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A .—Point counts are commonly used to obtain indices of bird population
abundance. We present an independent-observer point-count method, a generalization of the dependent-observer approach, based on closed-population capture–
recapture methods. The approach can incorporate individual covariates, such as
detection distance, to account for individual diﬀerences in detection probabilities
associated with measurable sources of variation. We demonstrate a negative bias
in two-observer estimates by comparing abundance estimates from two- and fourobserver point counts. Models incorporating data from four independent observers
were capable of accounting for this bias. Modeling individual bird diﬀerences in
detection probabilities produced abundance estimates 15–21% higher than models
that did not account for individual diﬀerences, in four out of ﬁve data sets analyzed.
Although independent-observer methods are expensive and impractical for largescale applications, we believe they can provide important insights into the sources
and degree of perception bias (i.e., probability of detecting an individual, given that
it is available for detection) in avian point-count estimates. Therefore, they may
be useful in a two-stage sampling framework to calibrate larger surveys based on
single-observer estimates. Received 20 July 2004, accepted 5 January 2006.
Key words: bird surveys, capture–recapture, detection probability, multiple
observer, point counts.

Estimación de Probabilidades de Detección a Partir de Conteos en Puntos Hechos por
Varios Observadores
R .—Los conteos en puntos son empleados comúnmente para obtener índices
de la abundancia de las poblaciones de aves. En este estudio presentamos un método
de conteo en puntos para observadores independientes el cual es una generalización
del enfoque de observadores dependientes basada en métodos de captura-recaptura
para poblaciones cerradas. El enfoque puede incorporar covariables (ej. la distancia
de detección) para tener en cuenta las diferencias en las probabilidades de detección
entre individuos asociadas con fuentes de variación medibles. Comparando conteos
hechos por dos y por cuatro observadores, demostramos que existe un sesgo negativo
en los parámetros estimados con base en datos de dos observadores. Los modelos que
incorporaban datos de cuatro observadores independientes tuvieron la habilidad de
corregir este sesgo. En cuatro de los cinco conjuntos de datos analizados, al modelar
las diferencias en las probabilidades de detección de las aves se obtuvieron parametros
estimados de 15 a 21% mayores que los obtenidos mediante modelos que no tuvieron
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en cuenta las diferencias individuales. Aunque los métodos que emplean observadores
independientes son costosos y poco prácticos para aplicaciones a gran escala, creemos
que éstos pueden proveer información importante para los parámetros estimados con
base en conteos en puntos en cuanto a las fuentes que causan el sesgo de percepción
(i.e., la probabilidad de detectar un individuo, dado que está disponible para ser
detectado) y en cuanto a la magnitud de éste. Por lo tanto, estos métodos podrían
ser de utilidad si se incorporan en diseños con muestreos en dos etapas para calibrar
censos más amplios basados en parámetros estimados a partir de censos hechos por
un solo observador.

P      used extensively as indices
of bird diversity and abundance, and to assess
habitat relationships and population response to
environmental change or management (Ralph et
al. 1995b, Thompson 2002). They are used across
a spectrum of scales, from long-term continentalscale surveys such as the Breeding Bird Survey
(Robbins et al. 1986, Sauer et al. 1997) to shortterm site-speciﬁc studies (Ralph et al. 1995b).
There are fundamentally two approaches to
abundance estimation using count data. The ﬁrst
approach generates an abundance index using
a standardized approach to control for known
sources of bias (e.g., weather, observer skill,
time of day and season; Conroy 1996, Sauer et al.
1997, Williams et al. 2002). Comparisons of index
counts across space require the assumption that
the probability of detection is similar across sites,
and comparisons of counts across time assume
there is no systematic trend in detection rates over
time. Assumptions of constant detection probability have long been questioned (Burnham 1981,
Wilson and Bart 1985, Barker and Sauer 1995,
Johnson 1995). The second approach uses statistical methods that estimate detection probabilities
for various covariates, such as species, observers,
and habitats (Nichols et al. 2000, Farnsworth et
al. 2002, Rosenstock et al. 2002, Thompson 2002).
Estimated detection probabilities are used to
reduce the bias of unadjusted counts. For a complete discussion of the approaches to point-count
surveys and the need to account for detection
probabilities, see Thompson (2002).
The probability of detection has two components (Marsh and Sinclair 1989): the probability of
being available for detection ( ; i.e., if detections
are auditory, the probability that a bird sings
during the count interval) and the probability
of detecting a bird, given that it is available ( ).
As with many of the other methods for estimating abundance, the multiple-observer method
only estimates the probability of detection given

