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Abstract—Tracking behavioral and demographic changes of anuran populations in urban landscapes presents
difficulties due to the high amount of noise interference from anthropogenic sources. In this study, we used Song
Scope software to build narrow-banded recognizers that only cover a limited portion of the full spectral range
of a call and tested if these recognizers can improve automated call-detection capabilities at noisy sites. We
built recognizers for two species with naturally broad-spectrum calls, the Green Frog (Lithobates clamitans) and
American Bullfrog (L. catesbeianus) and tested them at five noisy ponds in the suburbs of Chicago, Illinois, USA.
Narrow-banded recognizers had greater percentages of true positives compared to full-spectrum recognizers.
Classification indices used to assess call recognition efficacy showed that narrow-banded recognizers were more
effective at all sites for the Green Frog, and at two sites for the American Bullfrog. High-frequency recognizers had
13% fewer errors caused by anthropogenic noise (P < 0.010) than other recognizers. Finally, for every recognizer,
true positives standardized by the maximum daily value was highly and significantly correlated with the number
of calls identified manually, indicating that automated detection data is an accurate proxy for the actual number of
calls at noisy sites. For acoustic taxa, we recommend that scientists consider identifying broad-spectrum calls using
narrow-banded recognizers to reduce detection problems associated with noise interference between anthropogenic
noises and biotic acoustic signals.
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INTRODUCTION

Noise pollution is a significant disturbance to
wildlife in urban landscapes. Anthropogenic noise,
defined as noise from human technology and activity,
represents a major obstacle to anurans because they
rely heavily on vocalizations to find breeding grounds,
choose mates, and settle territorial disputes (Gerhardt
1994). Anthropogenic noise is a pervasive edge effect
characterized by low-frequency intermittent buzzing
or humming (Pijanowski et al. 2011a), which may
prominently overlap the frequencies of biological
sounds including some anuran mating calls (Bee and
Swanson 2007). Many natural habitats in urban regions
(even interiors of preserves) experience significant noise
pollution, with the main sources being traffic from cars,
airplanes, and trains. For example, highway noise from
150 m away can reach 70 dB (Warren et al. 2006). Train
noise, although more infrequent, can produce noise up
to 90 dB within 10 m (Nolan Bielinski, unpubl. data).
Areas under airport flyover paths can reach 74 dB
(Warren et al. 20006).

Consequently, frogs living in urban landscapes
experience the effects of a dramatically altered
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soundscape. Traffic noise exposure has been shown
to increase corticosterone production and decrease
antimicrobial peptide production (Tennessen et al.
2018), change the calling attributes of males (Sun and
Narins 2005; Parris et al. 2009; Cunnington and Fahrig
2010), limit male participation in chorusing (Kaiser
et al. 2011), and alter the response of females to male
calls (Bee and Swanson 2007). Looking across all
studies investigating the effects of anthropogenic noise
on frog calling behavior, no explicit pattern emerges,
suggesting that responses may be species- or region-
specific. This highlights the need for further monitoring
and improved research techniques for studying anurans
in noisy habitats. Future studies would benefit from
increased sample sizes and improved efficiency of
acoustic analysis through the implementation of the
latest soundscape software techniques.

Broad-scale, manual (in-person) calling surveys are
often used to assess the vulnerability of frog species
(Williams et al. 2013) and population trends over time
(Gibbs and Breisch 2001) but are inadequate in many
ways. For example, the protocol for the North American
Amphibian Monitoring Program advises volunteers to
collect data for 2 h total, beginning 30 min after sunset,
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which systematically ignores post-midnight calling
activity (Bridges and Dorcas 2000; US Geological
Survey. 2019. North American Amphibian Monitoring
Program. Available from https://www.usgs.gov/centers/
pwrc/science/north-american-amphibian-monitoring-
program?qt-science_center objects=0#qt-science
center_objects [Accessed 2 August 2019]). Moreover,
volunteers dedicate only 3 min to each listening point.
Considering that volunteers may disturb frogs when
moving to each location, more time may be needed for
the frog community to revert to natural calling behavior
(Crouch and Paton 2002). In general, manual surveys
also risk having high instances of misidentification and
omission of species, especially when dealing with faint,
infrequent, or scattered calls, or during nights when
multiple species are calling simultaneously (Genet and
Sargent 2003). Consequently, monitoring programs
may significantly bias abundance (Lotz and Allen 2007)
or presence/absence data (Genet and Sargent 2003).

