golden-crowned 
Kinglet, Hermit Thrush, and Townsend’s Warbler 
(see Appendix 1 for scientifi c names). Analyses 
included all count stations in forested habitat.

Single-observer fi xed-radius.—We randomly 
selected one observer at each count station, trun-
cated the data at 50 m, and used that observer’s 
data in the single-observer fi xed-radius approach 
to estimate density of the fi ve selected species. 
Individual distance estimates were used to deter-
mine whether a bird was inside the 50-m radius. 
For each species, we calculated the mean number 
of detections for each observer, converted these to 
estimates, and then calculated a weighted mean 
density across all observers (n = 7; Cochran 1977). 
We computed a weighted sum of variances across 
all observers to obtain estimates of standard errors 
(Cochran 1977). 

Single-observer, variable circular-plot.—We ran-
domly selected one observer at each count sta-
tion and used the SOVCP technique with that 
observer’s data to estimate density of the fi ve 
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selected species. For data from each observer (n = 
7), we followed steps of analysis recommended 
by Buckland et al. (2001) to develop models of 
detection probability and estimate density; we 
then calculated a weighted mean and variance of 
density across observers for each species. 

We used DISTANCE, version 4.1, release 
2 (Research Unit for Wildlife Population 
Assessment, University of St. Andrews, Fife, 
United Kingdom; see Acknowledgments), to 
model the probability of detection and eff ec-
tive area sampled, assuming that g(0) = 1. 
Before model selection in DISTANCE, we fi � ed 
a plausible model to the data and truncated 
the data at a distance where detection prob-
ability fell below 10% (Buckland et al. 2001). 
Individual distance estimates, not averaged 
estimates, were used for estimating density. 
To improve model fi t, we grouped data into 
distance intervals for each species. We used 
Akaike’s Information Criterion (AIC) to select 
the hazard rate detection function with a cosine 
series expansion term to model g

ĳ 
(πr2) for each 

observer (i) and each species (j) (Buckland et al. 
2001). This model provided an estimate of (0), 
defi ned as the slope of the probability density 
function of detection distances evaluated at 
distance zero (Buckland et al. 1993, 2001), which 
we later used to calculate density of birds and 
associated variances. 

Double-observer fi xed-radius.—Following double-
observer fi xed-radius ana   lysis methods described 
by Nichols et al. (2000), we estimated density for 
each species and each observer pair (n = 12 pairs). 
We truncated all detections beyond 50 m and 
used DOBSERV (U.S. Geological Survey, Patuxent 
Wildlife Research Center, Laurel, Maryland; see 
Acknowledgments) to calculate the probability 
of detection and to estimate density. Primary and 
secondary observers were randomly assigned, 
and individual distance estimates were used for 
calculating density (as opposed to the averaged 
estimate). Density and associated variance esti-
mates for each species were weighted across all 
observer pairs (Cochran 1977).

Combination method: Paired-observer, variable 
circular-plot.—We combined distance-sampling 
theory with the double-observer technique to 
model the probability of detection and eff ective 
area sampled, applying a correction factor,  , 
to relax the assumption of perfect detection (p = 
1.0) at plot center. We estimated (0) using the 
same steps outlined above, except that averaged 

distance estimates were used instead of indi-
vidual estimates. Additionally, to account for 
birds missed at or near the plot center, we used 
a logistic function to model a correction factor, 

 , for each observer (i) and each species (j), 
given environmental conditions (z) (Borchers et 
al. 1998a). 

To estimate  , for each observer and spe-
cies, we fi rst used DISTANCE to determine the 
radius of “perfect” detection, that is, g(r) = 1. 
Distance-sampling theory states that detection 
should remain certain or nearly certain at small 
distances from the point (Buckland et al. 2001). 
We use the “shoulder” of the detection function 
to determine the radius of “perfect” detection 
for each observer and species. We then used 
data within this radius to model  using logis-
tic regression (Proc LOGISTIC; SAS Institute 
1999). To remove bias introduced by the regres-
sion, we used a bias-corrected logistic model 
proposed by Steinhorst and Samuel (1989) (Proc 
LOGISTIC). The modifi ed logistic function is

where θ = correction factor for observer i, 
species j, and covariates z; x = covariate vec-
tor;  = logistic regression coeffi  cients; and  = 
variance–covariance matrix of regression coef-
fi cients. Response variables were successes 
(detected) and failures (not detected) for each 
observer and species within the determined 
area of “perfect” detection (Borchers et al. 
1998a). We considered the following covari-
ates (z) to help explain the variability in detec-
tion probabilities at plot center: percentage of 
canopy cover (CC), percentage of shrub cover 
(SC), percentage of slope (SLP), wind (WIND), 
precipitation (PREC), and noise level (NSE). 
Covariates CC and SC were estimated visually 
in the fi eld within a 50-m radius of each count 
station, and SLP was measured using a clinom-
eter over a distance of 30 m. Covariates WIND 
and PRECIP were recorded using the Beaufort 
scale, and NSE (e.g., stream and surf noise) was 
recorded on a scale from 0 to 5. All covariates 
were evaluated as continuous variables. 

