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Abstract
Manually annotating audio files for bird species richness estimation or machine learn-
ing validation is a time-intensive task. A premium is placed on the subselection of files 
that will maximize the efficiency of unique additional species identified, to be used 
for future analyses. Using acoustic data collected in 17 plots, we created 60 subset-
ting scenarios across three gradients: intensity (minutes in an hour), day phase (dawn, 
morning, or both), and duration (number of days) for manual annotation. We analyzed 
the effect of these variables on observed bird species richness and assemblage com-
position at both the local and entire study area scale. For reference, results were 
also compared to richness and composition estimated by the traditional point count 
method. Intensity, day phase, and duration all affected observed richness in decreas-
ing respective order. These variables also significantly affected observed assemblage 
composition (in the same order of effect size), but only the day phase produced com-
positional dissimilarity that was due to phenological traits of individual bird species, 
rather than differences in species richness. All annotation scenarios requiring equal 
sampling effort to point counts yielded higher species richness than the point count 
method. Our results show that a great majority of species can be obtained by anno-
tating files at high sampling intensities (every 3 or 6 min) in the morning period (post-
dawn) over a duration of two days. Depending on a study's aim, different subsetting 
parameters will produce different assemblage compositions, potentially omitting rare 
or crepuscular species, species representing additional functional groups and natural 
history guilds, or species of higher conservation concern. We do not recommend one 
particular subsetting regime for all research objectives, but rather present multiple 
scenarios for researchers to understand how intensity, day phase, and duration inter-
act to identify the best subsetting regime for one's particular research interests.
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1  |  INTRODUCTION

The traditional method for monitoring birds in forest habitats is the 
point count method, whereby a human observer travels into the field 
and observes all birds seen or heard within a particular distance ra-
dius for a set amount of time (usually 5–20 min; Green et al., 2010; 
Ralph et al., 1995). An increasingly popular alternative to point count 
surveys is to observe vocalizing birds through passive acoustic moni-
toring (PAM), which entails continuous or semi-continuous recording 
at a site, after which time expert observers listen to acoustic files, 
often with the visual aid of spectrograms, in order to determine spe-
cies identities. This method can be used for the estimation of assem-
blage richness and composition, and has vastly grown in popularity 
due to the falling costs of autonomous recording units, increasing 
ease of data collection and storage, and extensive evidence sup-
porting its comparability, and even superiority, to traditional survey 
methods (Darras et al., 2018). PAM is particularly attractive in forest 
environments where almost all detections during point counts are 
done by auditory cues (Brewster & Simons, 2009).

Advances in machine learning algorithms have been able to 
leverage the increasing ease of PAM and employ it on larger spatial 
and temporal scales than manual file annotation alone can achieve, 
as the processing of large volumes of acoustic data is becoming in-
creasingly efficient (Joppa, 2017; Stowell et al., 2019). Limitations to 
automatic classification include generalizability to unmatched con-
ditions, the availability of large previously annotated datasets, low 
accuracy, low robustness to noise such as wind and rain, the need for 
manual tuning of algorithm parameters, post-processing of results, 
and sufficient expertise in machine learning (Stowell et al., 2019). 
However, increasingly sophisticated detection algorithms have 
demonstrated their ability to overcome many of these obstacles 
(Kahl et al., 2021; Stowell et al., 2019; Wood et al., 2021), and prog-
ress in this field is rapidly advancing (Denton et al., 2022; Huang & 
Basanta, 2021; Liu et al., 2022), particularly as more manually anno-
tated files are added to existing datasets (Wood et al., 2022; Zhong 
et al.,  2021) that researchers can use without building new algo-
rithms. This method is particularly promising because once a classi-
fier can produce robust results for a particular area, automated (and 
theoretically continuous) monitoring becomes possible, overcoming 
the current considerable limitation of time available for manual an-
notation alone to estimate which species occupy that area over time.

Until machine learning algorithms are improved for ubiquitous 
use for automated bird identification, PAM research is occurring 
in a transition period whereby bird monitoring programs use point 
counts, bioacoustic identification, machine learning classifiers, or 
some combination thereof. Due to the substantial learning curve 
for using classifiers (Stowell et al., 2019), or the desire to maintain 
comparable long-term datasets derived from point counts (Brlík 

et al., 2021; Sauer et al., 2013), machine learning classifiers are not 
ubiquitously adopted. In other cases, there is a dearth of annotated 
data from certain regions (de Araújo, 2013; xeno-canto, 2022), which 
is required to build accurate classifiers; in such cases, manually anno-
tated data will be a necessary precursor to scalable machine learning 
campaigns in those areas. For these reasons, manual annotation is 
and will continue to be an important link as our knowledge is slowly 
transitioning to digital and automated monitoring methods (Symes 
et al.,  2022). Manual annotations are, however, time-consuming 
(Rempel et al., 2005; Swiston & Mennill, 2009; Wimmer et al., 2013), 
and researchers must maximize this time by subsetting acoustic 
data efficiently to identify the maximum number of unique species 
without repeatedly identifying species already observed in that 
area. Whether manual annotations from PAM are used to directly 
estimate species richness or to validate the predictions of machine 
learning algorithms (reducing false positives), it is recommended that 
this time be strategically allocated to maximize accuracy for either 
objective (Symes et al., 2022).

Several studies have recently compared different recording 
schedules, or different subsetting scenarios from continuous audio, 
to establish optimal parameters for estimating bird species rich-
ness. The consensus is that increasing the number of days, as well 
as the number of h per day, increases species richness estimates (de 
Araújo et al., 2021; Sugai et al., 2020; Wimmer et al., 2013; Wood 
et al., 2021). Despite this generalized trend that more time invest-
ment in manual annotation yields higher species richness, specific 
recommendations for recording schedules or subsetting from con-
tinuous audio vary by region due to different bird communities and 
their respective probabilities of detection (Cook & Hartley, 2018; 
Drake et al.,  2021; La & Nudds, 2016; Wood et al., 2021). There 
is an increasing need, therefore, for regionally specific sampling 
curves for researchers to make evidence-based decisions about 
how much sampling time is sufficient for their research goals, given 
the resources at hand. To date, no study has produced these curves 
for central European forests, where there is an increasing inter-
est in evaluating how forest management affects forest bird as-
semblages (Basile, Asbeck, et al., 2021; Basile, Storch, et al., 2021; 
Storch et al., 2020; Thorn et al., 2020). Birds are extensively used 
as environmental and biodiversity indicators (Devictor et al., 2008; 
Gregory et al., 2005; Stephens et al., 2016). As forest birds have 
suffered continent-wide decline over the last 40 years (Burns 
et al., 2021), there is an ongoing effort to transition toward more 
biodiversity-friendly silvicultural approaches (e.g., Gustafsson 
et al., 2020; Vítková et al., 2018), which have locally proved helpful 
to reverse those declines (Knaus et al., 2018); efficient, scalable 
monitoring methods such as PAM, whether by bioacoustic identi-
fication or annotation for machine learning algorithms, can enable 
the evaluation of their effectiveness.
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Annotated audio files can also yield compositional data, and 
addressing differences in species composition between different 
locations, including beta diversity estimates such as species nest-
edness and turnover, are important questions in contemporary 
conservation biology (Socolar et al., 2016). In the case of bird assem-
blages, PAM has the potential to be a wellspring of information for 
assessing the impact of human activities on assemblage homogeni-
zation or heterogenization (also concerning functional diversity) and 
thereby guide bird conservation decision-making (Gasc et al., 2017). 
To our knowledge, no studies exist that also directly address how 
perceived bird species composition is affected by acoustic file se-
lection choices, but such investigations are recommended (Symes 
et al., 2022). Wood et al. (2021) addressed species composition in-
sofar as they used simulated bird assemblages to investigate how 
assemblage structure affects richness estimates depending on how 
many theoretically rare species comprise the assemblage. However, 
this study did not address the potential species-specific differences 
in assemblage compositions yielded by differing design parameters. 
Numeric richness can remain unchanged between recording sce-
narios, while the species identities between them vary (i.e., species 
turnover). Conversely, species richness can vary between sites, al-
though the composition does not significantly vary, as all the spe-
cies in the species-poorer site are also found in the species-richer 
site (i.e., nestedness). Shaw, Hedes, et al.  (2021) found evidence 
of compositional differences between bird assemblages (turnover) 
even when their richness estimates did not differ. However, this dif-
ference was found between point counts and bioacoustic methods 
and not different acoustic monitoring scenarios, so the effect of an-
notation effort allocation on resulting species composition remains 
unknown.

In temperate European bird communities, among other regions, 
the daily onset of bird vocalizations in spring is predictable due in 
large part to light (Gil & Llusia, 2020) and meteorological conditions 
(Bruni et al., 2014; Leopold & Eynon, 1961). In good weather, onset 
of (mostly) male vocalizations culminates in a crescendo of birdsong, 
a phenomenon known as the dawn chorus, after which birds con-
tinue to call throughout the morning, but less intensely. It is also 
well-established that the time of vocalization onset varies strongly 
across species (Leopold & Eynon,  1961; Thomas et al.,  2002). We 
therefore expect the probability of detecting a given species to 
vary with the day phase depending on multiple interacting factors. 
Testing the effects of annotation effort allocation solely on bird 
richness will not adequately capture the species-specific variation 
in detection probability.

The aim of our study, therefore, is to analyze richness and com-
positional differences between acoustic subsetting scenarios across 
three choice gradients, revealing the potentially missed detection 
opportunities and across biologically relevant time periods. We 
not only replicate previous research for a central European forest 
context for how effort allocation scenarios (hereafter scenarios) af-
fect species richness (Cook & Hartley, 2018; de Araújo et al., 2021; 
La & Nudds, 2016; Symes et al., 2022; Wimmer et al., 2013; Wood 
et al.,  2021) but we also additionally analyze how these scenarios 

affect revealed assemblage composition. To do this we considered 
three main parameters of acoustic file selection: (1) recording inten-
sity, i.e., number of minutes within 1 h; (2) day phase, i.e., period of 
the morning in relation to sunrise (dawn, morning, or both); and (3) 
duration, i.e., number of days included in the subset. Lastly, to pro-
vide a through line to the most traditional bird monitoring method, 
we compare our richness and compositional data to the same data 
yielded from point count surveys.

2  | MATERIALS AND METHODS

2.1  |  Study area

Our study area is located in the Black Forest (Southwest Germany) 
and contains 135 1-ha forest plots, selected within the framework of 
the Research Training Group ConFoBi (Storch et al., 2020). The plots 
are distributed across a mosaic landscape with forests dominated 
by Norway spruce (Picea abies), European beech (Fagus sylvatica), 
and silver fir (Abies alba). Twenty-six plots were selected for this 
study according to their uniformity of shrub layer cover, standing 
dead wood, and age class, while selecting a range of proportions of 
broadleaved and coniferous tree species that are representative of 
the region (see Appendix 1 for more details). Fieldwork took place 
during peak bird breeding season between April 26, 2021, and June 
20, 2021, after foliation had occurred. The plots have mostly closed 
canopies and are comprised of mature stands >65 years with a his-
tory of uneven-aged silvicultural management, thus they repre-
sent a typical Central European temperate mixed montane forest. 
Altitudes varied from 504 to 1069 m.a.s.l. and the minimum distance 
between plots was 750 m.

2.2  | Acoustic recordings

The devices used for this study were Bioacoustic Audio Recorders 
(BARs) (Frontier Labs Australia), equipped with an omnidirectional 
microphone (frequency response of ±2 dB from 80 Hz to 20 kHz) and 
3.6 V rechargeable batteries supplied by the same company. Audio 
files were recorded at 22.05 kHz sample rate and saved as 16-bit 
WAV format on SanDisk 32 GB SD cards. The dB gain was set to 40 
(see Appendix 1 for details on gain settings and handling irregulari-
ties due to installation error).