Most deficiencies associated with manual surveys
can be resolved using automated recording devices
(ARDs). ARDs can be used to collect data throughout
the entire night or even entire 24-h cycles, which
increases the chance of recording rare (MacLaren
et al. 2017) and cryptic species (Engbrecht 2011)
and provides a more accurate picture of true calling
phenologies (Bridges and Dorcas 2000). Breeding
ponds also experience less disturbance once recording
devices are installed (Acevedo and Villanueva-Rivera
2006). After data collection in the field, recorded calls
can be reviewed by smaller cohorts and allow for both
visual (spectral) and auditory review to identify species
in a more comprehensive and consistent manner, and
problematic recordings can be replayed for clarification.
Furthermore, soundscape software can be used to detect
and analyze changes in several call characteristics such
as dominant frequency, pulse rate, and sound pressure
level, that may be indiscernible without equipment
(Cocroft and Ryan 1995). These quantifiable attributes
of the soundscape allow researchers to test hypotheses
on how noise may alter frog communities by changing
favorable calling strategies.

The final benefit of ARDs is the ability to filter
through large datasets to automatically identify calls
using digital signal processing algorithms called
“recognizers.” Recognizers look for patterns within
the time-frequency state-space to isolate patterns
matching the call structure of a target species (Wildlife
Acoustics. 2011. Song Scope bioacoustics software
version 4.0 documentation. Available from https://www.
wildlifeacoustics.com/ [Accessed 2 August 2019]).
Using recognizers dramatically reduces the time required
to convert recorded soundscapes into quantifiable data.
This pronounced increase in scale of data collection and
analysis afforded by recognizers could be particularly

beneficial when attempting to document rare species,
catching the onset of breeding from explosive breeders,
or monitoring changes in range or behavior of species
in response to climate change or the spread of disease
across a region.

Recognizer performance in noisy soundscapes
remains untested in the literature. The purpose of this
study was to investigate the capabilities of recognizers
with different frequency ranges to identify frog calls in
noisy habitats to advance acoustic monitoring efforts
for researchers in urban soundscapes. There are several
commercially available soundscape software programs
that implement recognizer-like functionality, including
Song Scope, Kaleidoscope, MonitoR, and RavenPro;
a comparison of these programs is offered by Knight
et al. (2017). We chose to use Song Scope because it
was rated as the best performing program (Knight et
al. 2017), has a relatively low learning curve, is used in
many soundscape studies, and is available for free.

The efficacy of recognizers has already been
investigated with promising results in areas where
anthropogenic noise is minimal (Waddle et al. 2009;
Eldridge 2011; Brauer et al. 2016; Crump and Houlahan
2017; MacLaren et al. 2017), but it is unclear whether
recognizers are useful in noisy environments. For
example, the best strategy for implementing automated
detection may differ greatly between sites with pristine
versus degraded soundscapes. Thus, it would be
beneficial for researchers to know if they should alter
the parameters of their recognizer depending on the
noise profile of their sites, regardless of the soundscape
software being used or the taxon being studied.

We conducted this research in the suburbs of
Chicago, Illinois, USA. In urban landscapes like the
Chicago region, few natural habitats are completely
shielded from noise pollution (U.S. Department of
Transportation [DOT]. 2019. National Transportation
Noise Map. Available from https://maps.bts.dot.gov/
arcgis/apps/webappviewer/index.htm1?id=a303{f5924
€9474790464cc0e9d5c9fb [Accessed 2 August 2019]).
In Chicago the gridded streets and large highways
bisect green spaces, airplanes crowd the skies from
the second and twenty-fifth busiest airports in the U.S.
(Federal Aviation Administration. 2019. Air traffic by
the numbers. https://www.faa.gov/air_traffic/by the
numbers/ [Accessed 18 February 2019]), and train
traffic is high enough to designate Chicago as busiest
rail freight gateway in the USA. We specifically chose
our study sites based on high noise levels from the
above-mentioned sources.

We recorded Green Frog (Lithobates clamitans) and
American Bullfrog (L. catesbeianus; hereafter, bullfrog)
calls to test these soundscape methods because both
species are widespread in urban areas. Additionally,
these species have calls with low dominant frequencies,
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TasLE 1. Distances to noise sources and measured noise levels during equipment setup at each study site. Ambient noise is defined as the

noise level without any identifiable or distinguishable sources. Peak noise levels were used for ambient and acute noises.

