Copyright © 2023 by the author(s). Published here under license by the Resilience Alliance. Open Access. CC-BY 4.0
Gaylord, M. A., A. Duarte, B. C. McComb, and J. Ratliff. 2023. Passive acoustic recorders increase White-headed Woodpecker
detectability in the Blue Mountains. Journal of Field Ornithology 94(4):1. https://doi.org/10.5751/JF0O-00330-940401

Ornithological Methods

Passive acoustic recorders increase White-headed Woodpecker detectability
in the Blue Mountains

Las grabaciones acusticas pasivas aumentan la detectabilidad del carpintero de cabeza
blanca en las Montaiias Azules
Marie A. Gaylord®, Adam Duarte? , Brenda C_McComb?* and Jamie Ratliff”

ABSTRACT. White-headed Woodpeckers (Dryobates albolarvatus) are strongly associated with late-successional dry forest types.
Callback surveys along transects are typically used to understand their status and trends in response to forest management. However,
this survey method has proven to be logistically challenging because of the number of spatial and temporal replicate surveys needed
to accurately interpret surveys that yield no detections. Passive acoustic recording units (ARUs) effectively detect certain avian species
and may offer a more efficient and effective survey method, but few studies have focused on detecting White-headed Woodpeckers. Our
objectives were to: (1) compare detection probabilities of White-headed Woodpeckers between callback surveys and ARUs, and (2)
estimate the number of surveys needed to infer White-headed Woodpeckers’ absence under different levels of certainty. We surveyed
for White-headed Woodpeckers from 5 May to 15 July 2021 by conducting callback surveys along six transects, with 10 survey stations
along each, and deploying ARUs at 25 survey stations across three watersheds in the Wallowa-Whitman National Forest, Oregon,
USA. We developed a classifier for White-headed Woodpeckers to detect their two-, three-, and four-note calls in our ARU data. Using
single-season occupancy models and Akaike Information Criterion corrected for small sample sizes, the best fit model indicated that
the odds of detecting White-headed Woodpeckers were 1.28 times higher approximately every 10 days into the breeding season and
4.41 times lower when using callback surveys compared to using ARUs. The cumulative detection probability for ARUs ranged from
0.95 to 0.99 after being deployed for 5 and 8 days, respectively. The cumulative detection probability was only 0.15-0.38 after 1 and 3
replicate callback survey(s) at a survey station, respectively. Our study demonstrates that managers can gather more accurate data
related to the presence/absence of White-headed Woodpeckers to inform forest management decisions when using a passive acoustic
monitoring design.

RESUMEN. El pajaro carpintero de cabeza blanca (Dryobates albolarvatus) esta fuertemente asociado con bosques secos de sucesion
tardia. Los estudios de “playback”alo largo de transectos se utilizan normalmente para comprender su estado y tendencias en respuesta
al manejo forestal. Sin embargo, este método de encuesta ha demostrado ser un desafio logistico debido a la cantidad de replicas
espaciales y temporales necesarias para interpretar con precision las encuestas en las que no ocurrieron detecciones. Las unidades de
grabacion acustica pasiva (ARU) detectan eficazmente ciertas especies de aves y pueden ofrecer un método de estudio mas eficiente y
eficaz, pero pocos estudios se han centrado en la deteccion del pajaro carpintero de cabeza blanca. Nuestros objetivos fueron: (1)
comparar las probabilidades de deteccion de pajaros carpinteros de cabeza blanca entre busquedas con llamados a través de cantos y
ARU, y (2) estimar el nimero de encuestas necesarias para inferir la ausencia de pajaros carpinteros de cabeza blanca bajo diferentes
niveles de certeza. Realizamos estudios de pajaro carpintero de cabeza blanca del 5 de mayo al 15 de julio de 2021 mediante la busqueda
con llamados a través de cantos a lo largo de seis transectos, con 10 estaciones de estudio a lo largo de cada uno, y el despliegue de
ARU en 25 estaciones de estudio en tres cuencas hidrograficas en el Bosque Nacional Wallowa-Whitman, Oregén, EE. UU.
Desarrollamos un clasificador para el pajaro carpintero de cabeza blanca para detectar sus llamadas de dos, tres y cuatro notas en
nuestros datos de ARU. Utilizando modelos de ocupacion de una sola temporada y el Criterio de Informacion de Akaike corregido
para tamafios de muestra pequeilos, el modelo de mejor ajuste indicéd que las probabilidades de detectar el pajaro carpintero de cabeza
blanca eran 1,28 veces mayores aproximadamente cada 10 dias en la temporada de reproduccion y 4,41 veces menores cuando se usaban
busqueda con llamados a través de cantos en comparacion con el uso de ARU. La probabilidad de deteccion acumulada de las ARU
oscilo entre 0,95 y 0,99 después de haber sido desplegadas durante 5 y 8 dias, respectivamente. La probabilidad de deteccion acumulada
fue solo de 0,15 a 0,38 después de 1 y 3 réplicas de busqueda con llamados a través de cantos repetidas en una estacion de encuesta,
respectivamente. Nuestro estudio demuestra que los administradores pueden recopilar datos mas precisos relacionados con la presencia/
ausencia de pajaros carpinteros de cabeza blanca para informar las decisiones de manejo forestal cuando utilizan un disefio de monitoreo
acustico pasivo.
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INTRODUCTION