We rotated the BARs through the plots according to their ele-
vation and aspect (from lowest to highest elevation and southerly 
to northerly aspect) so that each recorder was placed for a week 
in a given plot. The following week those plots were visited in the 
same order, one per day, for retrieval, at which point the SD card was 
removed and batteries recharged for use in another plot. Each BAR 
was attached 1.5 m high on the center-most beech tree in each plot, 
with the microphone oriented perpendicular to the slope, if a slope 
was detectable (Shaw, Hedes, et al., 2021). They were programmed 
to record continuously from 04:30 a.m. to 11:00 a.m. to capture bird 



4 of 22  |     SHAW et al.

vocalizations as early as 1 h before sunrise to 4 h after sunrise, ac-
counting for shifts in the sunrise.

2.3  | Acoustic data processing

The gradients of independent variables in this study were intensity, 
day phase, and duration. Machine learning algorithms can automati-
cally process continuous audio; only a subset is typically used for 
validation or bioacoustic identification purposes. Therefore, to de-
termine our first gradient, intensity, we chose differing subsets of 
discontinuous audio from our continuous dataset. Discontinuous 
recordings are subject to less variability caused by clustering of con-
specific calls and flocking, and have been shown to be more efficient 
in detecting the same number of species (Cook & Hartley, 2018), in-
creasing the rate at which the total number of species accumulates. 
For discontinuous audio subsets, the length of audio is a considera-
tion. Past studies ranged from 10 s (Cook & Hartley, 2018) to 10 min 
(La & Nudds, 2016), so we standardized this variable by using 1-min 
samples. Consequently, we defined our intensity gradient at discon-
tinuous intervals of 1-min recordings “every 3 min” (n = 20 per hour) 
at the highest intensity, and “every 60 min” (n = 1 per hour) at the 
lowest (Step 1, Figure 1).

Our day phase variable defines two distinct periods: the dawn 
period is the hour before sunrise, and the morning period is the 1-h 
period beginning 3 h after sunrise. Bird vocalizations begin before 
sunrise during civil and nautical twilight (Bruni et al.,  2014), and 
birds are traditionally surveyed (via point counts) in the morning. To 
maximize the potential difference between dawn and morning, we 
elected for non-consecutive time periods, or 1 h at either end of the 
wider bird monitoring period. The resulting variable includes dawn 
alone, morning alone, or the entire combined period including both 
day phases (Step 2, Figure 1).

To create our duration gradient, we removed the first and last 
day of the recordings due to any potential effects of the researcher 
presence in the plot. Given that rain events were commonplace in 
spring, we manually reviewed acoustic files from each day and se-
lected four of the best weather days (see Appendix 1 for more de-
tails), resulting in a duration gradient of 1–4 recording days for each 
plot (Step 3, Figure 1).

Using gradients of these three parameters (intensity: every 3 min 
to every 60 min; day phase: dawn, morning, or both; and duration: 
1–4 days), we created 60 subsetting scenarios from all possible com-
binations of gradients, and compared the bird richness and compo-
sitional dissimilarity yielded by each one (Figure 1). The advantage 
of looking at three dimensions simultaneously is to distinguish the 
difference between simply increasing time spent annotating (effort), 
and increasing the distribution of time (spread) over (a) one morning 
and (b) over multiple days. We generated a high number of subset-
ting scenarios to avoid prescribing one best-performing scenario. 
Rather, the reader can observe how these factors interact and as-
sess trade-offs in accordance with their study aims and annotation 
budget.

We extracted 1-min files of the most time-intensive duration–
day phase–intensity scenario, of which other scenarios could be sub-
sampled. Using the GPS location of each plot center, we generated 
the exact sunrise time (defined as when the top edge of the sun ap-
pears on the horizon) for each plot day using the “suncalc” package 
(Thieurmel & Elmarhraoui, 2019) in R statistical computing environ-
ment (R Core Team, 2021). We then used the "seewave” and "tuneR” 
packages (Ligges et al.,  2018; Sueur et al., 2008) to cut the long-
duration audio into 1-min .wav files at 3-min intervals, according to 
its relation to sunrise. This resulted in 160 files per plot, systemati-
cally sampled (20 one-minute files × two dawn periods × 4 days). The 
gradient of files per duration–day phase–intensity combination was 
thus 1–160 files per plot, depending on the 60 scenarios (Figure 1). 
Nine plots had incomplete records due to water infiltration; these re-
corders were dried before functioning properly the following week 
in another plot and these plots were removed from subsequent anal-
yses, resulting in 2720 files for manual annotation (17 plots × 160 
one-minute files).

2.4  | Manual annotations

One observer (S.S.) identified all detectable bird species in each 1-
min file. Identifications were made by listening to audio as well as 
viewing spectrograms in Kaleidoscope Lite software v5.4.2 (Wildlife 
Acoustics, Inc., Maynard, MA, USA). Songs, calls, and, in certain 
cases, drumming were used to identify birds to species level when-
ever possible. Problematic identifications were checked by a second 
expert observer (J.P.). In the case of the Certhia and Regulus gen-
era, it was not always possible to identify the species level, in which 
case only the genus was recorded (e.g., “Certhia sp.”), which were 
excluded from further analyses. The resulting dataset was a species 
list of all birds detected in each file, containing its associated plot, 
day, day phase, and time in relation to dawn.

2.5  |  Point count surveys

Point counts were also conducted in each study plot within 2 weeks 
before or after that plot's acoustic recording period. Point counts 
took place between half an hour after sunrise to 12:00 p.m. CET (al-
ways in the morning period). After arriving at the plot center, a 5-min 
settle-down period was employed (Gibbons et al., 1996). Each point 
count lasted 20 min, during which all birds detected aurally or visu-
ally were recorded at 5-min intervals in order to reach an adequate 
sampling coverage to calculate detectability (Balestrieri et al., 2017; 
Basile, Asbeck, et al.,  2021; Basile, Storch, et al.,  2021; Sorace 
et al., 2000). Data were used from all detections without distance 
limit in order to be comparable to the detection radius of an acous-
tic recorder (Shaw, Müller, & Scherer-Lorenzen, 2021). The resulting 
variable was species richness per plot observed during the 20 min. 
While the main objective of this study is to investigate the subset 
variables of duration, intensity, and day phase, we chose to include 
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the point count data as a reference, given that point count surveys 
are still the standard traditional method for monitoring breeding 
birds in forest habitats (Green et al., 2010; Ralph et al., 1995), and will 
continue to be used in many study areas. A 20-min point count is not 
directly comparable to subsampling from continuous audio record-
ings; point counts must take place over a continuous timeframe, and 
although PAMs have the advantage of capturing non-consecutive 
moments, they lack the visual advantage of the point count method. 
Thus, we are simply comparing these methods in terms of effort–
time spent, and the resulting richness/composition matrices each 
method, with all its advantages and disadvantages, produces.

2.6  | Analysis

All analyses were made in R statistical computing environment. We 
investigated the effect of 60 recording scenarios on bird richness at 
two scales, the local plot level and across the entire study area. The 
local scale is defined as the 1 ha of forest around the plot center, a 
typical stand-scale measurement in silviculture (citation). The scale 

of the entire study area is roughly 40 km2. Local-scale data allowed 
us to create alpha diversity metrics that provide insights into what 
bird richness values any single recorder may yield in a given record-
ing scenario. Data at the study area scale enabled the computation 
of beta diversity indices between sites, which provide comparisons 
of how different scenarios yield different total species richness 
within the study area.

For the local scale, we directly calculated the number of ob-
served bird species at each site for each recording scenario (alpha 
diversity). We then computed the mean and standard deviation (SD), 
providing a local mean species richness per scenario. This metric is 
on a comparable spatial scale to the mean number of birds observed 
via the point count method.

To estimate the effect of different recording scenarios on bird 
richness at the study area scale, we created a community matrix for 
each plot and created sample-size-based rarefaction and extrapola-
tion sampling curves for each one (Chao et al., 2014). We sampled 
community matrices (scenarios as rows and species as columns) 
with the “iNEXT” package (Hsieh et al., 2016), using incidence fre-
quencies data to estimate Hill numbers of species richness (q = 0). 

F IGURE  1 A conceptual framework 
for the selection of the nested acoustic 
recording scenarios included in this study. 
Each row is one scenario, cumulating in 
60 different intensity–day phase–duration 
combinations, which result in a gradient 
of 1–160 one-minute files used for manual 
annotation.
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The resulting variable was the cumulative number of unique spe-
cies detected per recording scenario (observed species richness), 
17 sites pooled. This analysis also provides a rarefaction curve for 
each scenario, analogous to a gamma diversity scale metric, or how 
many unique species can be detected within the entire study area as 
a function of increasing time spent on manual annotations, per re-
cording scenario. The observed richness from rarefaction sampling 
(all plots pooled) was compared across scenario variables using a 
Student's two-sample t-test. Lastly, given that our plots are not uni-
formly distributed throughout the study area, we assessed our data 
structure for the influence of any potential spatial autocorrelation, 
and none was found (Appendix 1).

In order to compare species compositions between recording 
scenarios, we created a presence/absence community matrix from 
each scenario, using plots as rows and species as columns. We then 
made pairwise comparisons of the scenarios using beta diversity 
metrics in the “betapart” package (Baselga et al., 2022). Using the 
“beta. Pair” function and the “sorensen” family, we computed turn-
over (replacement) and nestedness dissimilarity indices from each 
incidence-based pairwise comparison. The turnover metric is a 
dissimilarity index accounting for the replacement of species with 
different species, measured as Simpson pairwise dissimilarity. The 
nestedness index measures a separate feature of dissimilarity of two 
assemblages, how many species in one assemblage exist as part of 
another assemblage, and is measured as the nestedness fraction of 
Sorensen pairwise dissimilarity (Baselga et al., 2022). These dissim-
ilarity indices allowed us to assess how much of the observed pair-
wise dissimilarities between two scenarios were (1) due mainly to 
differences in species richness yielded by each scenario (nestedness) 
because different scenarios inherently require differing amounts of 
manual annotation time; or (2) due simply to compositional dissim-
ilarities between scenarios, despite any differences in species rich-
ness (turnover).

We also performed non-metric multidimensional scaling (NMDS) 
analyses for certain scenarios in order to highlight certain differ-
ences reflected in the turnover values, using “family = euclidean" 
dissimilarity distance index. The “ggrepel” package was used to avoid 
overlapping centroids of species labels (Slowikowski,  2021). Plots 
were generated using the “ggplot2” package (Wickham, 2016).

3  |  RESULTS

3.1  |  Local bird richness

The mean species richness observed by each recording scenario 
ranged from 1.47 to 26.29 (Table 1). Mean number of birds identified 
increased asymptotically with the number of minutes required for 
bioacoustic ID per scenario (Figure 2). When directly comparing all 
scenarios requiring 20 min of effort, including point count surveys, 
all recording scenarios yielded higher mean species than the point 
count method, which produced a mean of 13.11 species (Table  1, 
black point in Figure  2). Thirty-six scenarios observed higher bird 

richness than the point count method; 18 of these scenarios requir-
ing ≤20 min of bioacoustic ID (bolded values in Table 1).

3.2  |  Bird richness across the entire study area

Observed species richness at the study area scale for each recording 
scenario ranged from 11 to 50 unique species (Table 1). The scenario 
yielding the highest species richness was with recordings at an in-
tensity of every 3 min, across both day phases and for a duration of 
2 days (50 species in 80 min). Manual annotations from 29 scenarios 
(bolded in Table 1) yielded greater bird richness than the traditional 
point count method, which yielded 34 observed species. Scenarios 
across three quantiles of observed species (ranked 1–45 of 60) accu-
mulated new species at similar rates and greater than the rate of ac-
cumulation from the point count method (Figure 3). However, these 
scenarios required different amounts of manual annotation time. Of 
the five scenarios not requiring more than 20 min, all yielded higher 
species richness than the point count method.