Site Nearest road (m) Nearest train tracks (m) Ambient noise (dBA) Acute noises (dBA)
A 110 3,885 50 cars (65); truck (70); motorcycle (75)
B 402 1,832 51 train (64); airplane (59)
C 180 119 50 cars (52); train (81); airplane (60)
D 176 174 46 cars (48); train (72); airplane (61)
E 383 37 44 cars (45); train (83); airplane (69)

meaning that spectral interference with anthropogenic
noise should be greater for them than other local species
(Phillips et al. 1999; Pijanowski et al. 2011b). For both
species, we created and compared multiple recognizers
with different spectral parameters. Additionally, we
characterized and measured background noise from
samples of true positives (TPs), false positives (FPs),
and false negatives (FNs) to describe the specific
strengths and weaknesses of each recognizer. Finally,
we compared manual counts to the respective recognizer
output to determine if recognizer data can be used as a
reliable proxy for actual call rate (defined here as the
number of calls over time) at noisy sites.

MATERIALS AND METHODS

Audio surveys.—We deployed ARDs (SongMeter
model SM4, Wildlife  Acoustics, = Maynard,
Massachusetts, USA) at five breeding sites (A-E)
between 25 June 2016 and 15 August 2016 on forest
preserves and private land with ponds in the suburbs
of Chicago (Supplemental Table S1). We secured the
ARD:s to trees approximately 1 m away from the edge
of each pond. We programmed ARDs to record the
first 5 min of every hour from 1800 to 0100 for four
nights. Throughout the study, the ARDs did not require
any battery or memory card changes, which means we
avoided all physical disturbance around the pond edge.

Study sites.—Site A is a road-side permanent pond
located in Cherry Hill Woods (Cook County Forest
Preserve). The surrounding area has a mixture of
forest, open woodlands, and savanna. It is dominated
by oak (Quercus spp.) and hickory (Carya spp.). Site
B is a large slough located in the center of Wolf Road
Woods (Cook County Forest Preserve). This area has
rolling hills and a mixture of forest and open woodlands
with interspersed ephemeral pools. It is dominated
by oak and hickory. Sites C and D are artificial ponds
located on private property in Palos Hills, Illinois. The
neighborhood has scattered homes adjacent to patches
of oak-dominated forest on rolling hills. Sites C and
D are close to each other (118 m) so they share the
same anthropogenic noise sources; however, calls from

one pond could not be heard or detected at the other,
meaning that recorded calls from these sites were from
different individuals. Site E is a small semi-permanent
pond located in Van Patten Woods (Lake County Forest
Preserve). It is bordered on one side by a train track, and
on all other sides by oak forest.

Noise profiles at sites.—During installation and
removal of the ARDs, we spent an hour collecting
data on sound levels using a sound pressure level
meter (Model DS-HWCJ04, Koolertron, Shenzhen,
China). We recorded the distance to noise sources
and the sound pressure level of ambient noise (general
ongoing sounds) and acute noise, defined here as
distinct instances of punctuated anthropogenic sounds
from cars, trucks, motorcycles, trains, and airplanes
(Table 1). Every site is close to anthropogenic noise
sources, with site B being the farthest away from the
nearest road or train track, at 402 m. The measured
noise levels from acute instances of anthropogenic noise
reflect these proximities. Putting these noise levels in
a biological context, at 1 m Green Frogs can call at 84
dB (Bee and Perrill 1996) and bullfrogs call at 80 dB
(Simmons 2004). Using the inverse square law for
sound intensity, this is an equivalence of 64 dB and 60
dB, respectively, at 10 m, approximately the distance
where females can interpret multiple calls from potential
mates, based on male territory size (Wells 1977). In our
recordings we also encountered acoustic signals from
insects including crickets (family Gryllidae), Dog-day
Cicadas (Neotibicen canicularisi), and katydids (family
Tettigoniidae), and vocalizations from birds including
Red-winged Blackbirds (Agelaius phoeniceus), Great
Blue Herons (Ardea herodias), and several others. We
did not identify insect and bird species for our noise
categorization analysis. Instead, we classified them as
biological noise.

Supplemental recordings.—During the same field
season, we collected additional training data (i.e., data
required to build recognizers; see below) from study
sites via supplemental recordings of extra nights, and
from Hegewisch Marsh (Chicago Park District) and
Hickory Creek (Will County Forest Preserve).
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FiGure 1. Spectrograms of mating calls for our target species with minimal background noise interference. (A) The Green Frog (Lithobates
clamitans) has a quick “banjo-strumming” call with several simultaneous frequency harmonics. (B) The American Bullfrog (Lithobates
catesbeianus) has a longer, sometimes vibrating call, with several simultaneous frequency harmonics. (C) Green Frog recognizers and (D)
bullfrog recognizers are visually depicted over their respective calls to show the varying frequency ranges of each recognizer.