Dry forest types in the Blue Mountains of Oregon, USA, include
warm, dry sites at low-to-middle elevations (900-1500 m) where
ponderosa pine (Pinus ponderosa) was once the major forest
component (Franklin and Dyrness 1973). From the 1930s to
2000s, late-successional dry forests in the Blue Mountains have
declined by 90% (Buchanan et al. 2003, Powell 2011, Altman and
Bresson 2017). Fire suppression, livestock grazing, and timber
harvest, among other factors, have resulted in increasingly dense
understories of small trees (< 30 cm diameter-at-breast height
[dbh]; Harrod et al. 1998, Youngblood 2000). There has also been
a significant reduction of medium (43-64 cm dbh) and large (>
64 cm dbh) trees (Harrod et al. 1998). In addition, cutting snags
for fuelwood (Bate et al. 2007) and timber management practices
(Wisdom and Bate 2008) have reduced the number of potential
nesting sites for primary cavity nesters (Bull 2002, Wisdom and
Bate 2008).

‘White-headed Woodpeckers (Dryobates albolarvatus) are strongly
associated with late-successional dry forest types east of the
Cascade Mountain Range (Dixon 1995, Latif et al. 2015, Latif
et al. 2017, Latif et al. 2020). Their abundance and distribution
have been proposed as a metric that can be used to assess progress
toward restoring this forest type (Lambeck 1997, Lambeck 1999).
White-headed Woodpeckers were identified by United States
Department of Agriculture (USDA) Forest Service Region 6
(Forest Service Manual [FSM] 2670.5) as a “sensitive species”—
a species that is experiencing or is threatened with a small,
declining, and/or at-risk population; habitat loss; and/or is a
management concern (FSM 2670.5). They have been considered
a sensitive species in Oregon since 1989 and an Oregon “strategy
species” for the Blue Mountain ecoregion because of degraded
or lost habitat (Oregon Department of Fish and Wildlife 2021).
White-headed Woodpeckers are considered “imperiled” in Idaho
(Idaho Department of Fishand Game 2021) and a state candidate
for listing in Washington (Washington Department of Fish and
Wildlife 2021). Partners in Flight have also listed White-headed
Woodpecker as a “species of concern” (Partners in Flight 2019).
As such, effective White-headed Woodpecker monitoring
strategies are needed to inform management decisions when
restoring late-successional dry forest structure and function.

Current monitoring of White-headed Woodpeckers across dry
forest landscapes relies on repeated callback surveys at survey
stations along transects. However, this survey method has proven
to be logistically challenging because of the number of replicate
surveys needed to infer absence, the timing of the surveys (i.e.,
dawn callback surveys) in relation to the remote forests this species
inhabits, and the relatively short season in which these surveys
need to take place (i.e., May—June). Recent work indicates that
several avian species can be detected by using passive acoustic
recording units (ARUs; Swiston and Mennill 2009, Van
Wilgenburg et al. 2017, Ruff et al. 2021), which may overcome
several of the limitations in the current White-headed
Woodpecker monitoring strategy. As such, our objectives were to:
(1) compare detection probabilities of White-headed
Woodpeckers between callback surveys at survey stations along
transects and passive recordings at survey stations using ARUS,
and (2) estimate the number of surveys needed to infer White-
headed Woodpeckers’ absence under different levels of certainty.
We hypothesized that detection probability per day for the two
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survey types would be equal based on previous comparisons
between point-count surveys and ARU recordings (Pacifici et al.
2008, Priyadarshani et al. 2018) and the fact that both survey
types largely rely on auditory detections.

METHODS

Study area

Because our objectives for this study focused on understanding
White-headed Woodpecker detection probabilities using two
different survey methods, rather than understanding
environmental factors that are related to the occurrence of the
species, we conducted our surveys within three focal watersheds
(Big Creek, Ruckles Creek-Powder River, Eagle Creek) on the
Wallowa-Whitman National Forest (Fig. 1) where White-headed
Woodpeckers had previously been observed (J. Ratliff, personal
observation). Although White-headed Woodpeckers were
previously observed within the watersheds, occupancy at specific
survey stations was unknown during our field season. The study
area was approximately 23,987 ha, dominated by ponderosa pine
and mixed conifer species. Although the northern Blue
Mountains is a relatively dry landscape, the maritime air flowing
through the Columbia River Gorge increases the amount of
precipitation (especially in the form of snow [average snow depth
63.5-165.1 cm above 1370 m in elevation]) and reduces
temperature variations compared to that which is experienced in
the southern portion of the Blue Mountains (Western Regional
Climate Center 2022). Sunrise and sunset times were
approximately 0507-0540 and 2000-2033 hours, respectively.
Other woodpecker species that co-occur with White-headed
Woodpecker in the area include American Three-toed
Woodpecker (Picoides dorsalis), Black-backed Woodpecker (P,
arcticus), Downy Woodpecker (Dryobates pubescens), Hairy
Woodpecker (D. villosus), Lewis’s Woodpecker (Melanerpes
lewis), Pileated Woodpecker (Dryocopus pileatus), Northern
Flicker (Colaptes auratus), Red-naped Sapsucker (Sphyrapicus
nuchalis), and Williamson’s Sapsucker (S. thyroideus).