Across scenarios, species richness significantly increased with 
intensity (Figure 4). Richness was significantly higher when including 
both day phases compared to dawn alone, and was slightly higher 
if identifications were made in the morning, rather than dawn, pe-
riod (Figure 4). Bird richness significantly increased with each added 
duration day up to 3 days; there was no difference in bird richness 
between 3 and 4 duration days.

3.3  |  Local assemblage composition

Pairwise comparisons of intensities within all possible day phase–
duration scenarios (Figure  5) show dissimilarities in assemblage 
composition among every 3-, 6-, 15-, 30-, and 60-min recording 
intensities. The difference is mainly due to nestedness, as the blue 
values increase with higher subsetting intensity. According to the 
turnover values, there is little dissimilarity across intensity scenarios 
(values are mostly 0) that is not purely due to differences in richness 
(nestedness). At dawn, intensities of every 60 min were maximally 
dissimilar to the other intensities. This indicates that the number of 
species lost when comparing intensities depends on the day phase as 
well; every 60 min, at dawn only, yields the lowest species richness. 
Intensity is the most important variable in determining differences 
in species richness, expressed by the highest nestedness values 
(Figure 5) and higher significance between intensities (Figure 4).

Pairwise comparisons of day phases across all possible 
intensity–duration scenarios (Figure 6) reveal both nestedness and 
turnover. Mild nestedness was found between dawn and morn-
ing sampling periods, indicating that there is an overlap between 
species detected at dawn versus morning, with the morning day 
phase yielding slightly more species. However, high turnover was 
found between scenarios sampled at dawn compared to the morn-
ing, suggesting that despite some similarity in species detected, 
distinctly different assemblage compositions were yielded from 
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TABLE  1 Species richness at the local and study area scale across all annotation scenarios (intensity–day phase–duration combinations). 
No. minutes denotes how many 1-min files (total manual annotation effort) correspond with each scenario. Scenarios are ranked by the 
number of species observed at both scales. Bolded values indicate observed richness values that exceed bird richness yielded by the point 
count method (bottom row).

Scenario Local scale Study area scale

Intensity Day phase Duration No. minutes
Observed 
mean Observed SD Rank observed Observed Rank observed

3 Dawn 1 20 14.94 2.93 29 37 28

3 Dawn 2 40 18.35 3.16 16 43 12

3 Dawn 3 60 19.94 3.29 11 43 13

3 Dawn 4 80 20.65 3.26 10 43 14

3 Morning 1 20 15.35 3.59 27 36 30

3 Morning 2 40 19.29 2.87 13 44 10

3 Morning 3 60 21.47 2.55 7 46 7

3 Morning 4 80 23.06 2.61 4 46 8

3 Both 1 40 19.18 3.63 15 40 19

3 Both 2 80 23 2.96 5 50 1

3 Both 3 120 25 2.72 2 50 2

3 Both 4 160 26.29 2.78 1 50 3

6 Dawn 1 10 12.94 2.88 39 31 40

6 Dawn 2 20 16.18 2.58 25 37 26

6 Dawn 3 30 17.29 2.78 20 38 22

6 Dawn 4 40 18.29 2.85 17 38 23

6 Morning 1 10 13.29 3.1 35 33 34

6 Morning 2 20 17.41 3.08 19 41 16

6 Morning 3 30 19.71 2.89 12 43 11

6 Morning 4 40 21 2.67 8 44 9

6 Both 1 20 17.18 3.5 21 37 25

6 Both 2 40 20.88 2.85 9 47 4

6 Both 3 60 22.88 2.55 6 47 5

6 Both 4 80 24 3.02 3 47 6

15 Dawn 1 4 9.94 2.36 49 26 50

15 Dawn 2 8 12.35 2.26 40 31 41

15 Dawn 3 12 13.88 2.71 33 32 36

15 Dawn 4 16 14.71 3.08 30 33 33

15 Morning 1 4 9.76 2.63 50 27 48

15 Morning 2 8 13.06 2.75 38 32 38

15 Morning 3 12 15.29 2.73 28 39 20

15 Morning 4 16 16.53 2.37 23 40 18

15 Both 1 8 13.47 3.08 34 32 37

15 Both 2 16 16.24 2.54 24 38 21

15 Both 3 24 18.06 2.88 18 40 17

15 Both 4 32 19.18 3.05 14 42 15

30 Dawn 1 2 7.12 2.47 55 24 54

30 Dawn 2 4 9.65 1.9 51 26 51

30 Dawn 3 6 10.82 2.46 46 26 49

30 Dawn 4 8 11.71 2.42 42 28 46

30 Morning 1 2 7.76 2.36 54 22 55

(Continues)
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dawn and morning day phases. This effect is found across all du-
rations and intensities, although it is stronger (darker green) in the 
durations of 1 and 2 days, and at high intensities of every 3 and 
6 min. Moreover, in a scenario where species richness is almost 
numerically equal between dawn and morning (31 and 32 species, 

at every 15 min intensity and 2 days duration), assemblages were 
significantly different. Figures 7 and 8 highlight this observation 
that the morning period captures more species, whereas dawn re-
cordings detect species unique to the dawn period. Day phase is 
the second-most important variable in determining differences in 

Scenario Local scale Study area scale

Intensity Day phase Duration No. minutes
Observed 
mean Observed SD Rank observed Observed Rank observed

30 Morning 2 4 11.47 2.53 43 28 45

30 Morning 3 6 13.24 2.33 36 36 31

30 Morning 4 8 14.41 2.43 31 37 27

30 Both 1 4 10.71 3.06 47 27 47

30 Both 2 8 14.06 2.01 32 30 44

30 Both 3 12 15.76 2.22 26 36 29

30 Both 4 16 16.82 2.3 22 37 24

60 Dawn 1 1 1.47 2.07 61 11 61

60 Dawn 2 2 2.18 2.13 60 13 60

60 Dawn 3 3 2.94 2.63 59 15 59

60 Dawn 4 4 3.24 2.8 58 16 58

60 Morning 1 1 5.35 1.9 57 19 57

60 Morning 2 2 8.35 2.06 53 24 53

60 Morning 3 3 10.12 1.96 48 31 43

60 Morning 4 4 11.12 2.06 44 31 42

60 Both 1 2 6.06 2.28 56 21 56

60 Both 2 4 9.18 2.01 52 26 52

60 Both 3 6 10.94 2.01 45 32 39

60 Both 4 8 12.12 2.09 41 33 35

Point count 20 13.11 3.1 37 34 32

TABLE  1 (Continued)

F IGURE  2 The number of mean 
species observed per annotation scenario. 
Open circle indicates the mean species 
richness observed from the point count 
method.
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species richness (nestedness), but the most important variable in 
determining differences in composition (turnover).

Comparisons of durations across intensity–day phase scenarios 
(Figure  9) show dissimilarities due to nestedness across almost all 
scenarios (orange cells), and no dissimilarities due to turnover (gray 
cells). The highest nestedness dissimilarity values are found between 
durations of 1 day versus multiple days, and this effect is strongest in 
the morning and dawn day phases and at weak intensities of every 
30 and 60 min (darker orange cells). Thus, the duration variable inter-
acts with both day phase and intensity variables: richness is higher 
in the morning day phase (and necessarily in “both” condition as 
well) and richness decreases at weak sampling intensities. There is 
no dissimilarity due to species turnover between duration scenar-
ios, suggesting that the only duration-related differences in the as-
semblage are due to an increase in the number of species detected 
(nestedness); different species are not detected on different days, 
but rather the unique number of species accumulated increases 
with increased investment of days included for manual annotation. 
Duration is the least important of the three variables in this study in 
terms of richness, as evidenced by the relatively lowest nestedness 
values, and the least important variable regarding species composi-
tion, as all turnover values were 0.

4  | DISCUSSION

4.1  |  Bird richness

Whether manual annotation is used simply to directly obtain species 
richness estimates or to maximize novel vocalizations included in a 
training or validation dataset for machine learning classifications, we 
observed differences across all three variables in this study (inten-
sity, day phase, and duration). The effect sizes, however, differed 
between variables, whereby increasing the intensity of subsets 
within a day had the strongest effect. Subsetting across both day 
phases maximized species accumulated, but not significantly so, as 
most species are adequately captured in the morning period alone. 
Increasing duration, or additional days of recording, had the small-
est effect. Most species could be observed in the first 2 days of 
recording, in the morning period, and at a high recording intensity 
of every 3 or 6 min. Our results indicate that maximizing number of 
detected species would require subsetting at a high intensity, across 
both dawn and morning and for at least 2 days. If resources are lim-
ited—as they are in cases when researchers cannot or elect not to 
use automated classifiers—it appears that it is more important to in-
crease the intensity of recordings within 1 day, rather than reducing 

F IGURE  3 Species accumulation 
curves for four intensity–day phase–
duration scenarios and the point count 
survey method. The four scenarios were 
selected by their quartile rankings of 
1, 15, 30, 45, and 60 in the number of 
species observed through rarefaction 
sampling. Each curve represents the 
number of species detected from a given 
recording scenario (±95% CI) pooled from 
all 17 plots.

F IGURE  4 Boxplots of observed bird 
richness from 60 sampling scenarios, 
all plots pooled. Each panel depicts 
the same 60 scenarios, stratified by a 
different gradient (intensity, day phase, or 
duration). The dashed line represents the 
mean species richness observed by point 
counts across the same plots. Statistical 
significance at the 95% level is denoted 
by: * <.05, ** <.01, *** <.001, **** <.0001, 
and unmarked = not significant.
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intensity and increasing duration. Further, while most species can be 
observed in the morning, certain nocturnal and crepuscular species 
can only be observed in the dawn period.

Our study was performed on data originating from temperate 
forests and recorded during the peak of the breeding season. Our 
results indicate that intense subsetting during just 1 day is able to 

capture the majority of species, and an addition of 1 more day cap-
tures the great majority, and sometimes the maximum number of 
species able to be observed in this study. Wimmer et al. (2013) found 
that duration was not very important because the majority of spe-
cies are accumulated within the first day, which we also found. In a 
review of terrestrial acoustic monitoring studies, Sugai et al. (2020) 

F IGURE  5 Pairwise comparisons of intensities (every 3, 6, 15, 30, or 60 min in 1 h) by all possible dawn phase–duration scenarios. Green 
and blue color ramps indicate increasing beta dissimilarity according to Sorensen turnover and nestedness values, respectively. Numbers 
at the intersecting white space of the same duration represent the species richness yielded by that scenario to aid in the comparison 
of richness-related differences in nestedness versus turnover. Figures including beta diversity values in addition to color ramps in 
Appendix A.5.

F IGURE  6 Pairwise comparisons of day phases (dawn, morning, or both) by all possible intensity–duration scenarios. Green and purple 
color ramps indicate increasing beta dissimilarity according to Sorensen turnover and nestedness values, respectively. Numbers at the 
intersecting white space of the same duration represent the species richness yielded by that scenario to aid in the comparison of richness-
related differences in nestedness versus turnover. Figures including beta diversity values in addition to color ramps in Appendix A.5.
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recommend annotating from more than 1 day of recordings, and our 
results partially agree; however, according to our data, this effect 
plateaus after 2 days. Similarly, previous studies found that increas-
ing investment in more recordings over fewer days produced more 
accurate results than distributing that time over multiple days (La & 
Nudds, 2016; Wood et al., 2021), which our results strongly support.