Recognizer development.—We  performed all
soundscape data analysis on Song Scope bioacoustics
software (version 4.1.5; Wildlife Acoustics, Inc.,
Concord, Massachusetts, USA). To build recognizers, the
software must be fed training data, where one manually
identifies confirmed signals from a target species within
a spectrogram and collects them in a Build Recognizer
page, and then recognizer parameters can be adjusted and
filtered to properly match the vocalizations in the training
data (Wildlife Acoustics. 2011. op. cit.). Song Scope then
uses hidden Markov models to construct a model call to
compare to candidate vocalizations in new recordings.
More detail on recognizers is available elsewhere
(Agranat, 1. 2009. Automatically identifying animal
species from their vocalizations. Wildlife Acoustics,
Concord, Massachusetts, USA. Available from https://
pdfs.semanticscholar.org/7129/78f16ef0d1d4e81fcf3dc6
bab77406b54d1e.pdf [Accessed 1 June 2019]).

Normally, frog calls are structurally simple enough
to cover using a single recognizer. Most calls lack the

spectral and temporal complexities that may warrant
splitting up a call into multiple sub-signals, which is
sometimes implemented to identify more complex avian
songs (Gelling 2010). The Green Frog and the bullfrog
have short, simple breeding calls usually consisting
of one syllable, with most of the acoustic power at a
low frequency; however, both calls have simultaneous
medium- and high-frequency harmonics, as seen by
the large signal range displayed along the y-axis of a
spectrogram (Fig. 1A and B). We took advantage of
these naturally large spectral ranges by building four
recognizers for each species that focused on a different
spectral range of their call (Table 2). We considered
frequency range as the most important parameter
because anthropogenic noise often overlapped part of
the natural frequency range of our target calls (for a full
list of every parameter, see Appendix 1).

Considering the high levels of anthropogenic noise at
our sites, calling males experienced spectral interference
in the low frequency range. Moreover, the soundscapes
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TABLE 2. Recognizer information: Recognizers 14 are for Green
Frog (Lithobates clamitans) mating calls; Recognizers 5-8 are for
American Bullfrog (Lithobates catesbeianus) mating calls.

Recognizer Target Frequency range
Name Species Type (Hz)
1-Full Green Frog ~ Conventional 187.5 t0 3,875
2-High Green Frog Narrow 2,000 to 3,875
3-Middle Green Frog Narrow 812.5t0 1,562.5
4-Low Green Frog Narrow 125 to 875
5-Full bullfrog Conventional 187.5 to 5,250
6-High bullfrog Narrow 2,062.5 to 3,000
7-Middle bullfrog Narrow 562.5 to 1625
8-Low bullfrog Narrow 187.5 to 500

also included avian and insect signals, which overlap
with frog calls at higher frequencies. Thus, for the
Green Frog and the bullfrog, we built recognizers that
encompassed the full frequency range (a conventional
recognizer), and three narrow-banded recognizers
covering the highest portion, a middle portion, and
the lowest portion of the frequency range. We named
Green Frog recognizers 1-Full, 2-High, 3-Middle, and
4-Low; we named bullfrog recognizers 5-Full, 6-High,
7-Middle, and 8-Low (Fig. 1C and D).

Recognizer analysis.—We investigated whether
the narrow-banded recognizers could outperform the
conventional full recognizers in noisy environments.
For each 5 min recording (of 200 recordings total),
we conducted a manual count of the number of calls
from Green Frogs and bullfrogs, providing a reference,
or a condition positive with which we could compare
recognizer results. Next, for recordings with Green
Frog calls (112 total) we ran recognizers one through
four, and for recordings with bullfrog calls (98 total)
we ran recognizers five through eight. We counted
TPs (calls correctly identified), FPs (sounds that were
wrongly identified as calls), and FNs (missed calls).
We chose to not count true negatives (correctly ignored
noises) because the constancy of anthropogenic noises
makes distinguishing independent units of noise very
difficult. We recorded the amount of time it took make
these counts.

To determine if recognizers produced accurate
estimations of the actual call rate at a site, we compared
relationships between TPs and manual counts over the
same time-series. To do this we standardized the TPs
and manual counts by their respective maximum values
for each day by site. We then ran a correlation analysis
between the standardized manual count and TP values
per recognizer. Because our data did not meet the
normality assumptions for a Pearson correlation (most
likely because calling behavior varied greatly with
the weather from each experimental night), we used a

Kendall rank correlation test to calculate Tau-b, a statistic
that tests the strength of association in ranked data while
also making adjustments for ties (McLeod 2011). For
each correlation, x represents the standardized manual
counts from every date by hour, and y represents the
standardized TPs from every date by hour.

