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Abstract.—We have developed a system for simulating the conditions of avian 
surveys in which birds are identifi ed by sound. The system uses a laptop computer 
to control a set of amplifi ed MP3 players placed at known locations around a survey 
point. The system can realistically simulate a known population of songbirds under 
a range of factors that aff ect detection probabilities. The goals of our research are 
to describe the sources and range of variability aff ecting point-count estimates and 
to fi nd applications of sampling theory and methodologies that produce practical 
improvements in the quality of bird-census data. Initial experiments in an open fi eld 
showed that, on average, observers tend to undercount birds on unlimited-radius 
counts, though the proportion of birds counted by individual observers ranged from 
81% to 132% of the actual total. In contrast to the unlimited-radius counts, when 
data were truncated at a 50-m radius around the point, observers overestimated 
the total population by 17% to 122%. Results also illustrate how detection distances 
decline and identifi cation errors increase with increasing levels of ambient noise. 
Overall, the proportion of birds heard by observers decreased by 28 ± 4.7% under 
breezy conditions, 41 ± 5.2% with the presence of additional background birds, and 
42 ± 3.4% with the addition of 10 dB of white noise. These fi ndings illustrate some 
of the inherent diffi  culties in interpreting avian abundance estimates based on audi-
tory detections, and why estimates that do not account for variations in detection 
probability will not withstand critical scrutiny. Received 8 February 2006, accepted 30 
August 2006.
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Análisis Experimentales del Proceso de Detección Auditiva en Puntos de Conteo 
de Aves

ResѢmen.—Desarrollamos un sistema para simular las condiciones de los 
muestreos de aves en donde los individuos son identifi cados por sonido. El sistema 
emplea una computadora portátil para controlar un juego de reproductores MP3 
amplifi cados ubicados en sitios conocidos alrededor de un punto de conteo. El 
sistema puede simular de modo realista una población conocida de aves canoras 
dentro de un rango de factores que afectan las probabilidades de detección. Los 
objetivos de nuestra investigación son describir las fuentes y el rango de variabilidad 
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Point counts are used extensively to moni-
tor spatial and temporal patt erns of bird abun-
dance, to assess species–habitat relationships, to 
evaluate the response of populations to environ-
mental change or management, and to estimate 
species diversity. Surveys of breeding birds rely 
heavily on auditory detections, which can make 
up 70% of observations in suburban landscapes 
(Sauer et al. 1994), 81% in tropical forests (Scott  
et al. 1981), and 94% in closed-canopy decidu-
ous forests (DeJong and Emlen 1985). Hundreds 
of thousands of point counts are conducted 
annually in North America across a spectrum 
of scales, from short-term site-specifi c studies 
(Simons et al. 2006) to long-term continental-
scale surveys such as the Breeding Bird Survey 
(BBS; Sauer et al. 2005). Although the BBS, 
which comprises ~150,000 unlimited-radius 
counts conducted along some 3,700 roadside 
routes surveyed annually in the United States 
and Canada, is the largest and best-known 
survey, many additional point-count surveys 
are conducted each year by state, federal, and 
private land-management agencies. Bart (2005) 
estimated that between 1,000 and 2,000 inde-
pendent programs currently gather long-term 
data on bird abundance in the United States and 
Canada. Many individual state natural-resource 
programs now conduct hundreds to thousands 
of point counts annually through their par-
ticipation in the Partners in Flight program 
(Rich et al. 2004, Bart 2005). On federal lands, 
point-count surveys are important components 
of long-term natural-resource monitoring 

programs conducted by the following depart-
ments of the U.S. government: Department 
of Interior, National Park Service (Briggs et 
al. 1996); Department of Agriculture, Forest 
Service (Young and Hutt o 2002); Department of 
Interior, Fish and Wildlife Service (Somershoe 
and Chandler 2004); and Department of Defense 
(Althoff  et al. 2004). 