On the basis of our fi eld experience and knowl-
edge of southeast Alaska, we developed a set of 
fi ve candidate models that we used to model . 
Candidate models (G) included: G

FULL
 = CC, SC, 

SLP, WIND, PREC, NSE; G
SITE

 = CC, SC, SLP; 
G

ENV
 = WIND, PREC, NSE; and G

CANOPY
 = CC; 
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G
INTERCEPT

 = intercept-only model. We used the 
information-theoretic approach, based on AIC 
corrected for small sample sizes (AIC

c
),

 
to select 

the most parsimonious model (Burnham and 
Anderson 2002). We ranked the fi � ed models 
from best to worst, based on ∆AIC

c
 values, and 

calculated the weight of evidence (w
u
) to interpret 

the relative likelihood of each model (u) given 
the set of candidate models. If empirical evidence 
for selecting one “best” model was weak (∆AIC

c
 

< 2 and w
u
 ≤ 0.9), we used multimodel inference 

to estimate parameters and associated uncondi-
tional standard errors (Burnham and Anderson 
2002). We then used this estimated correction 
factor, , to estimate the density of birds.

We also used individual estimates of theta to 
illustrate diff erences in detection probabilities 
among survey methods. For each individual 
observer, we estimated the probability of detect-
ing each species at or near the point by averag-
ing the reciprocal of theta over all count stations 
where observer i was successful in detecting spe-
cies j, given the set of covariates. To estimate the 
probability of detection at or near the point for 
paired observers (i.e., probability that a bird is 
observed by at least one observer), we assumed 
that the probability of detection by each observer 
was independent (Borchers et al. 1998a):

Density estimates were obtained at each point 
k for each observer i and species j as follows:

where  = estimated bird density for observer 
i and species j at point k; (0) = estimate of the 
slope of the probability density function, esti-
mated at r = 0 ; q = total number of points k; and

 

the corrected number of birds for observer i, 
species j, point k, and covariates z.

Density estimates  were then averaged 
over both observers to estimate , the density of 
species j at point k, and then overall density was 
computed by averaging  across all points. 

Estimates of density have four sources of error 
that were evaluated as variance components: 
sampling error (S2

sampling
), error associated with 

estimating the eff ective area (S2
eff ective area per point

), 
visibility bias (S2

visibility
), and error associated 

with estimating the correction factors (S2
logistic 

model
) (Steinhorst and Samuel 1989). Variance was 

calculated generally as follows:S2
density

 = S2
sampling

 + 
S2

eff ective area per point
 + S2

visibility
 + S2

logistic model
. Each com-

ponent was estimated separately. Sampling vari-
ance was calculated as follows:

A weighted sampling variance by diff erent 
strata also could be calculated if a stratifi ed 
sampling design was used.

Variance associated with the eff ective area per 
point was estimated in DISTANCE as follows:

 
Variance associated with visibility bias was 
estimated from the correction factors for each 
observation (Steinhorst and Samuel 1989):

The model component of variance was 
estimated by including model selection uncer-
tainty (Burnham and Anderson 2002), with the 
model component of variance estimated from 
the regression coeffi  cients and the variance-
covariance matrix (Steinhorst and Samuel 1989):

where R = number of models u in the selection set; 
wu = AIC weight of model u; Gu = model u; and  = 
model averaged correction factor for probability 
of detection across all models in the selection set.
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Estimates of eff ective area surveyed.—Estimates 
of eff ective area surveyed, ν, diff ered among 
observers and species, and clearly showed that 
detectability declined with distance even within 
50 m of an observer. Estimates ranged from a 
low of 0.12 ha for Golden-crowned Kinglets 
detected by observer 2 to a high of 2.05 for 
Hermit Thrushes detected by the same observer 
(Table 1). Averaged across all seven observ-
ers, estimates of eff ective area surveyed (  ± 
SE) were most similar for Winter Wren (0.68 ± 
0.18) and Townsend’s Warbler (0.66 ± 0.15), and 
least similar for Hermit Thrush (1.78 ± 0.24) 
and Golden-crowned Kinglet (0.18 ± 0.05). 
Variability among observers’ estimates, as 
measured by the coeffi  cient of variation (Table 
1), was greatest for Golden-crowned Kinglet 
(31%) and Pacifi c-slope Flycatcher (30%); esti-
mates were most consistent among observers 
for Hermit Thrush (14%).

Estimates of detection probabilities for single 
observers at plot center.—Variability among 
observers in detection probabilities, as mea-
sured by coeffi  cient of variation, was great-
est (17%) for Hermit Thrush, with detection 
probabilities ranging from 0.60 to 1.00, and 
least (6%) for Winter Wren, which had much 
more consistent detection probabilities (range: 
0.82–0.99; Table 2). Variability of detection prob-
abilities among observers for Hermit Thrush 
was notable, because we suspected that this 
species would be easily detectable near the 
point. Relative variability among observers was 

inconsistent: one observer did not consistently 
perform be� er than the others. 