Callback surveys

We surveyed along six transects with 10 survey stations per
transect and deployed 25 ARUs from 5 May to 15 July 2021.
Transect placement followed the protocols typically used to
monitor White-headed Woodpeckers in national forests in the
region (Appendix B of Mellen-McLean et al. 2015). Transects
were randomly distributed across the study area, approximately
7 km apart and accessible by road. This resulted in one transect
in Big Creek watershed, three in Ruckles Creek-Powder River
watershed, and two in Eagle Creek watershed. Furthermore, we
ensured survey stations along transects were > 300 m apart to
minimize the chances of detecting the same bird at two
neighboring survey stations on the same day.

We conducted callback surveys along transects following
Appendix B of the Mellen-McLean et al. (2015) protocol. In
general, surveyors played a White-headed Woodpecker call
recording three times with a 30-s pause between recordings
followed by a two-minute listening period. Typically, survey
stations are surveyed two times in a season; however, we surveyed
along each transect three times to improve our ability to estimate
detection probabilities. We conducted these replicate surveys at
least two weeks apart and always surveyed in the opposite
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Fig. 1. Study area extent including White-headed Woodpecker (Dryobates albolarvatus) transect
survey stations (n = 60) and passive acoustic recording unit (ARU) survey stations (n = 25). The
overlayed 500-ha hexagon grid with six 83-ha triangles was used as a survey frame when selecting
ARU survey station locations. Wallowa-Whitman National Forest, northeastern Oregon, USA,

2021.
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direction along the transect from the previous survey. We spent
2.54.5 h surveying each transect per survey morning. We
broadcast calls using a FoxPro NX4 digital game call and
recorded observations using ArcGIS Survey123 (Environmental
Systems Research Institute 2022). Although we recorded each
White-headed Woodpecker observation along transects, we only
used detections at the 60 survey stations for our analyses we
present herein.

Passive acoustic surveys

To select ARU survey stations, we overlayed a 500-ha hexagon
grid, where each hexagon contained six 83-ha triangles. We
randomly selected 25 triangles to deploy our ARUs. We deployed
the ARUs as close to the center of each randomly selected triangle
as possible, which ensured that ARU survey stations were 2 907
m apart. Thus, it was unlikely that the same bird would be detected
at two different ARUs given that the minimum spacing between
ARUs approached the maximum estimated home range size (18.9
ha, SD =10.1, range 3.1-35.7 ha) for White-headed Woodpeckers
in this forest type (Kehoe 2017). Prior to initial deployment, four
ARU survey stations were omitted because of inaccessibility,
private land, or environmental noise issues; therefore, four
replacement locations were randomly selected. The final locations
of the 60 transect survey stations and 25 ARU survey stations can
be seen in Fig. 1.

We used the Song Meter 4 Mini Bat with the acoustic microphone
stub attachment (used to record avian species) that is
manufactured by Wildlife Acoustics (Wildlife Acoustics,
Maynard, Massachusetts, USA). The sample rate was set to
32,000 Hz and 16-bit pulse code modulation .wav files were
recorded. We attached ARUs to trees that were < 30 cm dbh at
approximately 1.5 m above ground with the microphone facing
east. We removed any branches that were within 30 cm of the
ARU to reduce environmental noise. We ensured each unit was
deployed at least 60 m from roads to reduce the chance that they
would be stolen and 100 m from large creeks to further reduce
environmental noise. We programed the ARUs to record
continuously from 0000 to 1100 hours Pacific Daylight Time
(PDT) and for 10 min on the top of every hour for all other time
periods (1100-2310 hours) for a total of 13.2 h recorded daily.
This recording schedule allowed us to collect audio data when
White-headed Woodpeckers are most likely to be active (30 min
after sunrise to noon; Mellen-McLean et al. 2015), to collect
intermittent recordings throughout the day, and passively record
other species of interest. We checked and replaced batteries and
memory cards as needed to ensure continuous recordings
(approximately every three weeks).

Audio analyses
We analyzed audio data collected by the ARUs using
Kaleidoscope Pro 5 software (Wildlife Acoustics 2020).
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Kaleidoscope uses classifiers to custom filter audio recordings
based on individual or clusters of vocalizations (i.e., an acoustic
pattern). We randomly selected > 12 h of recordings from each
ARU that recorded between 5 May and 15 July. We used this
subset of audio recordings (457.5 h of 20,423.7 h) to develop a
new classifier that could identify White-headed Woodpecker two-,
three-, and four-note calls. We focused on these calls because they
are easily distinguishable from co-occurring woodpecker species
in the area and these calls are used to indicate species presence
during traditional callback surveys. When processing these data,
we set the program to scan and cluster audio recordings using the
following specifications: Fast Fourier Transform (FFT) window
set to 2.67 ms. (128 @ 0-24 kHz 256 @ 25-48 kHz 512 @ 49-96
kHz), number of clusters < 100, frequency range of 3-4.5 kHz,
detection calls of 0.1-2.0 s in length, and a maximum of 0.1 s
inter-syllable gap. After the initial clusters were created (n = 100),
we manually labeled a subset of the audio clips (0.1-2.0 sinlength)
to train the classifier to recognize White-headed Woodpecker
vocalizations (138,739 of 342,357). In total, 588 audio clips out
of the 138,739 audio clips were identified as White-headed
Woodpeckers and used to train the classifier.