that an individual is available. For auditory
point counts, this means that birds must sing
during the count to be detected. Availability
can be estimated, but most abundance estimates
assume that all birds present at the point have
some chance of detection during the count.
Conducting surveys early in the breeding season, when singing rates are high, is one way to
reduce bias associated with availability.
Here, we focus on multiple-observer methods
of estimating detection probabilities from pointcount surveys where detections are primarily
auditory. Nichols et al. (2000) suggested that, if it
were possible to maintain independence among
observers, a completely independent-observer
approach would provide more modeling ﬂexibility and beneﬁts over their dependent-observer
approach.
Because
independent-observer
approaches apply closed-population capture–
recapture models, they are more eﬃcient
(smaller variance) than the dependent-observer
approaches (Alldredge 2004), which rely on
removal models (Seber 1982).
The standard multiple-observer point-count
methods do not allow for diﬀerences in detection probabilities among birds, which is a very
limiting assumption. For example, it is likely that
detection probabilities decrease with increasing distance from the observer (Buckland et al.
2001). To meet the constant-detection-probability
assumption with the multiple-observer method
in this situation would require using a limitedradius point count. Of course, there are many
sources of variation other than distance that
would cause detection probabilities to diﬀer
among individual birds.
Among the key developments that we present are models that incorporate individual
diﬀerences (heterogeneity) in detection probabilities. Individual heterogeneity indicates
that each individual in the population has a
possible unique capture (detection) probability.
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Accounting for individual heterogeneity is
important, because ignoring it will cause a
negative bias in population estimates resulting
from a positive bias in detection probability
estimates (White et al. 1982, Johnson et al. 1986,
Williams et al. 2002).
We ﬁrst used covariate models (Johnson et al.
1986) to account for observable or measurable
individual diﬀerences in detection probability
(observable heterogeneity). These models are
important because the covariates associated
with diﬀerences in detection probabilities oen
have biological explanations. The signiﬁcance
of covariates can be tested using model selection procedures (Burnham and Anderson 2002).
Detection distance (Buckland et al. 2001), habitat
diﬀerences (Nichols et al. 2000), and singing rate
(Wilson and Bart 1985, McShea and Rappole
1997) are examples of measurable covariates that
may cause variations in detection probabilities.
Unfortunately, there are factors that cannot
be observed or measured during point counts
that may also aﬀect detection probabilities. The
second set of models that we use account for
unobservable or unmeasurable individual differences in detection probability (unobservable
heterogeneity). These factors include variation
associated with age, social status, innate levels
of activity, physical condition, and genetic factors. Because it is not possible to control for
unobservable sources of variation that aﬀect
count data (Burnham 1981, Johnson 1995), models that incorporate these unobservable sources
of heterogeneity are potentially very useful.
Our objectives here are (1) to describe an
independent-observer method for two observers, providing an example that illustrates the
use of covariates for estimating detection probabilities, and (2) to present a more general model
using four independent observers that allows
for observable and unobservable individual
heterogeneity, providing an example using twopoint ﬁnite-mixture models of heterogeneity.
We separated the independent-observer models
for two observers from the models using four
independent observers to illustrate the eﬀect
of heterogeneity on detection probabilities and
population estimates.
M 
Field methods and data.—Example analyses
are based on 70 point counts conducted by four
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observers along low-use hiking trails in Great
Smoky Mountains National Park during June
1999. All observers had been conducting point
counts on the study site for the previous six
weeks, during which their identiﬁcation and
distance-estimation skills were periodically validated. Before each count, observers estimated
a 50-m-radius circle using a laser rangeﬁnder;
they began the count immediately thereaer.
Observers conducted variable circular-plot 3min point counts (Reynolds et al. 1980) between
dawn and 1015 hours, only in good weather (no
rain or excessive wind), which is consistent with
the recommendations for point-count methodology detailed by Ralph et al. (1995a). During each
3-min count, observers recorded bird detections
on an unlimited-radius plot, mapping the locations of all detections. Points were spaced a
minimum of 250 m apart, and the location and
movement of all individual birds detected were
mapped to avoid double counting.
Observers were instructed to conduct their
counts independently of the other observers,
not looking at the other observers or keying in
on their movements. Observers were spaced out
around the point so that they could not see each
other’s data sheets. Most (>95%) of observations
were auditory, so cues from other observers were
minimal. Birds were also abundant in this area
(>10 observations per point), so observers had
lile opportunity to cue oﬀ of each other. Because
of these factors, we are conﬁdent that the independence assumption was met for this survey.
Following each count, observers compared
their data sheets to determine the total number of
birds detected and match birds seen in common.
Detection histories for each bird are based on
these matches. There are three observable detection histories for a two-independent-observer
point count (detected only by observer 1, detected
only by observer 2, or detected by both observers). Similarly, there are 15 observable detection
histories for four independent observers.
We used the ﬁrst two observers from the
full four-observer data set to construct twoobserver data sets. Two-observer analyses were
also done for the other two observers to conﬁrm
consistency, but these data are not presented.
For illustrative purposes, we present analyses,
using both two-observer and four-observer
methods, for ﬁve species: Blue-headed Vireo
(Vireo solitarius), Red-eyed Vireo (V. olivaceus),
Tued Titmouse (Baeolophus bicolor), Ovenbird
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(Seiurus aurocapilla), and Scarlet Tanager (Piranga
olivacea). The two vireo species are analyzed as
a group because their songs are similar and we
believe that identiﬁcation errors between these
two species are likely. All data were truncated
by discarding 10% of the largest detection distances for each species. This gives a reference
distance that can be used for density estimation
and ensures a nonzero probability of detection
for all birds across all four observers.
Two independent observer models.—Data for
two independent observers are analyzed using
Lincoln-Petersen closed-population capture–
recapture models (Otis et al. 1978, Seber 1982).
Relevant capture–recapture models for these
data are model M0 (equal detection probability
between observers) and model Mobs (unequal
detection probability between observers; Mt
of Otis et al. [1978]). See Otis et al. (1978) and
White et al. (1982) for a description of these
capture–recapture models.
The assumptions of the independent-observer
models are (1) that observations among observers are independent, (2) that counts within
ﬁxed-radius plots are accurate, (3) that assignments of detection histories x11, x10, and x01 are
accurate (i.e., there are no matching errors), (4)
that the detection probability for each species
is constant for each observer, and (5) that there
is no undetected movement into or out of the
ﬁxed-radius plot.
Models incorporating detection distance and
other covariates require conditioning the probability of detecting a bird on both availability
and the individual covariates. Probability of
detection by observer j, given availability for an
individual i, can be represented as a function of
a covariate:
Logit(pĳ) = aj + βjδ(ri)