Bird abundance estimates are also a common 
feature of applied ecological research. Our brief 
survey of 355 research papers published in 2004 
in the Journal of Wildlife Management, Ecological 
Applications, and Conservation Biology revealed 
that 23% reported on bird populations and, of 
those, 36% reported abundance estimates based 
on count data. However, despite the substantial 
time, eff ort, and money expended counting 
birds for research and monitoring, there is still 
considerable disagreement over the validity of 
various survey methods. Most of the disparity 
concerns the importance of estimating detec-
tion probabilities associated with individual 
counts (Anderson 2002, Hutt o and Young 2002, 
Thompson 2002, Bart et al. 2004). Nevertheless, 
there is a general consensus among scientists 
that factors producing a biased trend in detec-
tion probability over space or time are the most 
problematic (Pollock et al. 2002, Williams et al. 
2002, Bart et al. 2004). Consider, for example, 
how temporal trends in two environmental 
factors, ambient noise and climate, might 
impart trends in count data unrelated to the 
true abundance of bird populations (Fig. 1). 
There is no question that our world is becoming 

que afectan las estimaciones en los puntos de conteo, y encontrar aplicaciones de la 
teoría y las metodologías de muestreo que produzcan mejoras prácticas en la calidad 
de los datos de censos de aves. Los experimentos iniciales en un campo abierto 
mostraron que, en promedio, los observadores tienden a subestimar el número 
de aves en conteos de radio ilimitado, aunque la proporción de aves contadas por 
los observadores individuales varió entre 81% y 132% del total real. A diferencia 
de los conteos con radio ilimitado, cuando los datos fueron truncados a un radio 
de 50 m alrededor del punto, los observadores sobreestimaron la población total 
entre 17% y 122%. Los resultados también enseñan cómo las distancias de detección 
disminuyen y cómo los errores de identifi cación aumentan con mayores niveles de 
ruido ambiental. En general, la proporción de aves escuchadas por los observadores 
disminuyó un 28 ± 4.7% bajo condiciones de brisa, 41 ± 5.2% con la presencia 
adicional de aves de fondo y 42 ± 3.4% con la adición de 10 dB de ruido blanco. 
Estos hallazgos ilustran algunas de las difi cultades inherentes para interpretar las 
estimaciones de abundancia de aves basadas en detecciones auditivas, y por qué 
las estimaciones que no tienen en cuenta las variaciones en las probabilidades de 
detección no soportarán un escrutinio crítico.
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noisier (Wolkomir and Wolkomir 2001). If 
ambient noise increases each year, detection 
probabilities and counts of birds identifi ed by 
sound will presumably decline over time as 
well. Global climate change may aff ect trends in 
detection probability in a similar manner. There 
is increasing evidence that birds are breed-
ing earlier now than in the past, presumably 
because of global warming (Butler 2003). Male 
birds sing at higher rates early in the breeding 
season, when competition for females is stron-
gest (Collins 2004). Therefore, if survey dates 
are standardized (as they are in most monitor-
ing programs), counts based on vocalizations 
are likely to decline over time, simply because 
observers are hearing fewer birds, even if actual 
population levels are stable. Trends in other 
factors aff ecting detection probabilities, such 
as observers or habitat conditions, can impart 
similar biases (Sauer et al. 1994, Norvell et al. 
2003). For example, a recent analysis indicated 
that 76% of observers conducting Canadian BBS 
routes are >45 years old (Downes 2004; Fig. 2). 
Forty-fi ve percent of observers cited “hearing 
loss” as their primary reason for retiring from 
the survey. As with ambient noise and singing 
rates, trends in age-related hearing loss can 
impart trends in count data that are unrelated 
to true abundance. 

Spatial comparisons of count data can also 
suff er from biases att ributable to diff erences 
in detection probability. Changes in vegeta-
tion density and structure over space or time 

can impart spatial or temporal biases in count 
data that are independent of true abundance 
(Bibby and Buckland 1987). In each of these 
examples, detection probability and counts are 
confounded. That is, there is oft en no way to 
distinguish between true diff erences in abun-
dance estimates and diff erences in detection 
probability, unless detection probabilities are 
measured directly (Williams et al. 2002). 