Using the classifier, we processed all audio files for each ARU.
We then manually reviewed the output audio clips from the
classifier to ensure no false positive White-headed Woodpecker
detections (i.e., misclassified vocalizations of a White-headed
Woodpecker) occurred in our data. If false positives were
identified, they were manually removed until only true, verified
positive White-headed Woodpecker detections remained for our
use in subsequent analyses.

Although we manually verified all White-headed Woodpecker call
detections for our study, we also wanted to formally evaluate how
well the segmentation algorithm identified White-headed
Woodpecker calls. We did this by calculating recall and precision,
which quantify how likely a focal species detection was correctly
identified (true positive) versus misidentified (false negative or
false positive; Priyadarshani et al. 2018). In this context, a false
negative is a White-headed Woodpecker call that was not
identified by the classifier, and a false positive is a sound recording
that is incorrectly identified as a White-headed Woodpecker.
Recall is the proportion of White-headed Woodpecker calls in the
audio data the classifier identified and is estimated as the ratio
between the true positives identified by the classifier and the total
number of White-headed Woodpecker call recordings in the data
(Priyadarshani et al. 2018). Given the time required to review all
audio recordings, a subset (22.5 h) of recordings with White-
headed Woodpecker detections were randomly selected and
reviewed to calculate recall. Precision is a measure of how well
the classifier identifies White-headed Woodpecker calls and is
estimated as the proportion of White-headed Woodpecker
detections (both true and false positives) that were true positive
detections (Priyadarshani et al. 2018). The precision was
calculated by reviewing all ARU audio clips identified as White-
headed Woodpecker by the classifier.

Occupancy modeling

Because it was not guaranteed our survey stations were occupied
by White-headed Woodpeckers, we fit single-season occupancy
models to our data to model the ecological and observation
process separately (MacKenzie et al. 2002, Tyre et al. 2003). In
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these models, occupancy probability () is the probability that a
survey station had at least one White-headed Woodpecker
present, and detection probability (p) is the probability that the
species was detected during a survey occasion, given that the
survey station was occupied by White-headed Woodpecker.
Occupancy models require a few assumptions: the occupancy
state (species presence or absence) does not change at a survey
station across replicate surveys, detection probabilities are
independent across survey stations and replicate surveys (i.c.,
detecting the species does not influence the odds of detecting it
atneighboring survey stations or in subsequent survey occasions),
variation in occupancy and detection probability can be
accounted for using covariates, and false positive detections do
not occur in the detection/non-detection data. Because White-
headed Woodpeckers can travel greater distances outside the
nesting period (Lorenz et al. 2015), we omitted any data collected
outside of the nesting period during analyses to minimize
turnover in the occupancy state at a survey station. Although the
exact nesting period can vary from year to year (and region to
region) depending on local environmental conditions, we
considered the nesting period to be from 16 May to 20 June, based
on behavioral observations collected in our study area during the
identical field season (M. Gaylord, personal observation).
Furthermore, we only included detections that were manually
verified (i.e., true positives) in this analysis to meet model
assumptions. Occupancy models were fitted by using program R
4.0.5 (R Development Core Team 2021) with packages unmarked
1.1.1 (Fiskeand Chandler 2011, Chandler et al. 2023) and MuMIn
1.43.17 (Barton 2020).

We related occupancy and detection probabilities to explanatory
variables using logistic regression models. Although our
objectives for this study focused on detection probability, we
considered covariates on occupancy probability () to attempt to
capture heterogeneity in the data associated with variation in
occupancy to meet model assumptions. The occupancy
probability covariates that we considered included habitat
suitability (low [0.0-0.3], intermediate [0.3-0.5], and high [0.5-
1.0]) at the survey station and the proximity (low [> 150 m],
intermediate [< 150 to > 50 m], high [< 50 m]) to highly suitable
habitat (0.5-1.0). These habitat suitability scores came from a
raster layer (30 X 30 m resolution) that was developed by Latif et
al. (2015), where they used White-headed Woodpecker callback
surveys on the eastern side of the Cascade Mountain Range,
Oregon, USA, to estimate habitat suitability across forest
conditions. They found that habitat suitability at both the local
and landscape scale may be important factors influencing White-
headed Woodpecker occurrence, which is why we considered
habitat conditions based on suitability at the survey station and
distance from the survey station to the nearest area with high
habitat suitability. Furthermore, we discretized the suitability
values into categories (rather than leaving them as continuous
values) to better align with how this variable is used within a
management context. Detection probability (p) covariates that we
considered included day of year, average temperature, the
interaction between day of year and average temperature, and
survey method (i.e., callback survey versus ARU). Daily
temperature data were collected from the nearest weather station
located in Union, Oregon. Day of year, average daily temperature,
and the interaction between day of year and average daily
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Table 1. Detection summaries for each passive acoustic recording unit (ARU; 001-025) processed with our classifier. Notably, these
detections represent only verified detections that were initially identified by our classifier. Thus, detection numbers are an underestimate
of the number of clips with target class recordings at each station. Wallowa-Whitman National Forest, northeastern Oregon, USA, 2021.