Averaged across all seven observers, detec-
tion probabilities at or near plot center for 
SOVCP counts were <0.92 for all fi ve species, 
violating the assumption that g(0) = 1 (Table 
2 and Fig. 1). Survey methods in which two 
observers counted simultaneously (i.e., double-
observer and POVCP) had detection prob-
abilities >0.93 for all fi ve species, resulting in an 
average increase of 8% (SE = 2.9) over estimates 
of detection probabilities of a single observer. 
Detection probabilities generated with the dou-
ble-observer and POVCP methods were compa-
rable (e.g.,  < 0.02) for all 
fi ve species; but generally, estimates were more 
precise using the double-observer method (Fig. 
1). Perfect detection at the plot center was never 
achieved for all observers, however, by any 
method.

Estimates of correction factors.—We developed 
logistic regression models to estimate correction 
factors ( ) to account for incomplete detection 
at the plot center for 32 of 35 combinations of 
observers and species (Appendix 2). In six cases 
(19%), the intercept-only model (G

INTERCEPT
) 

was selected as the single most-parsimonious 
model, indicating that none of the covariates 
we tested helped explain variability in detec-
tion of birds at the plot center for that observer. 
In one case (3%), a single model (G

SITE
) with the 

covariate for site characteristics was supported. 
In most (78%) of the cases, more than one model 
received substantial support (∆AIC

c
 < 2) and 

model-averaging was necessary. The model 

T	��� 1. Estimates of eff ective area surveyed (ha) for fi ve species by seven observers in old-growth 
forests in southeast Alaska, 2001–2002. Estimates were modeled using a hazard rate function and 
cosine series expansion term in DISTANCE. Note that a 50-m radius circle is ~0.78 ha. Number 
of detections is in parentheses. Mean ( ), standard error (SE), and coeffi  cient of variation (CV) of 
the seven observers’ estimates are summarized below the individual estimates.

 Pacifi c-slope   Golden-crowned  Townsend’s
Observer Flycatcher Winter Wren Kinglet Hermit Thrush Warbler

1 0.25 (208) 0.40 (255) 0.15 (81) 1.81 (99) 0.47 (138)
2 0.27 (217) 0.47 (250) 0.12 (70) 2.05 (105) 0.60 (137)
3 0.57 (212) 0.86 (231) 0.12 (94) 1.63 (121) 0.89 (142)
4 0.38 (452) 0.83 (336) 0.17 (131) 1.98 (181) 0.71 (251)
5 0.41 (229) 0.77 (199) 0.25 (56) 1.91 (111) 0.71 (162)
6 0.35 (217) 0.76 (149) 0.25 (60) 1.73 (98) 0.77 (113)
7 0.29 (209) 0.67 (149) 0.18 (38) 1.34 (109) 0.50 (104)

 ± SE 0.36 ± 0.11 0.68 ± 0.18 0.18 ± 0.05 1.78 ± 0.24 0.66 ± 0.15
CV (%) 30 26 31 14 23
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with detectability. Under the site condition 
model, G

SITE 
, probability of detection increased 

with increasing CC and SLP, but decreased with 
increasing SC. The full model, G

FULL 
, was never 

selected as the most parsimonious model. 
Density estimates.—Density estimates for all 

species were highest using the POVCP method 
and lowest using the single-observer fi xed-
radius approach (Table 3). POVCP estimates 
averaged 237% (range: 68–676%) more than 
single-observer fi xed-radius estimates, 7% 
(range: 1–12%) more than SOVCP estimates, 
and 94% (range: 3–310%) more than the double-
observer estimates. 

Density estimates varied considerably but 
consistently among analytical methods (Table 
3). Survey techniques that did not include dis-
tance sampling resulted in much lower density 
estimates unless the eff ective detection radius 
for a species, such as the Hermit Thrush, was 
>50 m (Tables 1 and 3). Estimates were most 
variable for species with small areas eff ectively 
surveyed, like Pacifi c-slope Flycatchers (range: 
1.17–3.78 singing males ha–1) and Golden-
crowned Kinglets (range: 0.38–2.94 singing 
males ha–1). Survey techniques that involved 
two observers generally resulted in more 
precise estimators of density than the same 
techniques with single observers. Standard 
errors of estimates using two observers never 
exceeded 0.07 singing males ha–1 (Table 3).

D���������

Density estimates are generally calculated 
by D = n(p × a)–1, with an inverse relationship 
between the number of birds counted (n) and 
both the probability of detection (p) and the 
eff ective area surveyed (a) (Lancia et al. 1994, 
Thomas et al. 2002). Failure to include correct 
estimates of p and a will lead to a biased density 
estimator. Our study demonstrates that three 

point-count techniques commonly used for sur-
veying birds, including single-observer fi xed-
radius counts, SOVCP, and double-observer 
fi xed-radius counts, consistently result in den-
sity estimates that are biased low compared 
with POVCP. All these estimators may be fur-
ther biased low if some portion of the popula-
tion is unavailable for detection with these 
methods (Laake and Borchers 2004), but the 
magnitude of availability bias could be deter-
mined only with some independent measure of 
true density. 