Standardizing protocols and modeling covari-
ates, such as observer experience or age, can 
reduce biases associated with detection prob-
ability (Sauer et al. 1994, Link and Sauer 1998), 
but these approaches are oft en problematic, 
because multiple factors can infl uence detection 
probability simultaneously and because some 
factors infl uence both detection probability 
and abundance (J. D. Nichols pers. comm.). For 
example, two habitats with diff erent vegetation 
structure may support diff erent densities of a 
species because of diff erences in the availability 
of food or cover. At the same time, the detec-
tion probabilities of birds in these two habitats 
may vary because of diff erences in visibility or 
sound att enuation (Schieck 1997, Simons et al. 
2006). Measuring detection probability directly 
is preferred over modeling covariates, because 
it is generally impossible to separate eff ects of 
covariates on detection probability and abun-
dance and because factors aff ecting detection 
probability are oft en unknown or diffi  cult to 
measure.

At least fi ve methods of estimating detection 
probabilities on avian point counts are currently 
available: distance sampling (Buckland et al. 
2001), multiple-observer methods (Nichols et al. 
2000, Alldredge et al. 2006), time-of-detection 
methods (Farnsworth et al. 2002, Alldredge et 

Fig. 1. Hypothetical relationship between 
trends in ambient noise, singing rates, and 
unadjusted auditory point counts.

Fig. 2. Age distribution of Canadian volun-
teers conducting Breeding Bird Survey routes. 
Results are based on questionnaires returned by 
263 volunteers in 2004 (Downes 2004).
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al. 2007a), double sampling (Bart and Earnst 
2002), and repeated-count methods (Royle and 
Nichols 2003, Kéry et al. 2005). Applications of 
combined methods are also possible (Kissling 
and Garton 2006; Alldredge et al. 2006, 2007a). 
Conceptually, the probability of detection has 
two components: the probability that a bird 
is available for detection (i.e., if detections are 
auditory, the probability that the bird sings 
during the count interval) and the probability 
of detecting a bird given that it is available 
(sings). Diff erent methods estimate diff erent 
components of the detection process. For exam-
ple, distance sampling and multiple-observer 
approaches assume that all birds on a given 
sample plot are available (sing during the count 
interval), and they estimate the probability of 
detection given availability. Time-of-detection 
and repeated-count methods each provide 
unique estimates of the product of availability 
and detection given availability (Alldredge et 
al. 2006, 2007a), but they cannot separate the 
two components. 

In spite of these recent theoretical advances 
in our understanding of detection probability, 
and new methods for estimating it in the fi eld, 
the use of unadjusted counts is still the norm 
in avian research and monitoring. Rosenstock 
et al. (2002) reviewed 224 papers from nine 
peer-reviewed journals reporting sampling 
techniques used to draw inference about bird 
abundance. They found that 95% of these stud-
ies relied on unadjusted counts. That is, count 
data collected in these studies were not adjusted 
for diff erences in detection probability among 
species, locations, observers, or sampling 
periods. 

Quantifying detection bias and validating 
avian population-sampling methods is particu-
larly diffi  cult, because the true population size 
is rarely known. With some notable exceptions 
(Emlen and DeJong 1981, Scott  et al. 1981, Bart 
and Schoultz 1984, DeJong and Emlen 1985, 
DeSante 1986, Schieck 1997, Haselmayer and 
Quinn 2000), many assumptions of common 
avian population-sampling methods remain 
untested.

We are in the process of conducting a series 
of validation experiments that simulate survey 
conditions when birds are identifi ed by sound. 
These experiments are quantifying the biases 
and precision of current sampling methods by 
varying some of the conditions that infl uence 

detection probability and assessing the costs 
and benefi ts of applying diff erent methods of 
estimating detection probability.