(1)

where αj is the intercept, βj is the slope, and δ(ri)
is a function of the covariate (such as detection
distance). Using detection distance as a covariate allows for four additional models: model
(equal intercept and slope terms between
observers), model
(equal intercept between
observers but diﬀerent slope), model
(unequal intercept between observers but similar slope), and model
(unequal intercept
and slope between observers).
When covariates are included in the model,
it is necessary to use the generalized Horvitz-
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Thompson (Horvitz and Thompson 1952) estimator of population size (Huggins 1989, 1991;
Alho 1990):

(2)
where n is the number of birds detected and pi is
the detection probability of an individual bird.
The program MARK (White and Burnham 1999)
provides the Horvitz-Thompson estimate of
population size as a “derived parameter,” when
using the “Huggins closed captures” data type.
Two-observer data sets were analyzed using
MARK with the Huggins closed captures
data type. The a priori set of candidate models
included the six models previously discussed for
two-observer data. The most parsimonious models were selected using second-order Akaike’s
Information Criterion (AICc), an informationtheoretic approach with an adjustment for small
sample size (Burnham and Anderson 2002).
Four or more independent observer models.—
When four or more sampling periods (in our
case, observers) are used in closed capture–
recapture experiments, there are conceptually
eight models available for analysis (Otis et al.
1978, Pollock et al. 1990, Williams et al. 2002).
Only four of these are reasonable models for
independent-observer point-count data: M0
(equal capture probability), Mobs (observer
variation in capture probability), Mh (individual
capture heterogeneity), Mobs,h (observer variation and individual capture heterogeneity).
Behavioral response models (Otis et al.
1978) are probably not relevant to analysis
of independent-observer point-count data. A
behavioral response is a response by an individual to capture (in our case, detection) that
makes it either more or less likely to be captured aer ﬁrst capture. Because observations
on point counts are done simultaneously and
independently, we assume that detections by
one observer do not aﬀect detections of other
observers.
The general assumptions for the fourindependent-observer models are the same,
except that the assumption of constant detection
probability among individuals is no longer necessary because individual diﬀerences among
birds can be modeled with data from four or
more observers. Using three observers may provide more precise estimates than two observers,
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but it does not provide the data necessary to ﬁt
the heterogeneity models.
Diﬀerent models reﬂect diﬀerent assumptions about the sources of variability in the data.
Model M0 has the most restrictive assumptions,
requiring that the probability of detection is the
same for all individuals in the population and
that there are no diﬀerences among observers
in their ability to detect individuals. Model Mobs
is less restrictive, in that it allows for diﬀerences
among observers but still requires an assumption
that all individuals in the population have equal
detection probabilities for a given observer.
Model Mh allows for heterogeneity in detection probabilities of individual birds but no
observer diﬀerences. Model Mobs,h provides
for both observer diﬀerences and heterogeneity in the detection probabilities of individual
birds. Three estimators are available to estimate
abundance in the presence of individual heterogeneity. The jackknife estimator for model Mh
(Burnham and Overton 1978, 1979) and Chao’s
estimator for model Mh and model Mobs,h (Chao
and Lee 1992, Chao et al. 1992) can be run using
the program CAPTURE (see Acknowledgments),
but not with MARK. The alternative likelihoodbased approach involves ﬁnite-mixture models of
heterogeneity (Norris and Pollock 1996, Pledger
2000), which can be parameterized in MARK and
can include individual covariates. We use the
notation Mxh for the ﬁnite-mixture models, where
x is the number of mixtures in the model.
Incorporating observable individual heterogeneity into the independent-observer models
using covariates with four or more observers is
identical to the procedure described above for
the two-observer situation using the generalized Horvitz-Thompson estimator.
We modeled the four-observer data sets using
the same six models used for the two-observer
data sets and also incorporated the heterogeneity
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models. We ran the jackknife and Chao estimators of the capture–recapture heterogeneity
model (Mh) using CAPTURE, and we ran the
ﬁnite-mixture heterogeneity models in MARK.
In all cases, the three methods gave similar estimates. The estimates from the two-point mixture
models (M2h and Mobs,2h) are reported because
model selection is based on AIC criteria from
the entire suite of models, including those with
detection-distance covariates.
R
Two-independent-observer examples.—The total
number of birds detected ranged from 31
(Tued Titmouse) to 89 (vireos) for the twoobserver data sets. The AICc scores selected
either model M0 or model
for all data sets
(Table 1). When model M0 was selected, model
was always a reasonable alternative model,
judging from diﬀerences in AICc (∆AICc < 2). By
contrast, when model
was selected, model
M0 was not necessarily a reasonable alternative
model (e.g., with Ovenbirds; Table 1).
Model M0 detection probabilities for individual observers was high, ranging from 0.77 (Scarlet
Tanager and vireos) to 0.90 (Ovenbird) (Table
2). Population estimates were similar between
models M0 and
. Standard errors were small
because of high detection probabilities.
Four-independent-observer examples.—Raw counts
from the four-observer data (Table 3) were higher
than those from the two-observer abundance
estimates (Table 2), which suggests individual
heterogeneity in detection probabilities for all
species. Model Mh (jackknife estimator) was
selected as the most parsimonious model for
all four data sets using CAPTURE. A two-point
mixture model for model Mh was selected as the
most parsimonious model for all data sets, except
the Ovenbird data set, using MARK (Table 4).