Not surprisingly, single-observer fi xed-
radius counts, which are not adjusted for either 
detection probability or eff ective area surveyed, 
produced the lowest estimate of density. It is 
incorrect to assume that probability of detec-
tion is 1.0 within a survey radius of 50 m for all 
observers, species, and habitats. The shortcom-
ings of unadjusted point counts have long been 
recognized (Barker and Sauer 1995, Rosenstock 
et al. 2002, Thompson 2002, Diefenbach et al. 
2003, Norvell et al. 2003, Farnsworth et al. 2005, 
and others), and our results further substanti-
ate recommendations to abandon their use for 
estimating densities of birds. 

The SOVCP technique explicitly measures 
eff ective area surveyed and includes an esti-
mator of detection probability; however, the 
assumption that probability of detection at or 
near the point is equal to 1 was in most cases 
incorrect for the species we studied in forests 
of southeast Alaska. The lowest estimate of 
probability of detection at or near the plot cen-
ter we recorded was 0.60 for a single observer 
counting Hermit Thrushes, a severe underesti-
mation. Although the assumption that g(0) = 1 
was violated in most cases, density estimates 
generated with the SOVCP approach were 
comparable to those generated with POVCP, 
and diff erences in the relative level of bias were 
low. We conclude that density estimators using 

T	��� 3. Density estimates for singing males ha–1 (mean ± SE) generated from four survey methods 
(for acronyms, see text) for fi ve bird species in old-growth forests in southeast Alaska, 2001–2002. 
Coeffi  cient of variation (%) is in parentheses. See Appendix 1 for sample sizes.

 Pacifi c-slope   Golden-crowned  Townsend’s
Observer Flycatcher Winter Wren Kinglet Hermit Thrush Warbler

Single-observer 1.17 ± 0.03 (3) 0.84 ± 0.12 (14) 0.38 ± 0.04 (11) 0.22 ± 0.03 (14) 0.64 ± 0.04 (6)
SOVCP 3.63 ± 0.33 (6) 1.70 ± 0.41 (24) 2.92 ± 0.86 (29) 0.31 ± 0.03 (10) 1.17 ± 0.13 (11)
Double-observer 1.85 ± 0.01 (1) 1.39 ± 0.01 (1) 0.72 ± 0.01 (1) 0.36 ± 0.01 (3) 1.05 ± 0.01 (1)
POVCP 3.78 ± 0.04 (1) 1.86 ± 0.03 (2) 2.94 ± 0.07 (2) 0.38 ± 0.05 (13) 1.27 ± 0.05 (4)
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SOVCP methods were generally robust to vio-
lations of the assumption of perfect detection 
at distance zero. Estimates generated using 
POVCP were much more precise, however, 
likely because they estimate the proportion of 
birds missed by each observer, than those esti-
mated with SOVCP methods. 

Diff erences in g(0) among observers and spe-
cies that we measured are consistent with fi nd-
ings from other studies (e.g., Laake et al. 1997, 
Laake 1999, Evans Mack et al. 2002, Farnsworth et 
al. 2002). Observer experience, a� entiveness, and 
hearing acuity are signifi cant factors aff ecting the 
ability to detect birds (Emlen and DeJong 1981). 
Covariates (other than observer and species) we 
considered in our study did not help to explain 
variability in detection probabilities. Modeling 
of the covariates is the most complicated step 
in analysis of POVCP data and, therefore, their 
seemingly insignifi cant value may not warrant 
the additional modeling eff ort. If the eff ect of 
covariates is expected to be negligible, the sim-
plest approach to analysis would be to estimate 
the proportion of birds missed by an observer 
within the “perfect” detection radius without 
considering additional explanatory variables. 
Detection probabilities could then be estimated 
using methods described in Nichols et al. (2000), 
but availability bias would remain problematic. 

The double-observer fi xed-radius approach 
produced comparable detection probabilities, 
but we found that it was incorrect to assume 
that the eff ective area surveyed was uniform 
for all observers and species. As a result, this 
density estimator was biased low except when 
the eff ective area surveyed was >50 m, as for the 
Hermit Thrush. For species that can be detected 
at long distances, density estimates using the 
double-observer approach and POVCP will 
likely be similar, with minor diff erences result-
ing from variation in the number of detections 
used in the two methods. Regardless, few 
species and observers will likely have perfect 
detection radii out to 50 m. Although a smaller 
fi xed radius could be used, too small a radius 
will unnecessarily decrease the number of birds 
included in the analysis.

A������� 
�� P	���
-��������, V	��	��� 
C�����	�-���
 T��������

A combination of double-observer and dis-
tance sampling proved valuable and practical 

for estimating detection probabilities and 
obtaining the least-biased density estimator. 
Survey techniques that involve paired observers 
off er several advantages. Inexperienced observ-
ers receive immediate feedback regarding 
count results, which improves their fi eld skills. 
Likewise, observers are motivated to remain 
a� entive and to sharpen bird-identifi cation and 
distance-estimation skills because they are con-
stantly being evaluated against their partner. 
Most importantly, estimates of detection prob-
abilities at or near the plot center are relatively 
high when paired observers independently and 
simultaneously conduct the point count. By 
estimating the detection probability at plot cen-
ter, as opposed to assuming perfect detection, 
g(r) can be rescaled to be 1 at the point (Williams 
et al. 2002). 