The factors we are evaluating in our experi-
ments include both “measurement error” 
factors associated with observer skill and ability 
and “signal-to-noise ratio” factors that infl u-
ence how much information about bird diver-
sity and abundance is available to observers. 
Measurement error factors include the ability 
of observers to accurately estimate distances to 
singing birds, to correctly identify species and 
the number of individual birds at a point, and 
the ability of observers to apply meaningful 
movement and countersinging rules to avoid 
double counting. Signal-to-noise ratio factors 
include the spectral qualities of the song, song 
volume, singing rate, orientation of singing 
birds (toward or away from observers), number 
of species and number of individuals singing 
during a count, vegetation structure, topogra-
phy, temperature, humidity, and ambient noise. 
Systematic variation in any of these factors will 
impart a systematic bias in count data. Here, 
we describe the simulation system and pres-
ent results from initial experiments comparing 
fi xed-radius and unlimited-radius plots in an 
open fi eld and from experiments on the eff ects 
of ambient noise on observer performance. 
Results from companion experiments examin-
ing other factors aff ecting the detection process 
(Alldredge et al. 2007b) and evaluating distance 
measurement error (Alldredge et al. 2007c) are 
presented elsewhere. 

Methods

The simulation system consisted of a laptop 
personal computer (PC) att ached via a serial 
port to a radio frequency (418 MHz) transmitt er 
capable of controlling ≤64 individually address-
able receiver–players (Fig. 3). Play lists that con-
trolled the timing and location of songs played 
during each point-count experiment were con-
structed using a Microsoft  EXCEL-based soft -
ware tool writt en in Microsoft  VISUAL BASIC. 
The PC maintained the play-list database and 
sent brief play–stop and track-select commands 
to remote receivers via the transmitt er. Remote 
receivers used a microcontroller to decode 
messages, operate the MP3 players, and man-
age power. The transmitt er, receiver, amplifi er, 
and other components were custom-fabricated 
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to control a Rio 600 MP3 player. Headphone-
level audio from the player was amplifi ed to 
3 watt s (5% THD) and played through round 
105-mm Poly Planar model MA 4054 waterproof 
marine speakers (3.8 ohms, 40 watt s). Speaker 
frequency response was resonance-free and fl at 
(±3 dB) from 1 to 20 kHz. The speaker radiation 
patt ern was a frequency-dependent teardrop 
cone with a minimum beam width of 30° at the 
highest frequencies and ~180° at 1 kHz, a pat-
tern typical of any piston-type sound generator 
(Holland 2001).

Typical songs from Walton and Lawson (1999) 
were converted from the audio CD to 128 Kbps, 
44,100 Hz, MP3 format using Adobe AUDITION 
soft ware. Single examples of each species’ song 
were used for all experiments. Singing rates 
based on Robbins et al. (1983) and intervals 
from Walton and Lawson (1999) ranged from 
2–4 songs min–1 for the Black-and-white Warbler 
(Mniotilta varia) to 8–10 songs min–1 for the Wood 
Thrush (Hylocichla mustelina).

Achieving an acceptable level of system per-
formance required several modifi cations of the 
original design during the development pro-
cess. Initial calculations of the RF link budget 
and path loss assumed that a transmitt er power 
level of 50 mW (150 m, –95 dBm receive MDS) 
was suffi  cient. In practice, signal att enuation 
caused by dense vegetation (~25 dB) was much 
higher than we expected (International Radio 
Consultative Committ ee 1990). Increasing 
transmit power to 1 watt  resolved the problem. 
Initial system partitioning had most of the sys-
tem logic and soft ware burden in the PC. We 
subsequently determined that modern PCs run-
ning the Windows Operating System were not 
capable of reliably controlling our remote com-
mand system in real time. We overcame these 
limitations by moving all real-time logic to the 
remote receivers, and limiting PC–transmitt er 
system functions to maintaining the playlist 
database and sending brief play–stop and track-
select commands to remote receivers. 