We would like to highlight that recording across days in the early 
versus late breeding season may still be advantageous to fully char-
acterize the breeding bird assemblage due to phenological differ-
ences between resident and migratory species (Südbeck et al., 2005). 
Particular consideration should be taken when designing studies 
targeting species important to conservation such as woodpeckers, 
owls, and other birds of prey, which breed only once per season, 
by carefully choosing a time period within the breeding season with 
the highest target species vocal activity. We did not consider this as 
problematic for our study, since many bird species in our system have 
multiple clutches, and our recorders, therefore, captured a range of 
phases during the breeding cycle. Our study focused on the effect of 
consecutive recording days rather than spreading those days across 
the entirety of the breeding season. Further, our study was able to 

go beyond the scope of previous studies (Drake et al., 2021; Wood 
et al.,  2021), which could not disentangle the effect of additional 
minutes across the same period (intensity) from the effect of addi-
tional minutes across a wider period of time (coverage of day phases 
or the number of duration days). Our results indicate that both will 
result in higher species richness estimates (Figure 4), although mul-
tiday coverage matters less than intensity when trying to obtain a 
snapshot, or the majority, of breeding bird richness, as was the main 
intention of this study.

4.2  | Assemblage composition

Similar to bird richness, compositions differed by intensity, day 
phase, and duration (in decreasing order of effect size, respec-
tively). Compositional differences between scenarios can primarily 
be explained by nestedness, created by differences in sampling ef-
fort. Increased sampling effort increases the likelihood of detect-
ing additional species, which necessarily increases the discrepancy 
in species richness from scenarios with lower sampling effort. The 

F IGURE  7 Non-metric multidimensional scaling (NMDS) of species composition between dawn and morning recording periods in an 
intensity–duration scenario that produced almost equal bird richness observations (dawn = 31 species; morning = 32 species). The species 
names depict the distribution of species in two-dimensional ordination space according to their co-occurrence, and the purple dots depict 
how closely the 17 research plots (during either dawn or morning) are associated with a given species; each polygon links the outermost 
plots for the day phase periods.
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likelihood of detecting a given species is subject to variables outside 
the scale of intensity and day phase, such as breeding cycle (Gil & 
Llusia, 2020) and breeding status (Upham-Mills et al., 2020), meteor-
ological conditions and seasonal phenology (Slagsvold, 1977), noise 
pollution (Gil et al., 2015), and presence of conspecifics and interspe-
cifics (Amrhein & Erne, 2006; Dolan et al., 2007; Foote et al., 2011; 
Klump, 2019; Liu, 2004; Xia et al., 2014). Because we do not expect a 
significant variation on these factors at the limited temporal scale in 
which we collected our data, nor do we expect these factors to vary 
with our intensity and day phase gradients, we attribute this nest-
edness mainly to increased richness with increased sampling effort.

However, the likelihood of detecting species during the dawn or 
morning period can be predicted to a larger degree based on those 
species' ecological traits, implying turnover in addition to nested-
ness as the underlying driver of compositional differences across day 
phases. Our results show that the dawn period, regardless of sub-
setting duration or intensity, yielded different species assemblages 
than the morning period (Figure 6), even when comparing scenarios 
with similar richness values (Figure 7). Generally, the morning period 
yields higher species richness, while dawn recordings disproportion-
ately detect late-calling nocturnal species, crepuscular species, and 
early callers (Figure 8).

It is well established that onset of vocalization varies per spe-
cies (Allard,  1930; Allen,  1913). The common beginning of the 
sequence in European temperate forests is the robin (Erithacus 

rubecula), followed by the song thrush (Turdus philomelos), blackbird 
(Turdus merula), and the Eurasian wren (Troglodytes troglodytes) (Gil & 
Llusia, 2020). This predictable sequence is in part due to interspecific 
variations in light sensitivity per species, driven by eye size relative 
to body size (Thomas et al., 2002), feeding height (Berg et al., 2006), 
food guild (Chen et al., 2015), and differential responses to ambient 
light (Bruni et al., 2014; Dadwal & Bhatt, 2017; Miller, 2006). Our 
results aligned with these observations; in the earliest 1-min acous-
tic files, mainly robins, song thrushes, and blackbirds were detected, 
sometimes together with infrequent nocturnal and crepuscular birds 
such as tawny owl (Strix aluco), Tengmalm's owl (Aegolius funereus), 
pygmy owl (Glaucidium passerinum), or Eurasian woodcock (Scolopax 
rusticola) (Figure 8). The robin and three thrush species (song thrush, 
blackbird, and mistle thrush [Turdus viscivorus]) are all species sharing 
large eyes relative to their body size, and were also more frequently 
detected in the dawn than the morning period.

Other frequently detected species, such as the chaffinch 
(Fringilla coelebs) and coal tit (Periparus ater), began vocalizing later in 
the dawn period and their high vocal activity persisted throughout 
the morning period. This is perhaps due to high density and intra-
specific competition in these species, which according to the acous-
tic niche hypothesis (Krause, 1993) could favor the spread of their 
vocal activity across time. In the morning period, there were more 
frequent detections of multiple forest species which occur in low 
densities (e.g., northern raven [Corvus corax]), are highly specialized 

F IGURE  8 Bird occurrence relative to time since dawn taken from the highest sampling scenario (every 3 min intensity, both dawn and 
morning day phases, for a duration of 4 days). The color ramp displays the number of plots in which a given species was observed for a 
specific time since dawn, at 3-min intervals (i.e., the darker the color, the more plots that species was observed at that particular time). If a 
species was observed in a given plot at a given time on more than 1 day, it was only counted once.
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(e.g., middle-spotted woodpecker [Dendrocoptes medius]), and threat-
ened at the local level (wood warbler [Phylloscopus sibilatrix]; Bauer 
et al., 2016), or are resident birds that have a vocal activity peak ear-
lier in the season, such as most woodpeckers (Billerman et al., 2020). 
Therefore, according to a researcher's aims—maximizing richness or 
the detection of particular species or groups—different phases of 
the morning are differently suited to those goals. Our results are 
generally most applicable to studies that do not target particular 
species, but rather aim to estimate the entire bird assemblage (at 
either the local or study area scale). Threatened species may require 
further testing and refining to adequately monitor population trends 
over time (e.g., Pérez-Granados et al., 2018).

Nevertheless, interpretation of these results should be made 
with care for species that were detected only on one or few plots. 
Similar to bird composition, Wood et al. (2021) investigated assem-
blage structure, specifically the proportion of rare species in an 
assemblage, and the probability of different recording scenarios 
over- or underestimating the number of rare species in that assem-
blage. The greater the number of rare species occurring in a bird 
assemblage, the more species richness was underestimated across 
sites. Assemblages in our study area are comprised of few rare spe-
cies and mainly of species with generalist habitat requirements and 
high vocalization rates, as is typical of managed Central and Western 
European forests (Mikusiński et al., 2018). There were rare obser-
vations in our dataset (very light-blue squares in Figure 8), although 
that was in some cases due to non-forest species being observed 
by chance (e.g., one observation of Egyptian Goose [Alopochen 

aegyptiaca]), which conveys no information about the rarity of a spe-
cies using a forested habitat. However, relatively few observations 
of others species do indeed indicate their rarity, and results from this 
study can help target and increase the probability of their detection. 
For example, from manual annotations, we observed several region-
ally rare or more locally occurring forest species (Bauer et al., 2016) 
in several plots (Figure 8), such as the stock dove (Columba oenas), 
middle-spotted woodpecker, spotted flycatcher (Muscicapa stri-
ata), and spotted nutcracker (Nucifraga caryocatactes). Our data 
are limited in the conclusions that we can draw about species rar-
ity because without accurate abundance estimates, we cannot dis-
entangle the variations in vocalization rates by species (Balantic & 
Donovan, 2019) and their abundance in our study region. Our results 
are directly applicable to other studies in central European forests 
with mostly generalist bird assemblages using habitats with a high 
proportion of conifers, active silvicultural management, and in land-
scapes with a long history of anthropogenic use. Strictly protected 
forests, old-growth forests, or forests near water bodies would likely 
contain more specialist species with differing detection probabilities 
and/or vocal activity rates.

4.3  | Manual annotation compared to the point 
count method

Comparing all annotation scenarios at the local and study area 
scale with equal to or less than the survey effort of point counts, 

F IGURE  9 Pair-wise comparisons of durations (1, 2, 3, or 4 days) by all possible intensity–duration scenarios. Green and orange color 
ramps indicate increasing beta dissimilarity according to Sorensen turnover and nestedness values, respectively. Numbers at the intersecting 
white space of the same duration represent the species richness yielded by that scenario to aid in the comparison of richness-related 
differences in nestedness versus turnover. Figures including beta diversity values in addition to color ramps in Appendix A.5.
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all scenarios yielded higher richness values than point counts. 
However, this was not the primary question in our study, and 
this strong difference is mainly due to leveraging the capability 
of recorders to distribute audio samples over non-consecutive 
time periods, while point counts necessitate consecutive min-
utes of survey effort. Other explanations are the passive quality 
of recorders, which negate flushing/avoidance effects created 
by human observers (Darras et al.,  2018) and can generally 
be in the field at times when observers cannot, such as night 
or dawn. Other studies comparing point counts to identifica-
tions from an audio file found either similar outcomes between 
methods (Alquezar & Machado, 2015; Castro et al., 2019; Darras 
et al.,  2018; McGuire et al.,  2011; Van Wilgenburg et al.,  2017; 
Yip et al., 2017) or that recorders outperformed humans (Borker 
et al., 2015; Digby et al., 2013; Haselmayer & Quinn, 2000; Hutto 
& Stutzman, 2009; Klingbeil & Willig, 2015; Sedláček et al., 2015; 
Shaw, Hedes, et al., 2021; Tegeler et al., 2012; Venier et al., 2012; 
Zwart et al., 2014). However, most of these studies compared con-
secutive recordings with consecutive point count minutes, where 
the visual advantage of point counts is maximized and the tem-
poral distribution advantage of recorders is nullified. Additional 
advantages of manual annotations of acoustic data include the 
minimization of observer bias and the possibility for an observer to 
replay recordings, isolate particular frequency bands or time seg-
ments, and view recordings as spectrograms. However, additional 
effort should be accounted for when considering the use of these 
benefits (approximately 2:1 effort ratio; Wimmer et al.,  2013). 
Drawbacks include technical failure, lack of visual confirma-
tion of species and their associated microhabitats (Shonfield & 
Bayne, 2017), and identification uncertainty due to the occurrence 
of vocal mimicry in some bird species or truncated vocalizations. 
Given those considerations, the ability to estimate abundance 
(Bombaci & Pejchar, 2018; Van Wilgenburg et al., 2017) and cre-
ate additional metrics such as multiple birds per file, occurrence 
frequency, and vocal activity rate are promising (Pérez-Granados 
& Traba, 2021; Shaw, Müller, & Scherer-Lorenzen, 2021).

5  |  CONCLUSION

Efficient allocation of annotation effort for species-level identifica-
tion is important for producing bioacoustic species richness estimates 
or training and validating more scalable automated classification al-
gorithms. Based on our results, we recommend that researchers in 
central European forests whose primary goal is to maximize number 
of unique detected species prioritize recording intensity (number of 
minutes within an hour) in the morning period (in our case yielding 
80% of known species from 20 min of audio). However, additional 
unique species can be added by including a dawn recording period 
on the same day (88% of species from 40 min), and maximum relative 
richness was obtained by adding 1 more day at the same intensity–
day phase combination (100%); however, this doubles the time from 
40 to 80 min per plot. Further, we urge researchers to also consider 

the species composition that their subsetting approach yields. If a 
survey's aim is to detect the most species possible, different design 
parameters will produce dissimilar assemblage compositions, poten-
tially omitting rare or crepuscular species, species representing ad-
ditional functional groups and natural history guilds, or species of 
higher conservation concern. We do not recommend one particular 
subsetting regime for all annotation objectives, but simply present 
multiple scenarios for researchers to understand how intensity, day 
phase, and duration interact in order to identify the best subsetting 
regime for one's particular research interests. Generally, however, 
we expect the intensity and day phase parameters to be important 
in any habitat with a distinct bird breeding season and a dawn chorus 
phenology, respectively. It is our hope that these data prove useful 
in optimizing breeding season acoustic survey programs for temper-
ate forested regions and allow future studies to make efficient use 
of resources to achieve their conservation, monitoring, and research 
goals.