Although compliance with key assumptions 
can be evaluated to assess potential biases of the 
estimator, only a known benchmark of density 
(a virtual impossibility outside of small aviaries) 
will address all sources of bias, including avail-
ability bias. Without knowing true densities in 
our study area, we evaluated the adequacy of 
POVCP by measuring how closely key assump-
tions were satisfi ed. 

Assumption 1: Paired observers collect data 
independently.—During fi eld application, this 
assumption may be diffi  cult to achieve; how-
ever, with adequate training of observers, we 
are confi dent that observer independence can 
be obtained, and violation of this assumption 
will be rare. One observer may notice another 
observer focusing a� ention in one direction, 
prompting the former to focus his or her a� en-
tion in the same direction (Farnsworth et al. 
2005). Nichols et al. (2000) suggest encouraging 
observers to occasionally scribble on their data 
sheets to discourage observers from following 
cues provided by their partner. Laser rangefi nd-
ers are o� en used to aid in distance estimation, 
but can also cue observers. We recommend 
directing observers to estimate distance dur-
ing the count and verify their distance estimate 
using a laser rangefi nder a� er the count. In 
general, if bird density is high, observers will 
be more focused on recording bird activity dur-
ing the count and less distracted by the second 
observer. Therefore, independence between 
observers may be more diffi  cult to achieve in 
areas with low densities of birds. Educating 
observers on the assumptions of the method 
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will improve quality of the data and adequacy 
of this assumption of independence.

Assumption 2: Birds are detected at their initial 
location.—Distance-sampling methods assume 
that there is no random movement of birds 
during the count period or evasive movement 
of birds in response to the observer, and point-
transect sampling is less robust to object move-
ments than line-transect methods (Buckland 
et al. 2001). With longer count periods, there 
is increased potential for positive bias owing 
to random movement of birds (Buckland et al. 
2001), but shorter counts result in fewer detec-
tions. Observer disturbance can elicit two diff er-
ent behaviors: (1) birds are fl ushed from their 
initial location or (2) birds are motionless and 
secretive. Flushed birds can move either beyond 
the range of detectability, which can result 
in negative bias, or within the area of detect-
ability, which can result in double-counting of 
birds. Roeder et al. (1987) showed that variable 
circular-plot methods could provide reasonable 
results in the presence of moderate (~10 m) 
amounts of bird disturbance, but results were 
much more sensitive to hidden birds than to 
fl ushed birds. If birds hide from detection by 
observers, the density estimator will be biased 
low. 

Detection of birds at their initial location is 
the most difficult assumption to meet when 
using distance-sampling methods, because 
it is difficult to measure. Length of counts 
should be short enough to minimize random 
movements of birds, but long enough to 
accumulate a sufficient number of detections. 
Although length of count (8 min) in the pres-
ent study was relatively long compared with 
the “snapshot” approach (Buckland et al. 
2001), naturally low densities of birds in our 
study area allowed observers to concentrate on 
any major movements made during the count 
period, and most smaller movements, while 
undetected, were unlikely to affect estimates 
of density. A longer waiting period before the 
count may address issues of responsive move-
ment; but also, observers in the field must be 
alert and attentive when approaching the point 
to minimize disturbance of birds. Birds that 
are flushed by the observer while approach-
ing the count station should be recorded as if 
they were detected during the count period. 
Thompson et al. (1998) suggested using dis-
tance categories that are large enough to allow 

for responsive movement, but small enough to 
have a minimum of five distance categories. 
We agree with Buckland et al. (2001) to record 
exact distances and assign distance categories 
at the analysis stage, at which time intervals 
can be adjusted to accommodate responsive 
movements.

Assumption 3: Distance is measured without 
error.—In the dense forests of southeast 
Alaska, most birds are detected aurally and 
distance estimation can be difficult, but exten-
sive training and use of laser rangefinders can 
help observers meet this assumption. Scott et 
al. (1981) provided several suggestions for 
minimizing measurement errors. It should be 
emphasized to all observers that detections 
close to the point are most important and their 
attention should be focused on the immedi-
ate surrounding area (Scott et al. 1981). The 
POVCP technique averages distances to birds 
detected by both observers, which results in 
a more precise distance estimate, provided 
that the estimates are unbiased. Additionally, 
distance estimation skills for all observers are 
continually refined and calibrated using the 
POVCP approach. More experienced observers 
are better prepared for methods that involve 
distance sampling, because they are more 
knowledgeable about bird behavior and song. 