T 1. ∆AICc values for two-independent-observer data sets using all six candidate models (see
text). Smaller ∆AICc values indicate more parsimonious models, with 0 indicating the selected
model. AICc weights are in parentheses.
Models
Species
Ovenbird
Tanager
Titmouse
Vireo

M0

Mobs

5.93 (0.03)
0 (0.40)
0 (0.33)
0 (0.33)

7.91 (0.01)
2.03 (0.15)
2.14 (0.11)
1.77 (0.14)

0 (0.65)
1.06 (0.24)
0.10 (0.31)
0.63 (0.24)

3.26 (0.13)
2.76 (0.10)
2.31 (0.10)
1.63 (0.15)

3.25 (0.13)
3.15 (0.08)
2.31 (0.10)
2.42 (0.01)

5.35 (0.05)
4.80 (0.04)
4.60 (0.03)
3.60 (0.05)
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T 2. Abundance estimates (N) for the two-independentobserver examples. Birds detected are the totals between
the two observers. Model M0 was selected as the most
parsimonious for all data sets except the Ovenbird. Standard
errors are in parentheses.
Species

Birds
detected

Model M0
detectability

N
Model M0

72
45
31
89

0.90 (0.027)
0.77 (0.055)
0.85 (0.052)
0.77 (0.039)

73 (0.94)
48 (2.09)
32 (0.98)
94 (2.86)

Ovenbird
Tanager
Titmouse
Vireo

N
Model
73 (1.43)
48 (2.28)
32 (1.22)
94 (3.03)

T 3. Abundance estimates (N) for the four-independent-observer examples. Birds detected
are the totals among the four observers. Detection probabilities are given by p for model M0
and pgroup1 and pgroup2 for model M2h. The proportion of the population in group 1 is given by
pr(group1). Standard errors are in parentheses.

Data set
Ovenbird a
Tanager
Titmouse
Vireo
a

Model M0

Birds
detected
81
55
39
111

p

Model M2h
pr(group1)

N

0.82 (0.022) 81 (0.305)
0.66 (0.033) 56 (0.894)
0.70 (0.038) 39 (0.592)
0.67 (0.023) 112 (1.243)

Selected model was model

0.41 (0.059)
0.54 (0.086)
0.53 (0.090)
0.55 (0.055)

p

group1

pgroup2

N

0.51 (0.060) 1.0 (≈0.0) 83 (1.704)
0.30 (0.108) 0.92 (0.047) 63 (6.32)
0.28 (0.111) 0.97 (0.032) 45 (5.56)
0.25 (0.067) 0.93 (0.026) 134 (12.00)

and the estimated population size was 82 (SE = 0.889).