AUTHOR CONTRIBUTIONS
Taylor Shaw: Conceptualization (lead); formal analysis (lead); in-
vestigation (equal); methodology (lead); visualization (lead); writing 
–  original draft (lead); writing –  review and editing (equal). Sina-
Rebekka Schönamsgruber: Data curation (lead); formal analysis 
(supporting); investigation (equal); visualization (supporting); writ-
ing – review and editing (supporting). João M. Cordeiro Pereira: 
Conceptualization (supporting); data curation (supporting); investi-
gation (supporting); writing –  review and editing (equal). Grzegorz 
Mikusiński: Conceptualization (supporting); supervision (support-
ing); writing – review and editing (equal).

ACKNOWLEDGMENTS
We would like to thank our two anonymous reviewers and edi-
tors, whose comments greatly improved this manuscript. We would 
also like to thank Michał Żmihorski, Sara Klingenfuss, and Martin 
Mörsdorf for their helpful suggestions, and Jakob Wildraut, Tom 
Trujin, Logan Bates-Mundell, Robert Rieger, and Stefan Tonn for 
their assistance in the field as we shared data collection tasks for 
multiple fieldwork projects.  Open Access funding enabled and or-
ganized by Projekt DEAL.

FUNDING INFORMATION
This study was part of the Research Training Group ConFoBi (GRK 
2123/2), which is funded by the German Research Foundation (DFG). 
This work was also funded by State Graduate Funding of Baden-
Württemberg, through the University of Freiburg's International 
Graduate Academy (IGA).

CONFLICT OF INTEREST
The authors declare no conflict of interest.

DATA AVAILABILITY STATEMENT
The data that support the findings of this study are openly available 
at Open Science Forum (OSF), https://osf.io/uq3cv/.

https://osf.io/uq3cv/


    | 15 of 22SHAW et al.

ORCID
Taylor Shaw   https://orcid.org/0000-0003-4117-4552 
João M. Cordeiro Pereira   https://orcid.
org/0000-0002-3476-1655 
Grzegorz Mikusiński   https://orcid.org/0000-0003-1400-913X 

REFERENCES
Allard, H. A. (1930). The first morning song of some birds of Washington, 

D.C.; its relation to light. The American Naturalist, 64(694), 436–469. 
https://doi.org/10.1086/280329

Allen, F. H. (1913). More notes on the morning awakening. The Auk, 30(2), 
229–235. https://doi.org/10.2307/4071548

Alquezar, R. D., & Machado, R. B. (2015). Comparisons between autono-
mous acoustic recordings and avian point counts in open woodland 
savanna. The Wilson Journal of Ornithology, 127(4), 712–723. https://
doi.org/10.1676/14-104.1

Amrhein, V., & Erne, N. (2006). Dawn singing reflects past territorial 
challenges in the winter wren. Animal Behaviour, 71(5), 1075–1080. 
https://doi.org/10.1016/j.anbeh​av.2005.07.023

Balantic, C., & Donovan, T. (2019). Dynamic wildlife occupancy models 
using automated acoustic monitoring data. Ecological Applications, 
29(3), e01854. https://doi.org/10.1002/eap.1854

Balestrieri, R., Basile, M., Posillico, M., Altea, T., De Cinti, B., & Matteucci, 
G. (2015). A guild-based approach to assessing the influence of 
beech forest structure on bird communities. Forest Ecology and 
Management, 356, 216–223.

Balestrieri, R., Basile, M., Posillico, M., Altea, T., & Matteucci, G. 
(2017). Survey effort requirements for bird community assess-
ment in forest habitats. Acta Ornithologica, 52(1), 1–9. https://doi.
org/10.3161/00016​454AO​2017.52.1.001

Baselga, A., Orme, D., Villeger, S., de Bortoli, J., Lepieur, F. & Logez, M. 
(2022). betapart: Partitioning beta diversity into turnover and nest-
edness components. R package version 1.5.6. http://CRAN.R-proje​
ct.org/packa​ge=betapart

Basile, M., Asbeck, T., Cordeiro Pereira, J. M., Mikusiński, G., & Storch, I. 
(2021). Species co-occurrence and management intensity modulate 
habitat preferences of forest birds. BMC Biology, 19(1), 210. https://
doi.org/10.1186/s1291​5-021-01136​-8

Basile, M., Storch, I., & Mikusiński, G. (2021). Abundance, species richness 
and diversity of forest bird assemblages – The relative importance 
of habitat structures and landscape context. Ecological Indicators, 
133, 108402. https://doi.org/10.1016/j.ecoli​nd.2021.108402

Bauer, H.-G., Boschert, M., Förschler, M. I., Hölzinger, J., Kramer, M., & 
Mahler, U. (2016). Rote Liste und kommentiertes Verzeichnis der 
Brutvogelarten Baden-Württembergs. 6. Fassung. Stand 31. 12. 
2013. – Naturschutz-Praxis Artenschutz 11.

Berg, K. S., Brumfield, R. T., & Apanius, V. (2006). Phylogenetic and eco-
logical determinants of the neotropical dawn chorus. Proceedings 
of the Royal Society B: Biological Sciences, 273(1589), 999–1005. 
https://doi.org/10.1098/rspb.2005.3410

Billerman, S. M., Keeney, B. K., Rodewald, P. G., & Schulenberg, T. S. 
(Eds.). (2020). Birds of the world. Cornell Laboratory of Ornithology.

Bombaci, S. P., & Pejchar, L. (2018). Using paired acoustic sampling to 
enhance population monitoring of New Zealand's forest birds. New 
Zealand Journal of Ecology, 43(1), 1–11.

Borker, A. L., Halbert, P., Mckown, M. W., Tershy, B. R., & Croll, D. A. 
(2015). A comparison of automated and traditional monitoring 
techniques for marbled murrelets using passive acoustic sensors. 
Wildlife Society Bulletin, 39(4), 813–818. https://doi.org/10.1002/
wsb.608

Brewster, J. P., & Simons, T. R. (2009). Testing the importance of auditory 
detections in avian point counts. Journal of Field Ornithology, 80(2), 
178–182.

Brlík, V., Šilarová, E., Škorpilová, J., Alonso, H., Anton, M., Aunins, A., 
Benkö, Z., Biver, G., Busch, M., Chodkiewicz, T., Chylarecki, P., 
Coombes, D., de Carli, E., del Moral, J. C., Derouaux, A., Escandell, 
V., Eskildsen, D. P., Fontaine, B., Foppen, R. P. B., … Klvaňová, A. 
(2021). Long-term and large-scale multispecies dataset tracking 
population changes of common European breeding birds. Scientific 
Data, 8(1), 21. https://doi.org/10.1038/s4159​7-021-00804​-2

Brooks, M., Kristensen, K., van Benthem, K., Magnusson, A., Berg, C., 
Nielsen, A., Skaug, H. J., Mächler, M., & Bolker, B. M. (2017). glm-
mTMB balances speed and flexibility among packages for zero-
inflated generalized linear mixed modelling. The R Journal, 9(2), 
378–400. https://doi.org/10.32614/​RJ-2017-066

Bruni, A., Mennill, D. J., & Foote, J. R. (2014). Dawn chorus start time 
variation in a temperate bird community: Relationships with sea-
sonality, weather, and ambient light. Journal of Ornithology, 155(4), 
877–890. https://doi.org/10.1007/s1033​6-014-1071-7

Burns, F., Eaton, M. A., Burfield, I. J., Klvaňová, A., Šilarová, E., Staneva, 
A., & Gregory, R. D. (2021). Abundance decline in the avifauna of 
the European Union reveals cross-continental similarities in bio-
diversity change. Ecology and Evolution, 11(23), 16647–16660. 
https://doi.org/10.1002/ece3.8282

Castro, I., Rosa, A. D., Priyadarshani, N., Bradbury, L., & Marsland, S. 
(2019). Experimental test of birdcall detection by autonomous re-
corder units and by human observers using broadcast. Ecology and 
Evolution, 9(5), 2376–2397. https://doi.org/10.1002/ece3.4775

Chao, A., Gotelli, N. J., Hsieh, T. C., Sander, E. L., Ma, K. H., Colwell, R. 
K., & Ellison, A. M. (2014). Rarefaction and extrapolation with Hill 
numbers: A framework for sampling and estimation in species di-
versity studies. Ecological Monographs, 84(1), 45–67. https://doi.
org/10.1890/13-0133.1

Chen, W.-M., Lee, Y.-F., Tsai, C.-F., Yao, C.-T., Chen, Y.-H., Li, S.-H., & 
Kuo, Y.-M. (2015). Dawn chorus variation in East-Asian tropi-
cal montane forest birds and its ecological and morphological 
correlates. Contributions to Zoology, 84(3), 255–265. https://doi.
org/10.1163/18759​866-08403005

Cook, A., & Hartley, S. (2018). Efficient sampling of avian acoustic re-
cordings: Intermittent subsamples improve estimates of single spe-
cies prevalence and total species richness. Avian Conservation and 
Ecology, 13(1), 21. https://doi.org/10.5751/ACE-01221​-130121

Dadwal, N., & Bhatt, D. (2017). Influence of astronomical (lunar)/meteo-
rological factors on the onset of dawn song chorus in the pied bush 
chat (Saxicola caprata). Current Science, 113(2), 329–334.

Darras, K., Batáry, P., Furnas, B., Celis-Murillo, A., Van Wilgenburg, S. 
L., Mulyani, Y. A., & Tscharntke, T. (2018). Comparing the sampling 
performance of sound recorders versus point counts in bird sur-
veys: A meta-analysis. Journal of Applied Ecology, 55(6), 2575–2586. 
https://doi.org/10.1111/1365-2664.13229

de Araújo, C. B. (2013). World animal sound archives and collections: 
Assessment of the current global coverage. XXIV International 
Bioacoustics Congress (IBAC), Pirenópolis, Brazil, 8–13, September, 
2022.

de Araújo, C. B., Jardim, M., Saturnino, N. d. S. F., Rosa, G. M., Lima, M. R., 
& dos Anjos, L. (2021). The optimal listening period for an effective 
assessment of bird richness and composition: A case study of neo-
tropical forest. Journal of Ornithology, 162(1), 303–306. https://doi.
org/10.1007/s1033​6-020-01812​-6

Denton, T., Wisdom, S., & Hershey, J. R. (2022). “Improving bird classi-
fication with unsupervised sound separation,” ICASSP 2022–2022 
IEEE International Conference on Acoustics, Speech and Signal 
Processing (ICASSP), 2022, pp. 636–640. https://doi.org/10.1109/
ICASS​P43922.2022.9747202.