Fig. 3. System diagram of playback system: (A) laptop computer and play-list software, 
(B) transmitter, and (C) portable receiver–player.
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There were no practical constraints on receiver 
address rates, the number of receivers that 
could be played simultaneously, or the length 
and complexity of the play lists. The system 
had a minimum transmitt er range of 500 m and 
a storage capacity of 50 individually selectable 
high-fi delity digital songs per player, and it was 
capable of operating on batt ery power for ≥8 h. 
The sound pressure of all broadcast songs was 
standardized to 90 dB (dBA, reference 20 µPa) 
at 1 m on the basis of sound-pressure measure-
ments reported by Brackenbury (1979). Ambient 
and player sound-pressure measurements 
were made using a Martel Electronics model 
325 sound-level meter (accuracy ±1.5 dBA). 
Although all players were capable of broad-
casting in both directions along a single axis, 
all active speakers in these initial experiments 
were aimed directly toward observers. Speakers 
were placed on 1-m-high platforms, or in trees 
at heights between 3 and 15 m. 

Field experiments were conducted at Howell 
Woods, a 1,133-ha natural area in Johnston 
County, North Carolina. The site comprised 
mature bott omland and mixed pine–hardwood 
in an isolated rural sett ing. Ambient noise 
levels on quiet days were frequently <40 dB. 
Experiments were conducted between mid-
November and mid-March to minimize auditory 
interference from resident birds and insects. Our 
fi rst experiments in March 2004 were done in an 
open fi eld. Thirty players were positioned in a 
semicircle at distances from 10 to 120 m in front 
of observers. Players were placed on 1-m-high 
platforms distributed uniformly with respect to 
area. Fift een experienced observers conducted 
20 unlimited-radius 3-min counts. Eight to 12 
individual birds were simulated at random 
locations on each 3-min count. Of these 216 indi-
vidual birds, fi ve species—Wood Thrush, Black-
throated Blue Warbler (Dendroica caerulescens), 
Black-and-white Warbler, Ovenbird (Seiurus 
aurocapilla), and Hooded Warbler (Wilsonia 
citrina)—that produced 80% of the songs played 
were used for analysis. One or two individuals 
from 13 additional species were added to each 
count to provide variety. Observers mapped the 
locations of all birds heard onto data sheets, and 
the proportion of birds correctly identifi ed was 
determined by comparing the data sheets to 
maps produced from the actual play list. 

Experiments assessing the eff ects of ambi-
ent noise on observer performance were 

conducted over three consecutive days in 
March 2005. Six skilled observers from the U.S. 
Geological Survey Patuxent Wildlife Research 
Center in Laurel, Maryland, participated. The 
experiment used 25 players arrayed along a 
linear transect in front of the observers in a 
mixed pine–hardwood forest. Players were 
spaced at 5-m intervals between distances of 
40 m and 160 m. Songs of six species—Northern 
Parula (Parula americana), Yellow Warbler (D. 
petechia), Chestnut-sided Warbler (D. pensyl-
vanica), Black-throated Blue Warbler, Black-
throated Green Warbler (D. virens), and Hooded 
Warbler—were played randomly at each dis-
tance for ~20 s. Observers were given an auto-
mated auditory cue, “next,” from a speaker at 
the survey point and asked to identify the sing-
ing species. Experiments were replicated under 
four ambient-noise conditions: quiet (mean 
ambient noise ± SD: 40.6 ± 4.47 dB), breezy 
(gusty winds, 10–25 km h–1; 55.4 ± 3.87 dB), quiet 
conditions with white noise added (10 dB above 
ambient), and quiet conditions with one to three 
background birds (Winter Wren [Troglodytes 
troglodytes], Yellow-throated Warbler [D. domi-
nica], and Ovenbird) singing 40 m behind and 
to either side of the observers. White noise 
(uniform power; spectral frequency = 1.0) was 
played from a speaker facing the observers at a 
distance of 10 m.

We present exact 95% confi dence intervals 
(CI) for diff erences between means based on the 
t distribution (Zar 1999).