T 4. Model selection for the four-independent-observer examples giving the ∆AICc values
for all eight candidate models. Model M2h and model Mobs,2h are based on two-point mixture
models of heterogeneity. The smaller ∆AICc values indicate a more parsimonious model, with 0
indicating the selected model. AICc weights are in parentheses.
Models
Data set
Ovenbird
Tanager
Titmouse
Vireo

M0

Mobs

48.5 (0.0) 53.5 (0.0)
0.0 (0.95)
23.4 (0.0) 29.4 (0.0) 24.1 (0.0)
28.9 (0.0) 34.1 (0.0) 26.0 (0.0)
71.2 (0.0) 77.2 (0.0) 60.2 (0.0)

M2h
8.4 (0.01)
29.0 (0.0)
30.3 (0.0)
65.6 (0.0)

Estimates of abundance were similar (diﬀerences
< 2) among the jackknife, Chao, and two-point
mixture estimators of the heterogeneity model.
The ﬁnite-mixture parameter estimates for
all species were close to 0.5, indicating that
approximately half of the population was in each
detection group (Table 3). One group of the ﬁnite
mixture was always highly detectable (probability of detection > 0.90), whereas the other group
was generally much harder to detect (probability of detection ≤ 0.30). The Ovenbird was the
exception to this paern (probability of detection = 0.51). Population estimates (Table 3) from

7.4 (0.02)
30.1 (0.0)
31.2 (0.0)
66.3 (0.0)

12.5 (0.0) 10.3 (0.01)
35.2 (0.0) 0.0 (1.0)
35.8 (0.0) 0.0 (0.96)
71.7 (0.0) 0.0 (1.0)

Mobs,2h
37.7 (0.0)
22.8 (0.0)
6.2 (0.04)
36.4 (0.0)