Devictor, V., Julliard, R., Clavel, J., Jiguet, F., Lee, A., & Couvet, D. 
(2008). Functional biotic homogenization of bird communities 
in disturbed landscapes. Global Ecology and Biogeography, 17(2), 
252–261.

https://orcid.org/0000-0003-4117-4552
https://orcid.org/0000-0003-4117-4552
https://orcid.org/0000-0002-3476-1655
https://orcid.org/0000-0002-3476-1655
https://orcid.org/0000-0002-3476-1655
https://orcid.org/0000-0003-1400-913X
https://orcid.org/0000-0003-1400-913X
https://doi.org/10.1086/280329
https://doi.org/10.2307/4071548
https://doi.org/10.1676/14-104.1
https://doi.org/10.1676/14-104.1
https://doi.org/10.1016/j.anbehav.2005.07.023
https://doi.org/10.1002/eap.1854
https://doi.org/10.3161/00016454AO2017.52.1.001
https://doi.org/10.3161/00016454AO2017.52.1.001
http://cran.r-project.org/package=betapart
http://cran.r-project.org/package=betapart
https://doi.org/10.1186/s12915-021-01136-8
https://doi.org/10.1186/s12915-021-01136-8
https://doi.org/10.1016/j.ecolind.2021.108402
https://doi.org/10.1098/rspb.2005.3410
https://doi.org/10.1002/wsb.608
https://doi.org/10.1002/wsb.608
https://doi.org/10.1038/s41597-021-00804-2
https://doi.org/10.32614/RJ-2017-066
https://doi.org/10.1007/s10336-014-1071-7
https://doi.org/10.1002/ece3.8282
https://doi.org/10.1002/ece3.4775
https://doi.org/10.1890/13-0133.1
https://doi.org/10.1890/13-0133.1
https://doi.org/10.1163/18759866-08403005
https://doi.org/10.1163/18759866-08403005
https://doi.org/10.5751/ACE-01221-130121
https://doi.org/10.1111/1365-2664.13229
https://doi.org/10.1007/s10336-020-01812-6
https://doi.org/10.1007/s10336-020-01812-6
https://doi.org/10.1109/ICASSP43922.2022.9747202
https://doi.org/10.1109/ICASSP43922.2022.9747202


16 of 22  |     SHAW et al.

Digby, A., Towsey, M., Bell, B. D., & Teal, P. D. (2013). A practical com-
parison of manual and autonomous methods for acoustic monitor-
ing. Methods in Ecology and Evolution, 4(7), 675–683. https://doi.
org/10.1111/2041-210X.12060

Dolan, A., Sexton, K., Redmond, L., & Murphy, M. (2007). Dawn song 
of eastern kingbirds: Intrapopulation variability and sociobio-
logical correlates. Behaviour, 144(10), 1273–1295. https://doi.
org/10.1163/15685​39077​81890922

Drake, A., de Zwaan, D. R., Altamirano, T. A., Wilson, S., Hick, K., Bravo, 
C., Ibarra, J. T., & Martin, K. (2021). Combining point counts and 
autonomous recording units improves avian survey efficacy across 
elevational gradients on two continents. Ecology and Evolution, 
11(13), 8654–8682. https://doi.org/10.1002/ece3.7678

Foote, J. R., Fitzsimmons, L. P., Mennill, D. J., & Ratcliffe, L. M. (2011). 
Male black-capped chickadees begin dawn chorusing earlier in re-
sponse to simulated territorial insertions. Animal Behaviour, 81(4), 
871–877. https://doi.org/10.1016/j.anbeh​av.2011.01.028

Gasc, A., Francomano, D., Dunning, J. B., & Pijanowski, B. C. (2017). 
Future directions for soundscape ecology: The importance of or-
nithological contributions. The Auk, 134(1), 215–228. https://doi.
org/10.1642/AUK-16-124.1

Gibbons, D. W., Hill, D., & Sutherland, W. J. (1996). Birds. In W. J. 
Sutherland (Ed.), Ecological census techniques: A handbook (pp. 227–
259). Cambridge University Press.

Gil, D., Honarmand, M., Pascual, J., Pérez-Mena, E., & Macías Garcia, C. 
(2015). Birds living near airports advance their dawn chorus and 
reduce overlap with aircraft noise. Behavioral Ecology, 26(2), 435–
443. https://doi.org/10.1093/behec​o/aru207

Gil, D., & Llusia, D. (2020). The bird Dawn chorus revisited. In T. Aubin & 
N. Mathevon (Eds.), Coding strategies in vertebrate acoustic commu-
nication (pp. 45–90). Springer International Publishing. https://doi.
org/10.1007/978-3-030-39200​-0_3

Green, R. E., Sutherland, W. J., & Newton, I. (2010). Bird ecology and con-
servation: A handbook of techniques. Oxford University Press.

Gregory, R. D., Gibbons, D. W., & Donald, P. F. (2004). Bird census and survey 
techniques. In W. J. Sutherland, I. Newton, & R. Green (Eds.), Bird ecol-
ogy and conservation: A handbook of techniques. Oxford University Press. 
https://doi.org/10.1093/acpro​f:oso/97801​98520​863.003.0002

Gregory, R. D., Van Strien, A., Vorisek, P., Meyling, A. W. G., Noble, D. G., 
Foppen, R. P. B., & Gibbons, D. W. (2005). Developing indicators 
for European birds. Philosophical Transactions of the Royal Society B: 
Biological Sciences, 360(1454), 269–288.

Gustafsson, L., Bauhus, J., Asbeck, T., Augustynczik, A. L. D., Basile, M., 
Frey, J., Gutzat, F., Hanewinkel, M., Helbach, J., & Jonker, M. (2020). 
Retention as an integrated biodiversity conservation approach for 
continuous-cover forestry in Europe. Ambio, 49(1), 85–97.

Hartig, F. (2022). DHARMa: Residual Diagnostics for Hierarchical (Multi-
level/Mixed) Regression Models. R package version 0.4.5. https://
CRAN.R-proje​ct.org/packa​ge=DHARMa

Haselmayer, J., & Quinn, J. S. (2000). A comparison of point counts and 
sound recording as bird survey methods in Amazonian Southeast 
Peru. The Condor, 102(4), 887–893. https://doi.org/10.1093/condo​
r/102.4.887

Hinsley, S., Hill, R., Fuller, R., Bellamy, P., & Rothery, P. (2009). Bird spe-
cies distributions across woodland canopy structure gradients. 
Community Ecology, 10(1), 99–110.

Hsieh, T. C., Ma, K. H., & Chao, A. (2016). iNEXT: An R package for rar-
efaction and extrapolation of species diversity (Hill numbers). 
Methods in Ecology and Evolution, 7(12), 1451–1456. https://doi.
org/10.1111/2041-210X.12613

Huang, Y.-P., & Basanta, H. (2021). Recognition of endemic bird spe-
cies using deep learning models. IEEE Access, 9, 102975–102984. 
https://doi.org/10.1109/ACCESS.2021.3098532

Hutto, R. L., & Stutzman, R. J. (2009). Humans versus auton-
omous recording units: A comparison of point-count 

results. Journal of Field Ornithology, 80(4), 387–398. https://doi.
org/10.1111/j.1557-9263.2009.00245.x

Joppa, L. N. (2017). The case for technology investments in the environ-
ment. Nature, 552(7685), 325–328. https://doi.org/10.1038/d4158​
6-017-08675​-7

Kahl, S., Wood, C. M., Eibl, M., & Klinck, H. (2021). BirdNET: A deep learn-
ing solution for avian diversity monitoring. Ecological Informatics, 
61, 101236. https://doi.org/10.1016/j.ecoinf.2021.101236

Klingbeil, B. T., & Willig, M. R. (2015). Bird biodiversity assessments 
in temperate forest: The value of point count versus acoustic 
monitoring protocols. PeerJ, 3, e973. https://doi.org/10.7717/
peerj.973

Klump, G. M. (2019). 18. Bird communication in the noisy world. In D. 
E. Kroodsma & E. H. Miller (Eds.), Ecology and evolution of acous-
tic communication in birds (pp. 321–338). Cornell University Press. 
https://doi.org/10.7591/97815​01736​957-026

Knaus, P., Antoniazza, S., Wechsler, S., Guélat, J., Kéry, M., Strebel, N., & 
Sattler, T. (2018). Swiss breeding bird Atlas 2013–2016. Distribution 
and population trends of birds in Switzerland and Liechtenstein. Swiss 
Ornithological Institute.

Krause, B. (1993). The niche hypothesis, a hidden symphony of animal 
sounds, the origins of musical expression and the health of habitats. 
The Soundscape Newsletter, 6, 6–10.

La, V. T., & Nudds, T. D. (2016). Estimation of avian species richness: 
Biases in morning surveys and efficient sampling from acous-
tic recordings. Ecosphere, 7(4), e01294. https://doi.org/10.1002/
ecs2.1294

Leopold, A., & Eynon, A. E. (1961). Avian daybreak and evening song 
in relation to time and light intensity. The Condor, 63(4), 269–293. 
https://doi.org/10.2307/1365621

Ligges, U., Krey, S., Mersmann, O., & Schnackenberg, S. (2018). tuneR: 
Analysis of music and speech. https://CRAN.R-proje​ct.org/packa​
ge=tuneR

Liu, M., Sun, Q., Brewer, D. E., Gehring, T. M., & Eickholt, J. (2022). An 
Ornithologist's guide for including machine learning in a workflow 
to identify a secretive focal species from recorded audio. Remote 
Sensing, 14(15), 3816. https://doi.org/10.3390/rs141​53816

Liu, W.-C. (2004). The effect of neighbours and females on dawn 
and daytime singing behaviours by male chipping sparrows. 
Animal Behaviour, 68(1), 39–44. https://doi.org/10.1016/j.anbeh​
av.2003.06.022

McGuire, A., Johnston, G., Robertson, J., & Kleindorfer, S. (2011). 
Comparison of survey methods for detection of the elusive 
Western Whipbird, Psophodes nigrogularis, with notes on its distri-
bution. South Australian Ornithologist, 37, 49–59.

Mikusiński, G., Roberge, J.-M., & Fuller, R. J. (2018). Ecology and conserva-
tion of forest birds. Cambridge University Press.

Miller, M. W. (2006). Apparent effects of light pollution on singing be-
havior of American robins. The Condor, 108, 130–139. https://doi.
org/10.1093/condo​r/108.1.130

Pérez-Granados, C., Bota, G., Giralt, D., & Traba, J. (2018). A cost-
effective protocol for monitoring birds using autonomous record-
ing units: A case study with a night-time singing passerine. Bird 
Study, 65(3), 338–345.

Pérez-Granados, C., & Traba, J. (2021). Estimating bird density using pas-
sive acoustic monitoring: A review of methods and suggestions for 
further research. Ibis, 163(3), 765–783. https://doi.org/10.1111/
ibi.12944

R Core Team. (2021). R: A language and environment for statistical comput-
ing. R Foundation for Statistical Computing. https://www.R-proje​
ct.org/

Radu, S. (2006). The ecological role of deadwood in natural forests. In 
D. Gafta & J. Akeroyd (Eds.), Nature conservation. Environmental sci-
ence and engineering (environmental science). Springer. https://doi.
org/10.1007/978-3-540-47229​-2_16

https://doi.org/10.1111/2041-210X.12060
https://doi.org/10.1111/2041-210X.12060
https://doi.org/10.1163/156853907781890922
https://doi.org/10.1163/156853907781890922
https://doi.org/10.1002/ece3.7678
https://doi.org/10.1016/j.anbehav.2011.01.028
https://doi.org/10.1642/AUK-16-124.1
https://doi.org/10.1642/AUK-16-124.1
https://doi.org/10.1093/beheco/aru207
https://doi.org/10.1007/978-3-030-39200-0_3
https://doi.org/10.1007/978-3-030-39200-0_3
https://doi.org/10.1093/acprof:oso/9780198520863.003.0002
https://cran.r-project.org/package=DHARMa
https://cran.r-project.org/package=DHARMa
https://doi.org/10.1093/condor/102.4.887
https://doi.org/10.1093/condor/102.4.887
https://doi.org/10.1111/2041-210X.12613
https://doi.org/10.1111/2041-210X.12613
https://doi.org/10.1109/ACCESS.2021.3098532
https://doi.org/10.1111/j.1557-9263.2009.00245.x
https://doi.org/10.1111/j.1557-9263.2009.00245.x
https://doi.org/10.1038/d41586-017-08675-7
https://doi.org/10.1038/d41586-017-08675-7
https://doi.org/10.1016/j.ecoinf.2021.101236
https://doi.org/10.7717/peerj.973
https://doi.org/10.7717/peerj.973
https://doi.org/10.7591/9781501736957-026
https://doi.org/10.1002/ecs2.1294
https://doi.org/10.1002/ecs2.1294
https://doi.org/10.2307/1365621
https://cran.r-project.org/package=tuneR
https://cran.r-project.org/package=tuneR
https://doi.org/10.3390/rs14153816
https://doi.org/10.1016/j.anbehav.2003.06.022
https://doi.org/10.1016/j.anbehav.2003.06.022
https://doi.org/10.1093/condor/108.1.130
https://doi.org/10.1093/condor/108.1.130
https://doi.org/10.1111/ibi.12944
https://doi.org/10.1111/ibi.12944
https://www.r-project.org/
https://www.r-project.org/
https://doi.org/10.1007/978-3-540-47229-2_16
https://doi.org/10.1007/978-3-540-47229-2_16


    | 17 of 22SHAW et al.