In the present study, distance to each bird 
was estimated to the nearest meter. Although 
it may seem unreasonable to make such exact 
estimates, this level of resolution allowed for 
a more meaningful exploratory analysis. The 
fl exibility in assigning distance categories a 
posteriori maximized model fi t. We believe that 
accurate distance estimation is possible with 
well-trained observers. To illustrate this point, 
we examined the variation in distance estimates 
when both observers detected the same bird. 
Overall, paired distance estimates were within 
8.7 ± 0.3 m (n = 1,070) of each other. We fur-
ther evaluated the precision of paired distance 
estimates using six distance categories (0–10, 
11–20, 21–30, 31–40, 41–50, ≥51 m). Not sur-
prisingly, precision decreased with increasing 
distance from plot center (0–10 m: 2.6 ± 0.4, n = 
57; 11–20 m: 5.5 ± 0.3, n = 209; 21–30 m: 6.9 ± 0.4, 
n = 242; 31–40 m: 7.6 ± 0.4, n = 218; 41–50 m: 9.4 ± 
0.6, n = 159; ≥51 m: 17.6 ± 1.6, n = 185). Despite 
the variability in estimates as distance from plot 
center increased, we suggest that observers 
record exact distances, allowing for  evaluation 
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of assumptions and fl exibility during analysis 
(Norvell et al. 2003). If distance categories are 
desired, our data show that 10-m intervals are 
reasonable, at least within 50 m of plot center. 
Given the high level of agreement between 
observers’ estimates, we would expect that 
accuracy would be similarly high, though that 
would need to be tested explicitly for birds at 
known distances.

Assumption 4: Independent observers’ data are 
correctly combined.—Among the greater chal-
lenges when applying the POVCP technique 
is combining observers’ data and correctly 
identifying birds detected by one observer only 
and birds detected by both observers. Because 
birds detected by one observer but not the other 
provide information about the detection proba-
bility of each observer, violation of this assump-
tion could introduce serious diffi  culties for 
estimating detection probabilities and densities. 
To minimize this problem, observers recorded 
time and movements of birds detected during 
the count period, were encouraged to discuss 
detections a� er the count, and noted any dis-
crepancies between observers. Recording of 
movements and time of detections allowed 
observers to determine the bird’s location when 
fi rst detected (Assumption 2).

Although we took precautions, this assump-
tion may have been violated. By far, the birds 
most diffi  cult for us to reconcile were the 
Hermit Thrushes. The ventriloqual voice of a 
Hermit Thrush resonates throughout the forest, 
making it diffi  cult to determine the direction 
and distance from which the bird is singing. 
Occasionally, when the count period ended, 
both observers agreed on the species and num-
ber of birds detected but not on the direction. 
DeSante (1986) noted the same problem for 
estimating density of species with ventriloqual 
voices using distance-sampling methods. We 
a� ributed much of the observer variability in 
Hermit Thrush detection probabilities to this 
phenomenon. Several measures can be taken 
to minimize this problem: (1) observers should 
be encouraged to use techniques to determine 
directionality, such as covering one ear and 
carefully listening for birds in the presumed 
direction; (2) observers should record time of 
detection for each bird; and (3) at the end of the 
count period, observers should compare data 
sheets and resolve any ambiguities related to 
particular detections. 

Bird densities in the forests of southeast 
Alaska are relatively low compared with regions 
in lower latitudes of North America, where it 
may be harder for observers to decide whether 
the birds detected were the same or diff erent. 
A shorter count period would likely reduce 
any problems when combining both observers’ 
data, but would also result in fewer detections. 
Carefully trained and experienced observers 
can minimize the likelihood of incorrectly com-
bining data from both observers, but we believe 
that the POVCP method will be more diffi  cult to 
implement in areas with a high density of birds 
unless creative approaches are used. 

Assumption 5: An observer’s detection probabil-
ity does not change according to the identity of the 
other observer conducting the count.—Observers 
have diff erent abilities to hear birds at diff erent 
distances. If a bird was detected by one observer 
and not by the other, we assumed that the bird 
was detectable by both observers, which may 
have been a spurious assumption. This problem 
is not unique to this survey technique; all sam-
pling that involves two observers assumes that 
all birds used in the analysis were potentially 
detectable by both observers present at the 
count station (Nichols et al. 2000). Truncation 
of the data at a specifi ed distance minimizes 
this problem but does not eliminate it. To avoid 
violation of this assumption, alternate observ-
ers should be paired with diff erent observers 
when feasible. This, of course, is possible only 
if the study is designed to use more than two 
observers.
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Although the density estimator of the 
POVCP method appeared to be the least biased, 
there are limitations to this survey technique. 
Farnsworth et al. (2005) described two compo-
nents of detection probability: P

a
 is the probabil-

ity that a bird vocalizes during a count, and P
b
 is 

the probability that this vocalization is detected 
by an observer. Marsh and Sinclair (1989) used 
the terms “availability bias” and “perception 
bias” to describe eff ects of P

a
 and P

b 
, respec-

tively. The POVCP technique addresses P
b
 but 

fails to account for P
a 
, or availability bias, which 

can be a substantial source of bias that may be 
much larger than perception bias (Laake and 
Borchers 2004). Estimation of P

a
 can be diffi  cult 
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and expensive, usually requiring marked ani-
mals (see Laake and Borchers 2004). Farnsworth 
et al. (2002) suggested the use of temporal 
removal methods for estimating P

a 
; however, 

these methods require longer counts, which 
may result in a positive bias because of birds 
moving into the detection radius, violating the 
assumption that birds are detected at their ini-
tial locations. All survey methods examined in 
our study, including POVCP, fail to account for 
availability bias; POVCP only estimates P

b 
, or 

the probability that—because of environmental 
conditions, fatigue, or other such factors—an 
observer overlooks birds that are otherwise 
detectable. 