model M2h (two-point mixture) ranged from 15%
(Tued Titmouse) to 21% (vireos) higher than the
estimates from the selected four-observer model
without heterogeneity. The selected model for
the Ovenbird, which used distance to model
observable heterogeneity, gave the same population estimate as the two-point mixture model.
D 
An analysis of independent-observer pointcount data suggests potential biases associated with individual diﬀerences in detection
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probabilities among birds. Covariate and
heterogeneity models provide a means to
account for these individual diﬀerences in
detection probabilities. The four-observer pointcount method is the most sensitive to sources of
variability in detection probability.
In addition, the independent-observer
approach is not constrained by the assumption
that detection probability is one at detection
distance zero (Buckland et al. 2001), even when
detection distance is used as a covariate. This
restrictive assumption of distance sampling
may not be reasonable for all surveys, especially
when birds occur high in a forest canopy.
The approach can also accommodate other
factors aﬀecting the detection process, such
as singing rate (Wilson and Bart 1985, McShea
and Rappole 1997). McShea and Rappole (1997)
found that singing rates were lower for birds
closer to an observer. If singing rate aﬀects the
probability of detection, there is an additional
source of variation in the data that will cause
heterogeneity in detection probabilities that cannot be accounted for by distance information.
Assumptions.—Multiple-observer approaches
assume that the survey population is closed
(i.e., no movement into or out of the survey
area during the count) and that birds are not
double counted. These assumptions are common to all point counts, and they are sensitive
to count duration. Double counting arises when
the same bird is counted at more than one location and is counted as two or more individuals.
Reducing count duration limits the probability
of birds moving into, out of, or within the survey
area during the count. Unfortunately, reducing
count duration also reduces the total number
of detections on the count. On our study sites,
detections are generally auditory; thus, if birds
have a low singing rate, short-duration counts
can signiﬁcantly limit the proportion of birds
that are available to count. Optimal count durations should be long enough to ensure that all
birds are available for detection (i.e., sing at
least once during the count), and short enough
to minimize the eﬀects of movement.
Independent-observer methods require that
observations are independent among observers. The primary–secondary observer method
of Nichols et al. (2000) requires only that the
observations by the primary observer are independent of detections made by the secondary
observer. Many of the issues involved with
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independence between observers are similar
between the two methods. Independence is
violated if an observer obtains cues from other
observers. This could occur if one observer is
writing down an observation (Nichols et al.
2000), estimating a distance, or moving in a
manner that would draw the aention of other
observers. Nichols et al. (2000) suggested that
violations of the independence assumption are
most likely when there are few birds at a point
or when most observations are visual. In other
words, it is harder to obtain cues from other
observers when detections are auditory. Our
data are based almost exclusively (>95%) on
auditory detections.
We believe that the independence assumption,
especially with four observers, is the most critical assumption of the multiple-observer method.
Failure to meet this assumption may induce
heterogeneity in the data and bias abundance
estimates. Therefore, we recommend that multiple-observer methods are most practical when
detections are primarily auditory and there are a
large number of observations at each point.
Nichols et al. (2000) viewed diﬀerences in
observers’ ability to detect birds at diﬀerent
distances as the most serious source of error in
the primary–secondary observer method, and
they recommended using ﬁxed-radius plots.
We used distance estimates as covariates in
our models to account for this problem. Using
ﬁxed-radius plots to obtain constant detection
probabilities is not necessary when more precise distance information is available.
The process of matching observers’ observations is another source of error in multipleobserver methods. If surveys are conducted
during the breeding season, when territories are
ﬁxed and birds are not in large ﬂocks, matching
errors should be minimal. The presence of matching errors should be carefully evaluated for all
surveys using this method. If many birds of one
species are present at a point, it may be diﬃcult
to determine which birds are seen in common.
Matching errors is another source of variation that
may lead to apparent heterogeneity in the data.
We suggest a conservative set of rules for matching, because failure to match birds seen in common will lead to overestimates of abundance.
Example analyses.—Model selection for the
two-observer data sets suggests some important characteristics of these data. First, we note
that models that incorporated diﬀerences in
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detection probability between observers were
not selected. This implies that detection probability based on auditory cues was similar
between two highly trained observers. The