To investigate how background noise affects
recognizer accuracy, we took a random subsample of
a maximum of five TPs, five FPs and five FNs from
every hour during the first night. Then, for each sample,
we categorized the background noise type as either
biological, geological, anthropogenic, no noise, or
recorder error. To test if the type of background noise
affects the ability of recognizers to correctly identify
calls, we ran a PERMANOVA of the Bray-Curtis
dissimilarities of noise category counts for TPs, FPs,
and FNs across recognizers, stratified by site (Oksanen
etal. 2019). We also ran a difference in proportions test
to determine if certain recognizers were less impeded by
anthropogenic noise interference. Next, we measured
the power (peak-to-peak voltage) at each of these
samples and calculated 95% confidence intervals to
compare noise volume levels across recognizers.

Finally, at every site, we assessed the efficacy of
each recognizer by calculating the following indices:
(1) True positive rate (TPR) = True Positives / Manual
Count; (2) Precision (PPV) = True Positives / (Manual
Count + False Positives); (3) False negative rate (FNR)
= False Negatives / Manual Count; and (4) False
discovery rate (FDR) = False Positives / (False Positives
+ True Positives). These are common indices used in
classification scenarios. In this case, they are describing
the ability of a recognizer to correctly identify a sound in
the recording as a frog call of a target species. We created
our graphs in Tableau 2019.1.3 (Tableau Software, Inc.,
Seattle, Washington, USA). We conducted the statistical
analyses in R version 3.5.0. (R Core Team 2019).

REsuLTs

For site A, a programing error resulted in the loss of
data for the 1800 hour. After this omission, we recorded
156 audio files totaling 780 min from our five sites.

Green Frog recognizer performance.—From all sites
we manually identified 11,608 Green Frog calls. Each of
the four Green Frog recognizers varied in performance
based on the research site (Fig. 2). When comparing
the ratio of TPs to the manual counts per recognizer,
the conventional recognizer 1-Full was never the top-
identifying recognizer.

For each recognizer, we ran separate Kendall's Tau-b
correlations on standardized manual counts and TPs.
All recognizer TP’s were correlated with actual calling
taking place. The level of correlation was highest for
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Figure 2. The proportion of correctly identified calls over manual
counts for the Green Frog (Lithobates clamitans) per recognizer
and site (A-E). Recognizer 1-Full (yellow) is the conventional
recognizer, and all other recognizer are narrow-banded, meaning
that only part of the full frequency range of typical Green Frog
calls were scanned in the spectrograms.

recognizer 4-Low (Tau-b = 0.721, P < 0.001) followed
by 3-Middle (Tau-b = 0.712, P < 0.001), 1-Full (Tau-b
= 0.607, P < 0.001), and 2-High (Tau-b = 0.538, P <
0.001).

Next, we compared the classification indices between
recognizers (Table 3). The best-rated value (highest
value for TPR and PPV and lowest for FNR and FDR) in
each index. Depending on the site, the top performing
recognizers were either 2-High or 3-Middle. It is also
evident from this table that 4-Low across all sites had
too many FPs to be considered effective, considering
its remarkably high FDR values. Using the optimum
recognizer per site (Table 3), we would achieve a mean
TPR of 0.345, compared to a mean TPR of 0.146 from
the conventional recognizer 1-Full alone. Furthermore,
this optimum set of recognizers would produce a mean
FNR of 0.646, compared to a mean FNR of .835 from
1-Full alone.

Noise description during Green Frog recognizer
output.—Site B had the highest amount of biological
background noise recorded, which was from intense
insect chorusing. Additionally, sites D and E had
higher proportions of geophonies primarily from wind
(Appendix 2). Green Frog recognizer output indicated
a weak effect of background noise on recognizer
identification capability (P[Pseudo-F, ] = 0.025, r* =
0.11). There were no general patterns between noise
and TP, FP, and FN classifications within recognizers
(Supplemental Fig. S1).