If the magnitude of availability bias is high, 
the variance estimator can also be biased. For 
example, a survey method may eff ectively detect 
nearly all the individuals “available” for detec-
tion given the survey method, resulting in counts 
that are very close. However, if availability bias 
is high, density estimators may be very precise 
but inaccurate. Again, we are unable to assess 
the potential bias of the variance estimator of 
POVCP without a known benchmark of density. 

The POVCP technique requires two skilled 
observers to be present at each count sta-
tion, which potentially increases survey costs. 
However, in areas like southeast Alaska, where 
two people are required to be present because 
of safety concerns, the POVCP technique off ers 
an improvement over existing methods without 
adding signifi cant cost. To reduce costs, correc-
tion factors can be calculated using a portion of 
count stations, assuming that an observer’s abil-
ity does not change over time and that similar 
habitats are surveyed. If correction factors are 
reapplied, we suggest occasionally refi ning the 
estimates to ensure their accuracy.

Analyzing data collected using the POVCP 
method is more complex than analyzing data 
collected with other methods. Modeling cor-
rection factors for each species and observer 
given certain environmental conditions is time-
consuming and requires statistical expertise. 
The major advantage of POVCP over other 
methods we examined in the present study was 
a gain in precision of the density estimates, but 
clearly this method requires the most compli-
cated analysis. Therefore, project objectives 
should necessitate precise density estimates 
to warrant the increased complexity and time 
required to implement POVCP. 

R�������
	
����

Point-count surveys are an effi  cient, cost-
eff ective technique for estimating abundance 
of land birds, but a minimally biased estima-
tor is essential for addressing management 
concerns, providing a basis for monitoring, and 
testing scientifi c hypotheses. Survey methods 
are o� en driven by the goals and objectives of 
the project, but quality and reliability of data 
should be maximized. For point-count surveys, 
techniques must include ways to estimate both 
detection probabilities and the eff ective area 
sampled. 

We recommend using the POVCP technique 
described here to estimate detection prob-
abilities and density, particularly when precise 
density estimates are necessitated, such as 
with species or habitats of concern, threatened 
or endangered species, or species diffi  cult to 
detect. This survey method performed well in 
the dense forests of southeast Alaska, providing 
precise density estimates of breeding songbirds. 
The SOVCP method also performed well and 
appeared to be robust to violations of assump-
tions. We conclude that either of these methods 
is an adequate survey method for estimating 
detection probabilities and density, but if proj-
ect goals require precise estimates of density, 
the POVCP method is preferred. 

If POVCP is applied, precautions must be 
taken to meet all assumptions. In general, we 
recommend the following guidelines for devel-
oping new survey protocols that involve dis-
tance sampling and double-observer sampling 
methods. (1) Estimate the exact distance to each 
bird. If this task is too daunting, we recommend 
using distance intervals of 10 m. (2) Intensively 
train observers. A rigorous training program 
should include fi eld exercises, information 
about the theory of distance estimation, discus-
sion of potential biases in the fi eld, and a clear 
explanation of the assumptions (see Kepler and 
Sco�  [1981] and Sco�  et al. [1986] for specifi c rec-
ommendations regarding training programs). 
Observers should practice distance estimation 
in all habitats scheduled for survey. A prepared 
and well-trained observer will have the skills 
and knowledge to make good decisions. 

We strongly agree with others that the use of 
unadjusted point counts is unacceptable in light 
of recent methodological advances (Rosenstock 
et al. 2002, Thompson 2002, Norvell et al. 2003, 
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Farnsworth et al. 2005). Combining SOVCP 
or POVCP with temporal removal methods 
(Farnsworth et al. 2002) holds promise for fur-
ther reducing bias and providing more accurate 
and repeatable estimates of abundance. By 
increasing the reliability of density estimates, 
such model-based techniques will not only 
improve our scientifi c knowledge of birds, but 
will also aid in making more informed decisions 
about conservation and land management. 
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A����
�# 2. Logistic models explaining variation in detectability within the perfect detection radius 
of fi ve bird species. Models are listed in order of ∆AIC

c 
, and only those models with strong 

support (∆AIC
c
 ≤ 2) are shown.

  “Perfect”
  detection
  radius   Explanatory  AIC

c

Species (j) Observer (i)   (m) n a Model (u)  variables b (z) ∆AIC
c 

weight

Pacifi c-slope Flycatcher 1 c 14 42 G
CANOPY

 CC 0 0.40
    G

INTERCEPT
 – 0.80 0.27

 2 c 16 60 G
ENV

 PREC, WIND, NSE 0 0.42
    G

INTERCEPT
 – 0.18 0.39

 3 c 31 152 G
INTERCEPT

 – 0 0.62
    G

CANOPY
 CC 1.61 0.28

 4 c 16 84 G
INTERCEPT

 – 0 0.62
    G

CANOPY
 CC 1.79 0.25

 5 c 17 55 G
CANOPY

 CC 0 0.52

Appendix 1. Total number of detections by species and survey method.