Results

Data from the simplifi ed experiment con-
ducted in an open fi eld in March 2004 illustrate 
our experimental approach and initial results. 
Estimates were quite variable among observ-
ers. The proportion of total birds counted by 
individual observers ranged from 81% to 132% 
of the actual total (Fig. 4A). Observers tended 
to undercount birds on unlimited-radius 
counts (10 of 15 observers undercounted; mean 
percentage detected: 96.0 ± 6.3%), and they 
substantially underestimated the numbers of 
Black-and-white Warblers (mean: 68.6 ± 7.8%) 
and Hooded Warblers (mean: 84.1 ± 8.9%) simu-
lated in the experiment. 

In contrast to the unlimited-radius counts, 
when data were truncated at a 50-m radius 
around the point, observers overestimated the 
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Fig. 4. (A) Proportion of 216 individual birds simulated on 20 unlimited-radius 3-min counts 
detected by 15 observers (symbols for some observers overlap). Observers significantly underesti-
mated numbers of Black-and-white Warblers (t = –7.05, df = 14, P < 0.001) and Hooded Warblers (t = 
–3.13, df = 14, P < 0.01). (B) Ability of 15 observers to estimate birds within a 50-m radius on twenty 
3-min point counts (symbols for some observers overlap). Symbols indicate each observer’s total 
count minus the true count of 54 birds (Black-and-white Warbler = 9, Black-throated Blue Warbler = 
9, Hooded Warbler = 9, Ovenbird = 8, Wood Thrush = 8). Observers significantly overestimated the 
numbers of each species within 50 m (t > 3.34, df = 14, P < 0.0025). 
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total population by 17–122% (mean overesti-
mate: 77.0 ± 15%; Fig. 4B). The true total number 
of birds within 50 m, for the 20 counts used in 
this experiment, was 54 birds. 

Results for Black-throated Blue Warbler illus-
trate the performance of six observers under all 
four ambient-noise conditions (Fig. 5). Under 
quiet conditions (Fig. 5A), all six observers cor-
rectly identifi ed Black-throated Blue Warbler 
out to ~70 m, and some observers correctly 
identifi ed them all the way out to 160 m. When 
the wind was gusting from 10 to 25 km h–1 (Fig. 
5B), few observers detected birds beyond 90 m, 
and the number of misidentifi cations increased. 
Similarly, when we added 10 dB of white noise 
on a quiet day (Fig. 5C), most observers did not 
detect birds beyond 75 m. Finally, on a quiet 
day, when we added additional birds calling 
around our observers (Fig. 5D), we saw both a 
reduction in detection distance and an increase 
in misidentifi cations. 

Under quiet conditions, mean maximum 
detection distances for all six observers ranged 
from 114 m for Black-throated Green Warbler to 
157 m for Hooded Warbler (Table 1). Overall, 
average maximum detection distances were 
reduced 24 ± 6.8% by breezy conditions, 32 ± 
5.7% by the presence of background birds, and 
46 ± 5.5% by the addition of 10 dB of white 
noise. Note that on a circular avian point-count 
plot, reducing the maximum detection distance 
on the plot by 46% results in a 70% reduction in 
the area sampled.

Under quiet conditions, the proportion of 
all songs played that were heard by observ-
ers ranged from 60% for Black-throated Green 
Warbler to 83% for Hooded Warbler, and the 
proportion of songs heard that were misidenti-
fi ed by observers ranged from 0% for Hooded 
Warbler to 10% for Northern Parula (Table 
2). Overall, the proportion of birds heard 
decreased by 28 ± 4.7% under breezy conditions, 