ARU Number of audio Detections Days with detections  Days with detections ~ Days ARUs recorded Reviewed before first
clips reviewed (5 May to 15 July) (16 May to 20 June) (16 May to 20 June) verified detection
001 4100 88 24 16 19 0
002 2086 155 24 24 27 4
003 1200 25 9 3 32 71
004 5401 142 21 13 26 0
005 4109 30 7 6 27 22
006 7417 464 48 31 33 0
007 4353 5 3 3 24 416
008 4430 298 23 17 18 39
009 2140 1 1 0 7 235
010 7412 38 8 5 26 284
011 2665 6 3 3 14 1004
012 137 1 1 0 28 28
013 4471 357 27 17 23 5
014 7821 11 3 3 27 4
015 3579 17 2 1 24 252
016 5171 66 10 6 20 28
017 5048 22 8 4 28 8
018 7986 1344 36 14 15 1
019 4144 491 33 19 19 2
020 3515 1 1 0 20 1389
021 6249 48 12 4 12 97
022 2357 13 4 1 24 256
023 4898 200 12 8 10 58
024 8868 288 29 21 34 4
025 2705 66 12 12 22 42

temperature were included because we hypothesized that White-
headed Woodpecker calling rates would decline at higher
temperatures (based on previous monitoring efforts for the
species), call rates would differ because of nesting phenology, and
the effect of temperature on call rates would be modified on the
basis of nesting phenology. We included survey method as a
covariate on detection probability in a similar way as Nichols et
al. (2008) because evaluating this potential effect was one of the
primary objectives of this study. We did not consider models with
an interaction between survey method and environmental
conditions (i.e., wind and rain) because we had no expectation
that the detection probability would differ across environmental
gradients (e.g., a drizzle versus a downpour) based on survey
method, given that they both rely so heavily on auditory
detections.

We employed an exploratory approach to model selection, where
we fit models with every combination of covariates. Preliminary
analyses indicated there were no issues with multicollinearity. We
compared candidate models using Akaike’s Information
Criterion corrected for small sample size (AIC_; Burnham and
Anderson 2002). We considered models to have similar support
if the AAIC_ was < 2 and interpreted our output using predicted
probabilities and odds ratios that were calculated from model
coefficients (Hosmer and Lemeshow 2000). Candidate models
were compared by using program R 4.0.5 (R Development Core
Team 2021) and the AICmodavg 2.3-1 package (Mazerolle and
Mazerolle 2017).

We used our most supported model to estimate detection
probabilities for each day that each specific survey type took place.

We then used a method-of-moments estimator for univariate
random-effects meta-analysis (Jackson et al. 2013) to combine
these estimates into an overall mean and variance for detection
probabilities for each survey method. This was done in program
R 4.0.5 (R Development Core Team 2021) by using the mvmeta
R package (Gasparrini et al. 2012, Gasparrini and Armstrong
2013). The cumulative detection probability (p") was calculated
asp”=1-(1 - p)", where n is the number of surveys and p is the
detection probability for a specific survey type. We incorporated
uncertainty in our estimates of p” using a parametric bootstrap
simulation approach where we randomly sampled p from a beta
distribution using the overall mean and variance estimates for
detection probabilities for each survey method. We estimated the
beta distribution shape parameters to sample from using the mean
and variance estimates from our meta-analysis described above
and a method-of-moments estimator. We considered scenarios
where the number of surveys ranged from one to 10 in increments
of one. Each of these scenarios were run for 10,000 iterations and
summarized by the mean and 2.5th and 97.5th percentiles
(hereafter, 95% confidence interval [CI]).

RESULTS

Most of our callback surveys started at 0830 hours and ended
between 1100 and 1300 hours (2.5-4.5 h). Out of the 60 survey
stations along transects, we detected a White-headed Woodpecker
on at least one survey day across the breeding season at only 18%
of the survey stations.

After processing all audio data with the classifier, the mean
number of audio clips reviewed per ARU was 4490 (SD = 2180;
Table 1). The average number of audio clips that were listened to
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Table 2. Akaike’s Information Criterion corrected for small sample size (AICc), change in AICc (AAICc), model weights (wi), and the
number of parameters (k) for the detection probability (p) and occupancy probability () for White-headed Woodpecker (Dryobates
albolarvatus). Wallowa-Whitman National Forest, northeastern Oregon, USA, 2021.

Model k AlCc AAIC w,

¥ (.) p (day of year + survey) 4 791.70 0.00 0.50
Y (.) p (day of year + survey + temperature) 5 793.94 2.24 0.16
¥ (habitat) p (day of year + survey) 6 795.31 3.61 0.08
Y (proximity) p (day of year + survey) 6 795.63 3.93 0.07
¥ (.) p (day of year + survey + temperature + day of year:temperature) 6 796.11 4.41 0.05
Y (1) p (survey) 3 797.24 5.54 0.03
¥ (habitat) p (day of year + survey + temperature) 7 797.68 5.99 0.02
Y (proximity) p (day of year + survey + temperature) 7 798.00 6.30 0.02
P (1) p (survey + temperature) 4 798.73 7.04 0.01
{ (habitat + proximity) p (day of year + survey) 8 799.53 7.83 0.01
¥ (habitat) p (day of year + survey + temperature + day of year:temperature) 8 800.01 8.31 0.01
Y (proximity) p (day of year + survey + temperature + day of year:temperature) 8 800.30 8.60 0.01
¥ (habitat) p (survey) 5 800.73 9.03 0.01