 Number of detections

  Single-  Double-
Common name Scientifi c name observer a SOVCP b observer a POVCP b

Pacifi c-slope Flycatcher Empidonax diffi  cilis 883 986 1,129 1,744
Winter Wren Troglodytes troglodytes 631 950 894 1,569
Golden-crowned Kinglet Regulus satrapa 286 299 371 530
Hermit Thrush Catharus gu� atus 168 511 240 824
Townsend’s Warbler Dendroica townsendi 480 607 649 1,047

a 50-m fi xed radius.
b Unlimited radius.
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A����
�# 2. Continued.

  “Perfect”
  detection
  radius   Explanatory  AIC

c

Species (j) Observer (i)   (m) n a Model (u)  variables b (z) ∆AIC
c 

weight

Pacifi c-slope Flycatcher    G
INTERCEPT

 – 1.81 0.45
 6 c 21 94 G

INTERCEPT
 – 0 0.50

    G
CANOPY

 CC 0.33 0.45
 7 c 15 50 G

CANOPY
 CC 0 0.62

    G
INTERCEPT

 – 1.67 0.27

Winter Wren 1 c 16 39 G
INTERCEPT

 – 0 0.51
    G

CANOPY
 CC 1.00 0.31

 2 c 20 85 G
CANOPY

 CC 0 0.45
    G

INTERCEPT
 – 0.13 0.42

 3 c 19 20 G
CANOPY

 CC 0 0.44
    G

INTERCEPT
 – 0.09 0.42

 4 c 25 96 G
INTERCEPT

 – 0 0.57
    G

CANOPY
 CC 1.16 0.32

 5 23 56 G
INTERCEPT

 – 0 0.91
 6 c 18 18 G

INTERCEPT
 – 0 0.50

    G
CANOPY

 CC 0.21 0.45
 7 22 41 G

CANOPY
 CC 0 0.79

Golden-crowned Kinglet 1 12 48 G
CANOPY

 CC 0 0.74
 2 c 12 45 G

INTERCEPT
 – 0 0.66

    G
CANOPY

 CC 1.93 0.25
 3 1 1  NO MODEL d 
 4 c 12 111 G

CANOPY
 CC 0 0.27

    G
ENV

 PREC, WIND, NSE 0.01 0.27
    G

INTERCEPT
 - 0.33 0.23

 5 c 25 101 G
INTERCEPT

 – 0 0.42
    G

ENV
 PREC, WIND, NSE 0.61 0.31

    G
CANOPY

 CC 1.63 0.19
 6 c 20 80 G

INTERCEPT
 – 0 0.48

    G
CANOPY

 CC 0.45 0.38
 7 c 18 78 G

CANOPY
 CC 0 0.42

    G
INTERCEPT

 – 0.03 0.41

Hermit Thrush 1 40 33 G
SITE

 CC, SC, SLP 0 0.83
 2 51 54 G

CANOPY
 CC 0 0.77

 3 22 14  NO MODEL d 
 4 c 40 67 G

INTERCEPT
 – 0 0.67

    G
CANOPY

 CC 1.92 0.26
 5 50 52 G

CANOPY
 CC 0 0.84

 6 57 72 G
INTERCEPT

 – 0 0.76
 7 40 38 G

INTERCEPT
 – 0 0.84

       
Townsend’s Warbler 1 13 9  NO MODEL d 
 2 c 23 52 G

INTERCEPT
 – 0 0.50

    G
CANOPY

 CC 1.23 0.27
 3 19 18 G

INTERCEPT
 – 0 0.74
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A����
�# 2. Continued.

  “Perfect”
  detection
  radius   Explanatory  AIC

c

Species (j) Observer (i)   (m) n a Model (u)  variables b (z) ∆AIC
c 

weight

Townsend’s Warbler 4 c 31 137 G
INTERCEPT

 – 0 0.49
    G

SITE
 CC, SC, SLP 1.51 0.23

    G
CANOPY

 CC 1.87 0.19
 5 30 73 G

CANOPY
 CC 0 0.78

 6 c 36 86 G
ENV

 PREC, WIND, NSE 0 0.62
    G

INTERCEPT
 – 1.95 0.23

 7 c 28 66 G
INTERCEPT

 – 0 0.42
    G

SITE
 CC, SC, SLP 0.70 0.30

    G
CANOPY

 CC 1.74 0.18
a Number of detections within the “perfect” detection radius.
b Abbreviations: CC = percentage of canopy cover, SC = percentage of shrub cover, SLP = percentage of slope, WIND = wind 

intensity, PREC = precipitation level, NSE = noise intensity.
c Multimodel inference was used to calculate a model-averaged estimator because ∆AIC

c
 ≤ 2.

d Observer detected all birds within the “perfect” detection radius; therefore, a correction factor was not modeled.