largest diﬀerence in estimated detection probabilities between observers for any data set was
8%, for the vireo group. Models incorporating
diﬀerences between observers were reasonable
alternative models for several species. This
suggests that models of observer diﬀerences
should be included in analyses of point-count
data. Multiple-observer models may prove useful for species that are hard to detect or when
observers’ abilities vary widely. Incorporating
detection distance as a covariate also provided
important improvements to multiple-observer
models.
Comparing two-observer analyses with those
from the other two observers shows almost
identical detection probabilities and population
estimates. However, two-observer abundance
estimates were low, and detection probability
estimates were high compared with the fourobserver estimates, which is consistent with
the expected biases associated with individual
animal heterogeneity. Although estimates based
solely on a two-observer approach may appear
to be reasonable (as in our examples), caution is
advised because no assessment of potential bias
can be made with these data.
Heterogeneity models were generally selected
as the “best” models. Potential causes of heterogeneity in detection probabilities for pointcount surveys are violation of the independence
assumption, combining types of detection (e.g.,
auditory and visual), estimating detection probability for a group of species, and individual
variation in singing rates. Violation of the independence assumption caused by observers’ cuing
oﬀ each other would bias observed capture histories. This violation would result in more capture
histories where the majority of observers detected
an individual bird and fewer histories where
only one observer detected an individual bird
than expected under models of equal detection
probability. This would result in a positive bias in
detection probabilities and an underestimation of
abundance. Comparisons of observed to expected
capture histories indicate that violations of the
independence assumption are not the main factor
associated with heterogeneity in these data.
Combining multiple types of detections is
a potential source of individual heterogeneity
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that should also be considered carefully when
studies are designed. For example, the detection probabilities of songs may be very diﬀerent from the detection probabilities of calls or
visual observations.
Variability in singing rates of individual birds
is another potential source of heterogeneity in
detection probabilities (Wilson and Bart 1985,
McShea and Rappole 1997). A bird that sings
frequently is more likely to be detected than
one that sings only once during a survey period.
Diﬀerences in singing rates may be associated
with diﬀerences in pairing status or nest stage.
For example, unpaired males may sing more
frequently than paired males, and paired males
that have not nested are likely to sing at higher
rates than a paired male that is incubating or
caring for a brood (Wasserman 1977, Krebs
et al. 1981, Lein 1981, Wilson and Bart 1985).
This presents a situation where the use of
ﬁnite-mixture models is biologically reasonable
because individual heterogeneity can be associated with biological groups on the basis of an
individual’s reproductive stage.
Unaccountable sources of heterogeneity can
arise from factors such as whether a bird is facing toward or away from the observer, or from
more complex interactions, such as the eﬀects of
vegetation on sound aenuation. Diﬀerences in
song characteristics, vegetative cover or density,
topographic features, and background noise all
aﬀect the intensity and aenuation of auditory
cues (Richards 1981). Likewise, the presence
of conspeciﬁc territorial males, competitors,
predators, and a bird’s mating and nesting
status could all aﬀect the singing behavior of
individual birds. Stratiﬁcation and careful survey design can provide partial control of some
of these sources of heterogeneity, but they will
always be present in avian survey data.
Although heterogeneity models can account
for unobservable heterogeneity, they should be
interpreted with caution. Link (2003) showed
that alternative models of heterogeneity may
predict similar observations from populations
of diﬀerent size, making it impossible to distinguish among alternative heterogeneity models.
We are encouraged that all three heterogeneity
estimators gave similar results for our data,
but the estimates may still be biased. The best
approach to account for heterogeneity is to determine what the major sources of heterogeneity are
and either control for them to eliminate the eﬀect
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or measure them during the survey so they can
be used as covariates in the analysis.
Although we recognize that the assumption
of independence associated with this approach
is very stringent and that the method is not
practical for many ﬁeld situations, the analysis
provides valuable insights into the detection
process and sources of variation that may bias
point-count data. When the number of birds
at each point is suﬃcient (in our experience,
at least eight birds), observers are too busy
recording and tracking birds to cue oﬀ other
observers, and the independence assumption
should be met. Two-observer point counts are
practical for many ﬁeld situations and could be
used for monitoring purposes. Four-observer
point counts are not practical and are probably
limited in use to research situations where a
beer understanding of the detection process
is important.
R