Fig. 5. Number of six observers able to hear ( ) and correctly identify (×), and number of observ-
ers who misidentified ( ), calls of Black-throated Blue Warblers at 25 distances between 40 m and 
160 m. Calls were played randomly at each distance for ~20 s. Experiments were replicated under 
four ambient-noise conditions: (A) quiet (mean ambient noise 40.6 ± 4.47 dB), (B) breezy (gusty 
winds 10–20 km h–1; 55.4 ± 3.87 dB), (C) quiet conditions with three background birds (Winter Wren, 
Yellow-throated Warbler, Ovenbird) singing 40 m behind or to either side of the observers, and (D) 
quiet conditions with white noise added (10 dB above ambient). White noise (uniform power; spec-
tral frequency = 1.0) was played from a speaker facing the observers at a distance of 10 m.
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by 41 ± 5.2% with the presence of background 
birds, and by 42 ± 3.4% with the addition of 
10 dB of white noise. The addition of 10 dB of 
white noise decreased misidentifi cation rates 
to 1.3 ± 0.6% compared with all other ambient-
noise conditions (>2.8 ± 0.9%).

Discussion

We believe that the system described here 
accurately simulates conditions encountered 
by observers on auditory avian point counts. 
Feedback from highly experienced observers 
participating in >4,000 simulated point counts 
has confi rmed that conditions on playback 
experiments are essentially indistinguishable 
from those on actual point counts. Nevertheless, 
we intentionally simplifi ed the design of most 
experiments to reduce the number of variables 
in our analyses and to isolate specifi c aspects of 
the detection process. For example, to minimize 
variability associated with environmental fac-
tors and species identifi cation, we conducted 
most experiments in a single habitat type, under 
quiet leaf-off  conditions, using single examples 
of each species’ song that we provide to observ-
ers before each experiment. We do not simulate 
bird movement, and we maintain a minimum 
45° separation between individuals of the same 
species to minimize matching errors when scor-
ing observer results. Thus, in most cases, levels 
of accuracy and precision reported from these 
experiments are probably higher than those 
expected in actual fi eld studies.

Avian population-sampling methods in use 
today have evolved from the species check-lists 
and tallies of abundance familiar to anyone who 
enjoys watching birds. Comparisons of count 
indices over space or time are oft en based on 
implicit assumptions that diff erences in detec-
tion probability among species, habitats, or 
locations do not impart a temporal or spatial 
bias to abundance estimators. Evidence from 
a variety of sources argues strongly against the 
validity of these assumptions.

Ecologists studying avian vocal communica-
tion have made tremendous progress in iden-
tifying and quantifying how factors aff ecting 
signal att enuation and degradation defi ne the 
“active space” (the area within which a signal 
is recognizable) shared among species and indi-
viduals (Wiley and Richards 1982, Slabbekoorn 
2004). Active space is synonymous in many 

ways with detection probability, and the rich 
literature of avian communication documents 
how it is shaped by ambient noise, tempera-
ture, humidity, topography, vegetation, air 
turbulence, and the rate, volume, and spectral 
characteristics of avian song. If these factors 
infl uence bird-to-bird signaling in predictable 
ways, they surely must infl uence human per-
ception of these signals when they are used 
to estimate bird abundance. For example, our 
initial experiments in an open fi eld illustrate 
well-known relationships between signal 
frequency and att enuation (Morton 1975, 
Wiley and Richards 1982, Slabbekoorn 2004). 
Undercounting was greatest for the Black-and-
white Warbler, a species with a high-frequency 
rapidly att enuating song, whereas overall 
observer performance (best precision and least 
bias) was highest for the Ovenbird, a species 
with a lower-frequency song that att enuates 
more slowly. When we att empted to adjust our 
data for species-specifi c diff erences in detection 
probability by truncating observations at 50 m 
(a practice commonly applied to point-count 
data to correct for unknown diff erences in 
detection probability; e.g., Lichstein et al. 2002), 
we introduced a positive bias for all species. 
Similarly, in a recent laboratory study, Lohr et 
al. (2003) demonstrated how variations in signal 
bandwidth, frequency modulation, and ampli-
tude modulation produced signal masking that 
aff ected the ability of Budgerigars (Melopsi  acus 
undulatus), Zebra Finches (Taeniopygia gu  ata), 
and Atlantic Canaries (Serinus canaria) to detect 
and discriminate auditory information. Results 
of our ambient-noise experiments suggested 
that similar processes aff ected the ability of 
human observers to detect and discriminate 
bird vocalizations. The masking eff ects of ambi-
ent noise reduced the proportion of songs 
detected on experimental counts by as much 
as 42%. Misidentifi cation rates were highest 
among species with similar songs (Black-
throated Blue Warbler, Black-throated Green 
Warbler, and Northern Parula) and lowest for 
the distinctive Hooded Warbler song. Ten per-
cent of Northern Parula songs heard by observ-
ers under quiet ambient-noise conditions were 
misidentifi ed. In all but two of these 24 misiden-
tifi cations, the species heard was identifi ed as a 
Black-throated Blue Warbler. Most observers 
indicate that they use the ascending trill at the 
end of the Northern Parula song to distinguish 
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this species from Black-throated Blue Warbler. 
Thus, any factor that obscured this portion of 
the Northern Parula song was likely to produce 
a misidentifi cation. 