before a verified White-headed Woodpecker call (e.g., true
positive) was detected was 170 (range = 0-1389; Table 1). The
estimated recall was 0.405 (SD = 0.197; 22.5 h), meaning that
approximately 40.5% of the White-headed Woodpecker calls in
our audio data were identified by the classifier. The precision was
estimated at only 0.037 (4176 true positive/112,262 true and false
positive calls), meaning that only 3.72% of the audio clips that
were identified as White-headed Woodpeckers were actually
White-headed Woodpecker calls and the rest were false positive
detections (Table 1).

We reviewed and validated all recordings from nine ARUs with
significant White-headed Woodpecker activity (> 100 detections
from 5 May to 15 July; Table 1) across the recording times (0000
2310 hours). White-headed Woodpecker calls were detected as
early as just before 0500 hours and no later than 2100 hours,
indicating a resting period between 2100 hours to just before 0500
hours. During the continuous recording period (0000-1100
hours), we calculated the average number of calls recorded during
a 10-min interval to make comparisons with the other recording
events. Across the ARU recordings reviewed, we observed a spike
in activity from 0500 to 0700 hours and 1700 to 1900 hours (Fig.
2).

Prior to fitting occupancy models, we removed any false positive
detections from our data. Given that we only needed to validate
a single White-headed Woodpecker vocalization per day per
survey station for our occupancy analysis, it typically required
30-60 min for us to validate calls for each station for each
recording day. After removing false positive detections, White-
headed Woodpeckers were recorded and identified on 9.24 (SD
8.43) different days, on average, during the breeding season (16
May to 20 June; Table 1) at a survey station. Of the 25 ARU survey
stations, we detected a White-headed Woodpecker on at least one
recording day across the breeding season at 22 survey stations.

Our model selection procedure resulted in 40 candidate models.
Those with an AIC model weight (w,) 2 0.01 are included in Table
2. The model selection process did not result in competing models
(i.e., only one model had a AAIC, < 2). The top ranked model
included no covariates for occupancy probability, but there was
support for day of year and survey type influencing detection

Fig. 2. The number of White-headed Woodpecker (Dryobates
albolarvatus) vocalizations that were initially identified by our
classifier and manually verified at nine passive acoustic recording
unit stations that had at least 100 detections. The number of
detections during hour-long recordings were divided by six to
account for variable recording lengths throughout the day.
Sunrise was approximately 0507-0540 hours and sunset was
approximately 2000-2033 hours. Wallowa-Whitman National
Forest, northeastern Oregon, USA, 2021.
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probability (Table 3). Occupancy probability () was estimated at
0.88 (95% CI, 0.68-0.96). The odds of detection were 4.41 times
lower when using callback surveys along transects compared to
using ARU surveys. The odds of detection were 1.28 times higher
for every approximately 10 days that passed during the breeding
season. The overall mean detection probability for an ARU survey
day at a survey station was 0.46 (SD = 0.01), whereas the overall
mean detection probability at a survey station along a transect
survey was 0.15 (SD = 0.01). The cumulative detection probability
at an ARU survey station ranged from 0.95 to 0.99 (95% CI, 0.953—
0.959 to 0.993-0.994, respectively) after only recording for five to
eight days, respectively (Fig. 3). On the other hand, the cumulative
detection probability at a survey station along a transect was only
0.15-0.38 (95% CI, 0.126-0.181 to 0.357-0.427, respectively) after
one to three callback survey(s).

DISCUSSION
We conducted the first, to our knowledge, comparative analysis
between traditional callback surveys along transects and a relatively
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Table 3. The mean, standard error (SE), and 95% confidence intervals (CI) for occupancy probability () and detection probability
(p) for White-headed Woodpecker (Dryobates albolarvatus) during the breeding season (16 May through 20 June). Wallowa-Whitman

National Forest, northeastern Oregon, USA, 2021.

Parameter Mean SE Lower CI Upper CI
Occupancy probability ()

Intercept 1.95 0.622 0.731 3.171
Detection probability (p)

Intercept -0.170 0.090 -0.347 0.007
Day of year 0.243 0.880 0.071 0.416
Survey type: transect -1.484 0.334 -2.140 -0.829

new passive acoustic monitoring design for White-headed
Woodpeckers in forested landscapes. Based on our findings,
callback surveys along a transect were significantly less reliable
than ARU surveys at detecting White-headed Woodpecker
vocalizations on a given day. Given that vocalizations are a
primary data source for estimating White-headed Woodpecker
habitat use, ARU surveys could be used in lieu of callback surveys
along transects if the objective is to monitor White-headed
Woodpecker occurrence patterns in relation to spatiotemporal
variation in forest habitat conditions.