All  narrow-banded recognizers experienced
significantly lower average noise volume levels than
the conventional recognizer, with 3-Middle being the
lowest, and 2-High being the second lowest (Fig. 3).
When considering recognition errors across sites (Fig.
4), the percentage of noise classified as anthropogenic is
lowest in recognizer 2-High. A difference in proportions
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FiGURE 3. Average relative volume in peak to peak voltage (Vp-p)
of background noise samples from our recognizers (solid vertical
bars) for the Green Frog (Lithobates clamitans) and American
Bullfrog (Lithobates catesbeianus).  Vertical lines represent
95% confidence intervals. All narrow-banded recognizers were
significantly lower than the conventional recognizers (1-Full and
5-Full).

test showed that there were 13% fewer errors attributed
to anthropogenic noise for high-frequency recognizers
(P < 0.01), demonstrating that recognizers that avoid
low frequencies can reduce the amount of anthropogenic
noise interference that cause identification errors.

Bullfrog recognizer performance.—From all sites
we manually identified 3,695 bullfrog calls. Site C
was not used in the analysis, as no bullfrogs were
present. Each of the four bullfrog recognizers varied in
performance based on the research site (Fig. 5). When
comparing the ratio of TPs to the manual counts per
recognizer, narrow-banded recognizers were the top
performer in 3 out of 4 sites.

As with the Green Frog, all bullfrog recognizer TPs
were correlated with actual calling taking place. The
level of correlation was highest for 7-Middle (Tau-b
= 0.688, P < 0.001) followed by 8-Low (Tau-b =
0.611, P < 0.001), 5-Full (Tau-b = 0.531, P < 0.001),
and 6-High (Tau-b = 0.443, P < 0.001). According to
the classification indices (Table 4), the conventional
bullfrog recognizer (5-Full) had the best scores for two
sites, D and E. Recognizer 7-Middle scored best for
A, and 8-Low scored best for B. Using the optimum
recognizer per site, we would achieve a mean TPR
of 0.558, compared to a mean TPR of 0.281 from the
conventional recognizer 5-Full alone, and a mean FNR
0f 0.450 compared to a mean FNR of 0.719 from 5-Full
alone (Table 4).

Noise description during bullfrog recognizer
output.—Site A shows a high level of biological noise
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TasLE 3. Classification indices by site for Green Frog (Lithobates
clamitans) recognizers. The indices are as follows: true positive
rate (TPR); precision (PPV); false negative rate (FNR); and false
discovery rate (FDR). The best-rated index value in each category
is bolded. The most optimal recognizer per site is bolded and
starred.

Site Recognizer TPR PPV FNR FDR
A 1-Full 0.09 0.15 0.83 0.85
2-High 0.03 0.13 0.92 0.87
*3-Middle*  0.29 0.21 0.71 0.79

4-Low 0.33 0.09 0.67 0.91

B 1-Full 0.12 0.01 0.88 0.99
2-High 0.07 0.04 0.93 0.96
*3-Middle* 045  0.01 0.55 0.99

4-Low 0.25 0.00 0.75 1.00

C 1-Full 0.15 0.23 0.84 0.77
*2-High* 026  0.27 0.70 0.73

3-Middle 027 0.24 0.68 0.76

4-Low 0.15 0.04 0.80 0.96

D 1-Full 0.18 0.28 0.82 0.72
*2-High* 0.33 0.38 0.67 0.62

3-Middle 026  0.23 0.74 0.77

4-Low 0.22 0.07 0.78 0.93

E 1-Full 0.19 0.78 0.81 0.22
2-High 026  0.70 0.74 0.30
*3-Middle*  0.35  0.65 0.65 0.35

4-Low 0.19 0.30 0.81 0.70

interference in recognizers 5-Full and 6-High, as their
frequency range overlapped regularly with bird calls
(Appendix 3). This was not the case for Green Frog
recognizers because their call length parameter was
shorter than the signals coming from birds, which
disqualified them as potential target calls. A large
amount of biological noise in site B interfered with the
6-High recognizer, which is from high-frequency insect
chorusing. Bullfrog recognizer output indicated a weak
effect of background noise on recognizer identification
capability (P[Pseudo-F, ] = 0.094, * = 0.22). There
were no general patterns between noise and TP, FP, and
FN classifications within recognizers (Supplemental
Fig. S2).