Ralph, C. J., Droege, S., & Sauer, J. R. (1995). Managing and monitoring 
birds using point counts: Standards and applications. In C. J. Ralph, 
J. R. Sauer, & S. Droege, Technical Editors. Monitoring bird popu-
lations by point counts. Gen. Tech. Rep. PSW-GTR-149 (pp. 161–
168, 149). U.S. Department of Agriculture, Forest Service, Pacific 
Southwest Research Station. http://www.fs.usda.gov/trees​earch/​
pubs/31755

Rempel, R. S., Hobson, K. A., Holborn, G., Wilgenburg, S. L. V., & Elliott, 
J. (2005). Bioacoustic monitoring of forest songbirds: Interpreter 
variability and effects of configuration and digital processing 
methods in the laboratory. Journal of Field Ornithology, 76(1), 1–11. 
https://doi.org/10.1648/0273-8570-76.1.1

Sauer, J. R., Link, W. A., Fallon, J. E., Pardieck, K. L., & Ziolkowski, D. J., 
Jr. (2013). The North American breeding bird survey 1966–2011: 
Summary analysis and species accounts. North American Fauna, 
79(79), 1–32. https://doi.org/10.3996/nafa.79.0001

Schall, P., Gossner, M. M., Heinrichs, S., Fischer, M., Boch, S., Prati, D., 
Jung, K., Baumgartner, V., Blaser, S., Böhm, S., Buscot, F., Daniel, R., 
Goldmann, K., Kaiser, K., Kahl, T., Lange, M., Müller, J., Overmann, 
J., Renner, S. C., … Ammer, C. (2018). The impact of even-aged and 
uneven-aged forest management on regional biodiversity of multi-
ple taxa in European beech forests. Journal of Applied Ecology, 55, 
267–278. https://doi.org/10.1111/1365-2664.12950

Sedláček, O., Vokurková, J., Ferenc, M., Djomo, E. N., Albrecht, T., & 
Hořák, D. (2015). A comparison of point counts with a new acoustic 
sampling method: A case study of a bird community from the mon-
tane forests of Mount Cameroon. Ostrich, 86(3), 213–220. https://
doi.org/10.2989/00306​525.2015.1049669

Shaw, T., Hedes, R., Sandstrom, A., Ruete, A., Hiron, M., Hedblom, M., 
Eggers, S., & Mikusiński, G. (2021). Hybrid bioacoustic and eco-
acoustic analyses provide new links between bird assemblages 
and habitat quality in a winter boreal forest. Environmental and 
Sustainability Indicators, 11, 100141. https://doi.org/10.1016/j.
indic.2021.100141

Shaw, T., Müller, S., & Scherer-Lorenzen, M. (2021). Slope does not affect 
autonomous recorder detection shape: Considerations for acous-
tic monitoring in forested landscapes. Bioacoustics, 1–22, 261–282. 
https://doi.org/10.1080/09524​622.2021.1925590

Shonfield, J., & Bayne, E. (2017). Autonomous recording units in avian 
ecological research: Current use and future applications. Avian 
Conservation and Ecology, 12(1). https://doi.org/10.5751/ACE-
00974​-120114

Slagsvold, T. (1977). Bird song activity in relation to breeding cycle, 
spring weather, and environmental phenology. Ornis Scandinavica 
(Scandinavian Journal of Ornithology), 8(2), 197–222. https://doi.
org/10.2307/3676105

Slowikowski, K. (2021). ggrepel: Automatically Position Non-Overlapping 
Text Labels with 'ggplot2'. R package version 0.9.1. https://CRAN.R-
proje​ct.org/packa​ge=ggrepel

Socolar, J. B., Gilroy, J. J., Kunin, W. E., & Edwards, D. P. (2016). How 
should beta-diversity inform biodiversity conservation? Trends 
in Ecology & Evolution, 31(1), 67–80. https://doi.org/10.1016/j.
tree.2015.11.005

Sorace, A., Gustin, M., Calvario, E., Ianniello, L., Sarrocco, S., & Carere, C. 
(2000). Assessing bird communities by point counts: Repeated ses-
sions and their duration. Acta Ornithologica, 35(2), 197–202. https://
doi.org/10.3161/068.035.0213

Stephens, P. A., Mason, L. R., Green, R. E., Gregory, R. D., Sauer, J. R., 
Alison, J., Aunins, A., Brotons, L., Butchart, S. H., Campedelli, T., 
Chodkiewicz, T., Chylarecki, P., Crowe, O., Elts, J., Escandell, V., 
Foppen, R. P., Heldbjerg, H., Herrando, S., Husby, M., … Willis, S. G. 
(2016). Consistent response of bird populations to climate change 
on two continents. Science, 352(6281), 84–87.

Storch, I., Penner, J., Asbeck, T., Basile, M., Bauhus, J., Braunisch, V., 
Dormann, C. F., Frey, J., Gärtner, S., Hanewinkel, M., Koch, B., Klein, 
A.-M., Kuss, T., Pregernig, M., Pyttel, P., Reif, A., Scherer-Lorenzen, 

M., Segelbacher, G., Schraml, U., … Yousefpour, R. (2020b). 
Evaluating the effectiveness of retention forestry to enhance bio-
diversity in production forests of Central Europe using an interdis-
ciplinary, multi-scale approach. Ecology and Evolution, 10(3), 1489–
1509. https://doi.org/10.1002/ece3.6003

Stowell, D., Wood, M. D., Pamuła, H., Stylianou, Y., & Glotin, 
H. (2019). Automatic acoustic detection of birds through 
deep learning: The first bird audio detection challenge. 
Methods in Ecology and Evolution, 10(3), 368–380. https://doi.
org/10.1111/2041-210X.13103

Südbeck, P., Andretzke, H., Gedeon, K., Schikore, T., Schröder, K., 
Fischer, S., & Sudfeldt, C. (Eds.). (2005). Methodenstandards zur 
erfassung der Brutvögel Deutschlands. Max-Planck-Institut für 
Ornithologie.

Sueur, J., Aubin, T., & Simonis, C. (2008). Seewave: A free modular tool 
for sound analysis and synthesis. Bioacoustics, 18, 213–226.

Sugai, L. S. M., Desjonquères, C., Silva, T. S. F., & Llusia, D. (2020). A road-
map for survey designs in terrestrial acoustic monitoring. Remote 
Sensing in Ecology and Conservation, 6(3), 220–235. https://doi.
org/10.1002/rse2.131

Swiston, K. A., & Mennill, D. J. (2009). Comparison of manual and au-
tomated methods for identifying target sounds in audio record-
ings of pileated, pale-billed, and putative ivory-billed wood-
peckers. Journal of Field Ornithology, 80(1), 42–50. https://doi.
org/10.1111/j.1557-9263.2009.00204.x

Symes, L. B., Kittelberger, K. D., Stone, S. M., Holmes, R. T., Jones, J. S., 
Castaneda Ruvalcaba, I. P., Webster, M. S., & Ayres, M. P. (2022). 
Analytical approaches for evaluating passive acoustic monitoring 
data: A case study of avian vocalisations. Ecology and Evolution, 
12(4), 1–22. https://doi.org/10.1002/ece3.8797

Tegeler, A. K., Morrison, M. L., & Szewczak, J. M. (2012). Using extended-
duration audio recordings to survey avian species. Wildlife Society 
Bulletin, 36(1), 21–29. https://doi.org/10.1002/wsb.112

Thieurmel, B. & Elmarhraoui, A. (2019). suncalc: Compute Sun Position, 
Sunlight Phases, Moon Position and Lunar Phase. R package ver-
sion 0.5.0. https://CRAN.R-proje​ct.org/packa​ge=suncalc

Thomas, R. J., Széskely, T., Cuthill, I. C., Harper, D. G. C., Newson, S. E., 
Frayling, T. D., & Wallis, P. D. (2002). Eye size in birds and the timing 
of song at dawn. Proceedings of the Royal Society of London. Series 
B: Biological Sciences, 269(1493), 831–837. https://doi.org/10.1098/
rspb.2001.1941

Thorn, S., Chao, A., Georgiev, K. B., Müller, J., Bässler, C., Campbell, J. 
L., Castro, J., Chen, Y.-H., Choi, C.-Y., Cobb, T. P., Donato, D. C., 
Durska, E., Macdonald, E., Feldhaar, H., Fontaine, J. B., Fornwalt, 
P. J., Hernández, R. M. H., Hutto, R. L., Koivula, M., … Leverkus, A. 
B. (2020). Estimating retention benchmarks for salvage logging to 
protect biodiversity. Nature Communications, 11(1), 4762. https://
doi.org/10.1038/s4146​7-020-18612​-4

Upham-Mills, E. J., Reimer, J. R., Haché, S., Lele, S. R., & Bayne, E. M. 
(2020). Can singing rate be used to predict male breeding status 
of forest songbirds? A comparison of three calibration models. 
Ecosphere, 11(1), e03005. https://doi.org/10.1002/ecs2.3005

Van Wilgenburg, S., Sólymos, P., Kardynal, K., & Frey, M. (2017). Paired 
sampling standardizes point count data from humans and acous-
tic recorders. Avian Conservation and Ecology, 12(1). https://doi.
org/10.5751/ACE-00975​-120113

Venier, L. A., Holmes, S. B., Holborn, G. W., Mcilwrick, K. A., & Brown, G. 
(2012). Evaluation of an automated recording device for monitor-
ing forest birds. Wildlife Society Bulletin, 36(1), 30–39. https://doi.
org/10.1002/wsb.88

Vítková, L., Bače, R., Kjučukov, P., & Svoboda, M. (2018). Deadwood 
management in Central European forests: Key considerations for 
practical implementation. Forest Ecology and Management, 429, 
394–405. https://doi.org/10.1016/j.foreco.2018.07.034

Wickham, H. (2016). ggplot2: Elegant graphics for data analysis. 
Springer-Verlag.

http://www.fs.usda.gov/treesearch/pubs/31755
http://www.fs.usda.gov/treesearch/pubs/31755
https://doi.org/10.1648/0273-8570-76.1.1
https://doi.org/10.3996/nafa.79.0001
https://doi.org/10.1111/1365-2664.12950
https://doi.org/10.2989/00306525.2015.1049669
https://doi.org/10.2989/00306525.2015.1049669
https://doi.org/10.1016/j.indic.2021.100141
https://doi.org/10.1016/j.indic.2021.100141
https://doi.org/10.1080/09524622.2021.1925590
https://doi.org/10.5751/ACE-00974-120114
https://doi.org/10.5751/ACE-00974-120114
https://doi.org/10.2307/3676105
https://doi.org/10.2307/3676105
https://cran.r-project.org/package=ggrepel
https://cran.r-project.org/package=ggrepel
https://doi.org/10.1016/j.tree.2015.11.005
https://doi.org/10.1016/j.tree.2015.11.005
https://doi.org/10.3161/068.035.0213
https://doi.org/10.3161/068.035.0213
https://doi.org/10.1002/ece3.6003
https://doi.org/10.1111/2041-210X.13103
https://doi.org/10.1111/2041-210X.13103
https://doi.org/10.1002/rse2.131
https://doi.org/10.1002/rse2.131
https://doi.org/10.1111/j.1557-9263.2009.00204.x
https://doi.org/10.1111/j.1557-9263.2009.00204.x
https://doi.org/10.1002/ece3.8797
https://doi.org/10.1002/wsb.112
https://cran.r-project.org/package=suncalc
https://doi.org/10.1098/rspb.2001.1941
https://doi.org/10.1098/rspb.2001.1941
https://doi.org/10.1038/s41467-020-18612-4
https://doi.org/10.1038/s41467-020-18612-4
https://doi.org/10.1002/ecs2.3005
https://doi.org/10.5751/ACE-00975-120113
https://doi.org/10.5751/ACE-00975-120113
https://doi.org/10.1002/wsb.88
https://doi.org/10.1002/wsb.88
https://doi.org/10.1016/j.foreco.2018.07.034


18 of 22  |     SHAW et al.