Fig. 3. Cumulative detection probability with 95% confidence
interval (CI) of White-headed Woodpecker (Dryobates
albolarvatus) using callback surveys at a survey station along a
transect versus detecting a vocalization at a survey station using
a passive acoustic recording unit. Wallowa-Whitman National
Forest, northeastern Oregon, USA, 2021.
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We were somewhat surprised that we found no support that
occupancy was related to the habitat quality covariates we
considered in our analyses; however, this could be related to
several factors. First, we purposely chose to work in watersheds
that had previous detections of White-headed Woodpeckers
because our objectives for this study were centered on comparing
detection probabilities between the two survey methods. As such,
we needed White-headed Woodpeckers to be present at a sufficient
number of survey stations to estimate and compare detection
probabilities. This likely means our study area had higher habitat

suitability, on average, than other areas of the forest and perhaps
less variable forest habitat conditions. Second, there is a mismatch
in the resolution of the habitat suitability raster layer developed
by Latif et al. (2015; 30 X 30 m resolution) and the estimated core
home range size (18.9 ha, SD = 10.1, range 3.1-35.7 ha) and use
patterns of White-headed Woodpeckers during the breeding
season (Koch et al. 1970, Ligon 1973, Dixon 1995, Kehoe 2017).
This likely means that landscape-scale habitat suitability could be
a greater influential parameter affecting White-headed
Woodpecker occupancy than the local suitability at a survey
station. Third, the underlying spatial data layers (gradient nearest
neighbor [GNN]; Ohmann and Gregory 2002) used to estimate
habitat suitability scores rely on Landsat imagery collected in 2000
and 2012, which could be outdated given the dynamic nature of
managed forest landscapes (Latif et al. 2015). Last, large tree
density is an important factor influencing White-headed
Woodpecker habitat quality (Kozma et al. 2020), but this
information was not included in the habitat suitability model used
by Latif et al. (2015) because the GNN layer did not predict this
forest habitat metric accurately at this scale for this region
(Ohmann and Gregory 2002, Latif et al. 2015). Collectively, this
suggests that the lack of a supported relationship between
occupancy and habitat suitability is related to our study design
and covariate data, and our findings do not indicate that White-
headed Woodpeckers do not exhibit habitat preferences in forest
landscapes.

Although we predicted that detection probability per day for the
two survey types would be equal, we found the odds of detection
were 4.41 times lower for callback surveys along transects than
for ARU surveys. This meant that the cumulative detection
probability when using callback surveys was only estimated at
0.81(95% CI,0.789-0.829) if 10 replicate surveys were conducted
at the survey station (Fig. 3). Yet, callback surveys along transects
thatare conducted across national forests in this region to monitor
White-headed Woodpeckers are typically not repeated more than
two times during a breeding season and between the hours of
sunrise and noon. Conversely, ARUs only needed to be recording
at a survey station for five to eight days (13.2 h per day) to have
acumulative detection probability that approached one. The exact
number of surveys required to infer absence at survey stations
that yield no detections depends on the context of the
management decision and the acceptability of risk by managers.
However, our results indicate an ARU deployed in the field for a
little over a week would likely detect White-headed Woodpeckers
without fail. These results will only hold true when using the same
recording schedule and window that we used, while reviewing
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every clip that was identified as a potential White-headed
Woodpecker call.

Both survey types were influenced by observer bias to some extent.
‘White-headed Woodpecker calls were likely missed by both survey
types when many birds were vocalizing at the same time or when
environmental factors (i.e., wind and rain) increased
environmental noise. However, ARUs collected audio data for a
much longer amount of time at a survey station and for each
survey day (13.2 h per day) than field crews did while conducting
callback surveys along transects (2.5-4.5 h per transect per day).
During this study, callback surveys were often not started until
0830 hours and ended between 1100 and 1300 hours. These start
and end times are typical for White-headed Woodpecker
effectiveness monitoring across national forests and are the result
of long drive times, rough terrain, difficulty tracking down
possible White-headed Woodpecker calls, and training
technicians on field protocols. Yet, peak hours of White-headed
Woodpecker activity recorded on our ARUs indicate our callback
surveys were started outside of peak White-headed Woodpecker
calling activity. Surveyors could start callback surveys earlier to
increase detection probabilities, although this is logistically
challenging given the remote areas that White-headed
Woodpeckers occupy. Increased detection probabilities might
also be achieved by spending additional time at survey stations,
but how much this would improve detection probability would
require further analysis. Altogether, it makes sense that ARUs
would have a significantly higher detection probability compared
to callback surveys when a survey station is occupied because
ARUs are surveying for a much greater number of hours per day
and during peak White-headed Woodpecker activity. Perhaps a
more direct comparison between these two survey methods would
be to restrict our recording data each day to the same amount of
time we spent at a survey station using callback surveys each
morning. However, that approach would miss the fact that the
use of passive ARUs affords us the opportunity to survey for
longer periods each day at little to no extra investment. In practice,
there does not seem to be a reason to narrow the daily recording
schedule when the objective is to monitor the presence/absence
of vocal species. This is why we opted to use the full recording
schedule for our comparison herein. Undoubtedly, if callback
surveys along transects were conducted for similar amounts of
time each day, the estimated detection probabilities for each
survey method would be a closer match. However, the resources
required to invest in this level of effort for callback surveys is
currently cost prohibitive.