All  narrow-banded recognizers experienced
significantly lower noise volume levels than the
conventional recognizer, with 6-High being the lowest,
and 7-Middle being the second lowest (Fig. 3). When
considering recognition errors across all sites (Fig. 4),
the percentage of noise classified as anthropogenic is
lowest in recognizer 6-High. A difference in proportions
test showed that anthropogenic noise produced 13%
fewer errors for high-frequency recognizers (P < 0.01),
mirroring the results from the Green Frog recognizers.
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FiGure 4. Percentage of errors (FPs + FNs) from our recognizers
classified as anthropogenic noise for both Green Frogs (Lithobates
clamitans) and American Bullfrogs (Lithobates catesbeianus).
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DiscussioN

In contrast to previous studies using recognizers
(Waddle et al. 2009; Eldridge 2011; MacLaren et al.
2017), this study implemented soundscape techniques
at sites that were particularly noisy from multiple
anthropogenic sources. Frequency overlap between the
frog calls and noise was common. It was a challenge
to build recognizers for our target species because their
calls are very short relative to other acoustic signals, for
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FiGure 5. The proportion of correctly identified calls over manual
counts for the American Bullfrog (Lithobates catesbeianus) per
recognizer and site (A, B, D, and E). Recognizer 5-Full (orange)
is the conventional recognizer, and all other recognizer are narrow-
banded, meaning that only part of the full frequency range of
typical bullfrog calls were scanned in the spectrograms.
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TaBLE 4. Classification indices by site for American Bullfrog
(Lithobates catesbeianus) recognizers. The indices are as follows:
true positive rate (TPR); precision (PPV); false negative rate
(FNR); and false discovery rate (FDR). The best-rated index value
in each category is bolded. The most optimal recognizer per site
is bolded and starred.

Site Recognizer TPR PPV FNR FDR
5-Full 0.27 0.19 0.73 0.81

A 6-High 0.26 0.07 0.74 0.93
*7-Middle* 0.62 0.26 0.38 0.74

8-Low 0.51 0.35 0.49 0.65

5-Full 0.03 0.08 0.97 0.92

B 6-High 0.11 0.06 0.89 0.94
7-Middle 0.54 0.10 0.46 0.90

*8-Low* 0.76 0.16 0.24 0.84

*5-Full* 0.50 0.57 0.50 0.43

b 6-High 0.47 0.44 0.53 0.56
7-Middle 0.46 0.59 0.54 0.41

8-Low 0.41 0.46 0.59 0.54

*5-Full* 0.32 0.22 0.68 0.78

E 6-High 0.24 0.11 0.76 0.89
7-Middle 0.31 0.11 0.69 0.89

8-Low 0.35 0.16 0.65 0.84

the Green Frog especially. Due to this, the recognizers
have limited information to work with along the time
axis, making it harder for the recognizers to identify
patterns in the state-space of a spectrogram (Brauer et al.
2016). Some noises, like splashes in the water or snaps
of branches, mimicked the shape of Green Frog calls
on the spectrogram, resulting in some FPs (Appendix
5). Moreover, Green Frog and bullfrog calls have broad
frequency ranges and limited pulsations compared to
other frogs. Therefore, the recognizers cannot home in on
any specific pure tone or pulsation pattern, which are two
major parameters incorporated into recognizer builds.
This limited the overall accuracy of the recognizers
compared to the ideal scenario: a noiseless site with
more structurally complex calls. Recognizer 4-Low
had so many FPs, that reviewing the recognizer output
essentially approached conducting a manual count over
the full recording. Thus, any promising 4-Low output in
terms of TPs was not considered too beneficial.

Error trade-off and time investment.—The
consequence of surveying noisy sites with ARDs is
an increase in error rate, either through FPs or FNs
depending on how the confidence parameters of the
recognizer are adjusted. Thus, the recognizers built
for this study were more error-prone compared to
previous studies (Waddle et al. 2009; Eldridge 2011,
MacLaren et al. 2017). It is important to adjust error
trade-offs to match the goal of the study. For our study,
we prioritized a reduction in FNs. Using Song Scope
software, it is quick and easy to review identified calls

and manually remove FPs from the recognizer data
output, so a priority in automatically reducing FNs may
generally be the best route when building recognizers
because FN’s can only be checked by listening to full
recordings (Eldridge 2011).

Recognizers represent a potentially noteworthy jump
in data collection efficiency. For a single recording the
average time for the manual collection of data took 6
min 19 s, whereas the automated collection plus manual
removal of FPs only took 3 min 28 s. Large jumps
in efficiency have also been recorded for previous
recognizer studies (Knight et al. 2017; MacLaren et al.
2017). As alluded to by Waddle et al. (2009) and Eldridge
(2011), a combined approach where recognizers are
used but then closely monitored manually may be best,
especially for noisy sites.