Wimmer, J., Towsey, M., Roe, P., & Williamson, I. (2013). Sampling 
environmental acoustic recordings to determine bird species 
richness. Ecological Applications, 23(6), 1419–1428. https://doi.
org/10.1890/12-2088.1

Wood, C. M., Kahl, S., Chaon, P., Peery, M. Z., & Klinck, H. (2021). 
Survey coverage, recording duration and community composi-
tion affect observed species richness in passive acoustic surveys. 
Methods in Ecology and Evolution, 12(5), 885–896. https://doi.
org/10.1111/2041-210X.13571

Wood, C. M., Kahl, S., Rahaman, A., & Klinck, H. (2022). The machine 
learning–powered BirdNET App reduces barriers to global bird re-
search by enabling citizen science participation. PLoS Biology, 20(6), 
e3001670. https://doi.org/10.1371/journ​al.pbio.3001670

xeno-canto. (2022). The total number of recordings and monthly upload 
rate over time, by region. https://xeno-canto.org/colle​ction/​stats/​
graphs

Xia, C., Wei, C., Lloyd, H., Liu, J., Wu, Q., & Zhang, Y. (2014). Dawn sing-
ing intensity of the male brownish-flanked bush warbler: Effects 
of territorial insertions and number of neighbors. Ethology, 120(4), 
324–330. https://doi.org/10.1111/eth.12205

Yip, D., Leston, L., Bayne, E., Sólymos, P., & Grover, A. (2017). 
Experimentally derived detection distances from audio record-
ings and human observers enable integrated analysis of point 
count data. Avian Conservation and Ecology, 12(1). https://doi.
org/10.5751/ACE-00997​-120111

Zhong, M., Taylor, R., Bates, N., Christey, D., Basnet, H., Flippin, J., 
Palkovitz, S., Dodhia, R., & Lavista Ferres, J. (2021). Acoustic de-
tection of regionally rare bird species through deep convolutional 
neural networks. Ecological Informatics, 64, 101333. https://doi.
org/10.1016/j.ecoinf.2021.101333

Zwart, M. C., Baker, A., McGowan, P. J. K., & Whittingham, M. J. (2014). 
The use of automated bioacoustic recorders to replace human wild-
life surveys: An example using nightjars. PLoS One, 9(7), e102770. 
https://doi.org/10.1371/journ​al.pone.0102770

How to cite this article: Shaw, T., Schönamsgruber, S.-R., 
Cordeiro Pereira, J. M., & Mikusiński, G. (2022). Refining 
manual annotation effort of acoustic data to estimate bird 
species richness and composition: The role of duration, 
intensity, and time. Ecology and Evolution, 12, e9491. https://
doi.org/10.1002/ece3.9491

APPENDIX 1

Study area

The original 26 plots (Figure A1) were selected according to the fol-
lowing criteria, made available by a 2017 forest inventory (Storch 
et al., 2020):

•	 Tree species richness gradient. By this, we mean a sufficient mix of 
broadleaved and coniferous trees in a coniferous-dominated for-
est based on basal area. All plots contained >5% beech and < 79% 
spruce.

•	 Understory vegetation, dead wood, and age variation. These 
are important structural components for different bird guilds 

(Balestrieri et al., 2015; Basile, Asbeck, et al., 2021; Basile, Storch, 
et al., 2021; Hinsley et al., 2009; Radu, 2006; Schall et al., 2018), 
and we did not want particular plots with extremely high or low 
values in one of these categories to confound the variables of pri-
mary interest. Plots met inclusion criteria if they contained >5% 
shrub layer cover (excluding “cathedral plots” with old beech trees 
and no understory), <7% basal area of standing dead wood (which 
excluded outlier plots with bark beetle and windthrow damage), 
and a gradient of structural complexity (variation in diameter at 
breast height from 77 to 246 mm).

ACCOUNTING FOR VARIATION IN GAIN SETTINGS
In Table A1, the gain setting for each BAR is listed. Eleven of 17 de-
vices were set to 40, five were set to 10, and one was set to 50 dB. We 
checked if our dependent variable, bioacoustic identifications, was 
affected by this error. Figure A2 depicts bird richness across the 17 
plots in our study, derived from the point count method. According to 
this monitoring method, there was no difference between mean bird 
richness per plot among the plots that had recorders with different 
gain settings. Figure A3 depicts bird richness derived from bioacous-
tic identifications across the same plots. While there are differences 
in mean bird richness, they are not statistically significant. Further, 
they do not follow a pattern that would suggest the pattern is due to 
differences in gain. Lower gain settings reduce the recorder detec-
tion space, and if were to produce a significant effect, it would reduce 
the mean number of birds observed for recorders with lower gain 

TABLE  A1 The list of BARs used in each study plot, the 
corresponding gain setting used, and resulting bird richness from 
both point counts and bioacoustic identifications per plot.

Plot Gain
Point count 
richness

Bioacoustic 
identification 
richness

CFB030 10 15 28

CFB104 10 10 26

CFB125 10 13 27

CFB011 10 12 23

CFB034 10 14 23

CFB035 40 19 26

CFB061 40 15 24

CFB063 40 20 29

CFB076 40 12 22

CFB118 40 8 23

CFB159 40 14 23

CFB016 40 11 23

CFB106 40 9 23

CFB109 40 12 25

CFB182 40 12 19

CFB186 40 14 25

CFB121 50 13 28
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settings. The four recorders with a gain of 10 should therefore have a 
lower mean value of bird richness. However, Figure A3 depicts higher 
bird richness for lower gain values, suggesting that the differences in 

non-significant patterns are due to random variation in bird richness 
across those plots, which the bioacoustic method could detect more 
finely than the point count method.

F IGURE  A1 Original plot selection for the study conducted from April to June 2021 in the southern Black Forest, Germany. The study 
area of the original 135 plots is delineated by the black polygon shape, and the 26 plots that met inclusion criteria are labeled therein.

F IGURE  A 2 Boxplot depicting point 
count bird richness from the 17 plots in 
this study. Non-significant tick marks are 
from a Wilcoxon rank sum test at the 95% 
significance level.
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SELECTION “BEST WEATHER DAYS”
After removing the first and last day from each recording period, 6 
recording days remained per plot, from which we chose the 4 best 
weather days. We define best weather days as the only 4 days without 
rain if there were 2 rainy days within the series. If there were more 
than 2 days of rain in a series, we chose to include the rainy days with 
the least amount of rain in the morning, which is the time period from 
which we would make bioacoustic identifications. We achieved this dis-
tinction by reviewing the files for the presence of only drips, and not 
active rainfall, indicating the rain event was over. We also looked for 
the presence of birdsong, which would indicate that the rain was not so 
intense that it would (1) mask bird vocalizations; or (2) be so intense that 
birds would not be vocalizing. In the event that all 6 days were “good 
weather days,” we selected the days furthest apart from one another 
to minimize temporal autocorrelation between days, thus maximizing 
the potential effect of duration, which this study investigates. For ex-
ample, if a BAR was installed on a Monday and retrieved on the follow-
ing Monday, Tuesday–Sunday would have been the 6 available days in 
this series. If there were no poor weather events detected, Tuesday, 
Thursday, Saturday, and Sunday were used. If more than one rain event 
was detected in a series, they typically happened consecutively, thus 
preserving a similar degree of temporal autocorrelation.

TESTING THE SPATIAL AUTOCORRELATION OF PLOTS
In order to test spatial autocorrelation between our plots, we cre-
ated a generalized linear mixed model using the “glmmTMB” pack-
age (Brooks et al.,  2017), including all data used in this study (60 
scenarios × 17 plots, n = 1020). The dependent variable was spe-
cies richness per plot per scenario, and the independent variables 

were the three variables of interest in our study (day phase and du-
ration) as factors. The plot was used as a random factor to account 
for repeated measurements per plot with different scenarios. We 
next extracted residuals from the model, aggregated them by our 
random-effect grouping term (plot), and performed the Moran's I 
distance-based autocorrelation test on the aggregated residuals in 
relation to their x–y coordinates. We did so using the “testSpatia-
lAutocorrelation” function in the “DHARMa” package (Hartig, 2022).
Our model did not show significant autocorrelation via the 

Moran's I test: observed  =  0.040511, expected  =  −0.062500, 
SD = 0.123486, and p-value = .4042. From this result, we can reject 
the alternative hypothesis that there is spatial autocorrelation in our 
data structure, and continued our analyses assuming spatial inde-
pendence of our research plots.
Further, our plots are a minimum distance of 750 m from one an-

other, greatly exceeding the recommended distance of 200 m be-
tween survey points for breeding birds to ensure the independence 
of results (Gregory et al., 2004).

The implications for our two spatial scales are that we consider 
the results at the local scale (means per scenario) to be comprised 
of 17 spatially independent replicates, from which we created alpha 
diversity metrics (bird species richness). Results at the study area 
scale (total unique species observed per scenario) simply aggregate 
all species found throughout the 17 plots, enabling beta diversity 
analyses between plots (pairwise dissimilarity indices of nestedness 
and turnover of each scenario's bird assemblage composition).
Figures A4–A6, depicting Figures 5, 6, and 9 from the main article, 

respectively, which include beta diversity values in addition to the 
color ramps

F IGURE  A3 Boxplot depicting 
bioacoustic identification bird richness 
from the 17 plots in this study. Non-
significant tick marks are from a Wilcoxon 
rank sum test at the 95% significance 
level.
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F IGURE  A4 Pairwise comparisons of intensities (every 3, 6, 15, 30, or 60 min in 1 h) by all possible dawn phase–duration scenarios. Green 
and blue color ramps indicate increasing beta dissimilarity according to Sorensen turnover and nestedness values, respectively. Numbers 
at the intersecting white space of the same duration represent the species richness yielded by that scenario to aid in the comparison of 
richness-related differences in nestedness versus turnover.

F IGURE  A5 Pairwise comparisons of day phases (dawn, morning or both) by all possible intensity–duration scenarios. Green and purple 
color ramps indicate increasing beta dissimilarity according to Sorensen turnover and nestedness values, respectively. Numbers at the 
intersecting white space of the same duration represent the species richness yielded by that scenario to aid in the comparison of richness-
related differences in nestedness versus turnover.
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F IGURE  A6 Pairwise comparisons of durations (1, 2, 3, or 4 days) by all possible intensity–duration scenarios. Green and orange color 
ramps indicate increasing beta dissimilarity according to Sorensen turnover and nestedness values, respectively. Numbers at the intersecting 
white space of the same duration represent the species richness yielded by that scenario to aid in the comparison of richness-related 
differences in nestedness versus turnover.
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