Our results indicate that a complex interac-
tion of factors shaping the sound environment 
determine the bias and precision of data col-
lected on auditory avian point counts. Because 
the factors aff ecting detection probability can 
vary widely with species, habitats, and envi-
ronmental conditions, it is unlikely that they are 
amenable to adjustments using simple calibra-
tions. Furthermore, it is likely that our empirical 
estimates of bias and precision are conservative 
compared with those on actual point counts, 
because our experiments were conducted under 
simplifi ed and carefully controlled conditions. 
The fact that a single factor, such as the addition 
of 10 dB of background noise, can introduce a 
negative bias exceeding 40% for counts of some 
species, suggests that detection bias can seri-
ously compromise the quality of point-count 
data. 

Like the literature on avian communication, 
the literature on the physiology and neuropsy-
chology of human hearing is fi lled with knowl-
edge of how the sound environment shapes our 
ability to recognize and localize sound (Blauert 
2001) and the predictable patt erns of age-related 
hearing loss (Gates and Mills 2005). Application 
of this knowledge to the ways we collect and 
interpret avian-abundance data is largely 
lacking. For example, consider the predict-
able relationships between age, hearing acuity, 
ambient noise, and detection probabilities on 
auditory avian point counts. Although promi-
nent ornithologists have argued persuasively 
for >70 years that age-related hearing loss is a 
potentially serious source of bias in estimates 
of avian abundance (Saunders 1934, Mayfi eld 
1966, Emlen and DeJong 1992), there is litt le evi-
dence in the literature that avian count data are 
routinely adjusted to account for bias associated 
with hearing loss. Evidence that the average 
age in some observer cohorts may be increas-
ing (Downes 2004; Fig. 2), that ambient-noise 
levels in most areas have increased steadily in 
recent decades (Wolkomir and Wolkomir 2001), 
and that this increase in ambient noise may be 
accelerating both the onset and the prevalence 
of hearing impairment (Wallhagen et al. 1997), 
suggests that multiple factors that reduce 
detection probabilities, but are unrelated to 

true abundance, may impart declining trends 
in auditory avian point counts. In most cases, 
abundance estimates that do not account for 
these factors, or those based on unvalidated 
methods or lacking estimates of measurement 
error, will not withstand critical scrutiny. 

As Slabbekoorn (2004:205) noted in his recent 
review of the ecology of birdsong, “singing 
in the wild is not a simple process.” We hope 
that our att empts to experimentally evaluate 
the factors infl uencing detection probabilities 
on auditory avian point counts will contribute 
to a bett er understanding of this process and 
lead to practical improvements in the quality of 
bird-survey data (Fig. 6). The results presented 
here, and in companion papers examining the 
eff ects of detection distance, singing rate, spe-
cies diff erences, and observer diff erences on 
detection probabilities (Alldredge et al. 2007b) 
and the utility of distance sampling for auditory 
point counts (Alldredge et al. 2007c) are the fi rst 
installments of that eff ort. Ongoing experiments 
are evaluating the effi  cacy of multiple-observer, 
time-of-detection, and combined methods of 
estimating detection probability. 
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