Recognizer  performance—According to our
classification indices for Green Frog recognizers, by
using either the high- or medium-frequency recognizers
we were able to improve TPR while simultaneously
reducing the error rate. Because 1-Full was never the
top-identifying recognizer, the broad frequency range of
a conventional recognizer may be less effective in noisy
environments. For bullfrog recognizers, the conventional
recognizer performed better, which may be attributable
to the fact that bullfrog calls are longer than Green Frog
calls and therefore less limiting in the time dimension,
meaning that the recognizer has more state-space to work
with to make proper identifications.

For the Green Frog recognizers, we found that
3-Middle avoided the most noise according to noise level,
but 2-High best avoided anthropogenic noise specifically.
For the bullfrog recognizers, 6-High avoided the highest
noise levels, and best avoided anthropogenic noise.
Therefore, instead of relying solely on conventional
recognizers at noisy sites, choosing a recognizer with
appropriate frequency bands based off noise profile for
each site can improve identification performance.

Noise profiles and calling effort estimation.—Our
five study sites, although all chosen because of their
high levels of anthropogenic noise, have different noise
profiles. Interestingly, the results of our PERMANOVAs
indicated only small differences in the type of noise
interfering with each recognizer. This may be a result
of certain noise categories having broader spectral
effects on the soundscape. It is only when looking at
anthropogenic noise alone that we could see that higher-
frequency recognizers avoided interference better than
lower-frequency recognizers.

We found that using conventional and narrow-banded
recognizers at noisy sites can produce results that
correlate to the true calling behavior of frogs, meaning
that TP values from recognizers can be used as a reliable
proxy for call rate. For both species, the correlation
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was strongest for a narrow-banded recognizer. Thus,
scientists and land managers looking to monitor and
study changes of acoustic urban species should consider
narrow-banded recognizers to collect data.

Conclusion.—With urbanization posing a major
obstacle for amphibian biodiversity, more emphasis will
likely be placed on tracking frog population changes in
noisy areas. Considering the noise profile of a site by
using narrow-banded recognizers could prove useful
for this purpose. As seen in this study and previous
research, anuran recognizers can be error-prone (Waddle
et al. 2009; Engbrecht 2011) and building recognizers
has some subjective parameters (e.g., complexity and
resolution parameters); however, they offer such a
substantial boost in time efficiency that they can still
be useful. Additionally, if the goal of the research is
to compare calling effort across sites or over time,
recognizer output can be used as a proxy because the
overall pattern of call rate from automated surveys still
resembles the true call pattern.

For these techniques to be most reliable, it is vital to
choose a recognizer based on the noise profile specific
to the site. This could mean building high-frequency
recognizers when sites have low frequency interference,
suchas trainnoise, or building low-frequency recognizers
for sites that have high frequency interference, such
as insect chorusing. Our method of splitting up call
frequency ranges using multiple recognizers may also
be useful with avian species in noisy habitats, but a
thorough investigation into this should be conducted.
Only bird species with broad-frequency calls (e.g., Red-
breasted Nuthatch, Sitta canadensis) are suitable for this
technique.
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ApPENDIX 2. Noise category percentages from Green Frog (Lithobates clamitans) recognizer samples by site. The
difference in the noise profiles between sites stresses the importance of considering the noise profile of a research location
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a priori when using automated detection.
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ArpeEnDIX 3. Noise category percentages from American Bullfrog (Lithobates catesbeianus) recognizer samples by site.
The differences in the noise profiles highlights the value in our approach to independently analyze the performance of
recognizers at each site and stresses the importance of considering the noise profile of a research location a priori when
using automated detection. Site C was removed as there were no calls detected.
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APPENDIX 4. Spectrograms of American Bullfrog (Lithobates catesbeianus) calls in noisy environments. Red arrows
indicate locations of un-interfered call energy. The benefit of using narrow-banded recognizers is clear in this figure, as
only portions of calls are available to be identified. (A) Two calls almost entirely overlapped by airplane noise at site
D. A full-frequency recognizer would experience a lot of noise interference, whereas a high-frequency narrow-banded
recognizer may be able to identify remnants of the signal. (B) Three calls with higher-frequency overlap from intense
insect chorusing at site A. Here, a lower or full-frequency recognizer would be more effective than a high-frequency
recognizer to recognize calls.
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APPENDIX 5. Spectrograms of false positives from Green Frog (Lithobates clamitans) recognizers. Colored boxes represent
the state-space identified incorrectly as frog calls. (A) A false positive from recognizer 3-Middle at site C caused by car
traffic. (B) A false positive from recognizer 2-High at site C caused by a snapping branch. (C) A false positive from
recognizer 4-Low at site C caused by train traffic. (D) A false positive from recognizer 1-Full at site C caused by a truck.
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