 



Independent-observer approaches are useful tools among the suite of statistical methods available for analyzing point-count data.
Beneﬁts of the approach include the number
of candidate models available for analysis;
ease of implementation with existing soware;
ability to run a suite of models, including
covariate models, within MARK; and the application of information-theoretic approaches to
model selection. In particular, the incorporation of detection distance, a relatively wellstudied methodology, as a covariate within an
independent-observer framework may provide
more precise abundance estimates.
We recommend conducting pilot studies
involving multiple observers collecting multiple types of data before any implementation of
a large-scale survey. Such a study will allow an
assessment of the various sources of individual
heterogeneity and selection of the most eﬃcient
methodology. Pilot-study results can provide
guidance, based on factors determined to be
aﬀecting the detection process, for allocation of
distance sampling using one, two, or more than
three observers.
Further investigation of distance covariate models to develop models with diﬀerent
detection functions, including those that are not
strictly monotonically decreasing, is warranted.
These models could account for observer eﬀects
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on detection probabilities of birds near the
point. Detection distance could also be used as
a covariate in the ﬁnite-mixture models of individual heterogeneity.
Finally, models combining independentobserver and time-of-detection (Farnsworth et
al. 2002) approaches would be a useful extension of this work. Combined models would
allow separation of the probability of availability from the probability of detection given
availability. For species with high singing rates,
this may not provide much useful information,
because availability is oen near one. For less
vocal species, this additional component of the
detection process may have signiﬁcant eﬀects
on abundance estimates.
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