Our results also indicated detection probability increased as we
surveyed further into the breeding season. This is likely related to
the reproductive ecology of the species. Both male and female
White-headed Woodpeckers vocalize regularly during courtship
and incubation, as well as pre- and post-fledging. They also both
vocalize regularly during the breeding season while foraging,
defending the nest, and communicating with newly fledged
offspring. Parents take turns incubating eggs early in the breeding
season (Audubon 2022). Once the eggs hatch later in the breeding
season both parents feed the young. This means that earlier in the
breeding season there is likely only one adult foraging at a time,
potentially resulting in reduced detection probabilities.

We truncated our monitoring data to the nesting period to
improve our ability to meet the assumption of closure for
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occupancy analysis. Although this is a standard approach when
monitoring wildlife species at survey stations to estimate the
distribution and detection of species, our random survey station
placement sampling design means that some of our survey
stations were likely at the edge of a White-headed Woodpecker
territory. This can result in an availability issue, where the species
is not always available for detection based on how they use space
within a territory. Thus, our occupancy parameter should be
interpreted as habitat use since we are estimating whether the
species used the habitats around our survey stations at any point
during the breeding season (Appel et al. 2023, Weldy et al. 2023).
Although this is not a unique issue to the use of ARUs, what is
unique is our ability to quantify how much of an issue this might
be. Indeed, the temporal grain and extent of our sampling when
using ARUs allowed us to quantify the intensity of use around
survey stations based on the detection of calls (Table 1). With
these data, it would be worthwhile to fit multistate occupancy
models, where the different states represent the intensity of use
or the call detection rates (Nichols et al. 2007). This approach
provides robust inferences when using count data to track changes
in population abundance (Steen et al. 2023), but to our knowledge
it has not been applied to ARU monitoring data to quantify
spatial and temporal patterns in the intensity of habitat use across
landscapes.

One complication we had with our classifier was that White-
headed Woodpecker peak time of vocalization activity (0500 to
0700 hours) corresponds with many other avian species peak time
of vocalization, which resulted in many polyphonic audio clips
(i.e., clips that contain multiple sound types) that were difficult
to accurately identify by the classifier. By targeting vocalizations
that were good examples of White-headed Woodpecker calls, the
recall dropped; however, the number of false positive detections
also dropped. Having increased recall is important to avoid
overestimating species occurrence by confusing its call with other
sound types, including other species’ vocalizations (Priyadarshani
et al. 2018). We accepted this tradeoft of a slightly higher recall
and lower precision for two main reasons. First, false absences
are statistically accounted for when analyzing the data by using
estimators such as occupancy models, but false positive detections
require auxiliary data to accurately estimate occupancy (reviewed
in Chambert et al. 2015). This means that detection probabilities
for ARUs might increase as we reduce false absences in our
classifier moving forward. Second, we only needed to detect a
single White-headed Woodpecker vocalization out of the 13.2 h
of audio data recorded per day to correctly classify a survey
station as occupied each day. Even with relatively high recall
(0.405; SD = 0.197; 22.5 h) and low precision (0.037; 4176 true
positive/112,262 true and false positive calls) our classifier saved
us time (i.e., it typically required 30-60 min to review 13.2 h of
audio), despite needing to manually verify White-headed
Woodpecker calls (i.e., remove false positives) for our analysis,
because it indicated where to look for calls within the audio
recordings. Nevertheless, the recall could be improved in future
classifiers by increasing the number of example vocalizations in
the training data as well as reducing environmental noise by
increasing the distance that ARUs were deployed from large
creeks. Similarly, the precision of the classifier could be improved
by developing a community-based classifier that includes
vocalizations from different species across the Blue Mountains


https://journal.afonet.org/vol94/iss4/art1/

(Ruff et al. 2020, Kahl et al. 2021). Last, we could also extend the
classifier to include other White-headed Woodpecker sounds,
such as drums. Collectively, this would increase the classifier’s
ability to differentiate between species with similar vocalizations,
account for changes in environmental noise, and provide a greater
range of White-headed Woodpecker sound types that might
change based on season or by location.

CONCLUSION

This study provides information that can be used by managers to
make informed decisions about what type of survey method to
use and the effort required to detect White-headed Woodpeckers.
Both survey types have costs and benefits. Callback surveys along
transects allow field crews to locate nest sites and then perform
follow up surveys to determine nest success. However, our results
indicate that quite a few repeat callback surveys are needed to
infer absence and that these surveys would benefit from earlier
start times (i.e., starting at sunrise instead of 0830). Extending
the number of hours a surveyor is in the field may also help,
especially during courtship, if additional resources are available
(e.g., more personal, funding, etc.). ARUs can be used to quantify
status and trend in White-headed Woodpecker occupancy across
larger landscapes with reduced field crew time and increased
detection probabilities compared to transect surveys. Further, our
results indicate ARUs can be rotated across multiple survey
stations, rather than remaining at static locations across the
breeding season, and still have high cumulative detection
probabilities. With an increased interest in utilizing ARUs for
surveying across landscapes and the need to monitor the greater
forest wildlife community, improvements in the classifier we
outline above (including extending it to identify other vocal
species) would be beneficial. Furthermore, the classifier we
developed could be used to process audio data across other forests
given similar wildlife species composition in the region (e.g.,
ponderosa pine—dominant forests located east of the Cascade
Mountain Range).
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