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ABSTRACT

ARTICLE HISTORY

Automated recognition is increasingly used to extract information
about species vocalizations from audio recordings. During processing, recognizers calculate the probability of correct classiﬁcation
(“score”) for each acoustic signal assessed. Our goal was to investigate the implications of recognizer score for ecological research
and monitoring. We trained four recognizers with clips of
Common Nighthawk (Chordeiles minor) calls recorded at diﬀerent
distances: near, midrange, far, and mixed distances. We found
distance explained 49% and 41% of the variation in score for the
near and mixed-distance recognizers, but only 3% and 6% of the
variation for the midrange and far recognizers. We calculated
detection functions for each of the recognizers at various score
thresholds and found that the detection function for the near and
mixed-distance recognizers satisﬁed the assumptions of density
estimation for most score thresholds, while the detection function
for the midrange and far recognizers did not. The detection functions also showed that score threshold choice is a decision about
sampling area, not just about the balance between recall and
precision. Overall, we showed that training recognizers with
‘high-quality’ clips that were recorded at close range will improve
the utility of the data without aﬀecting how many true positives
the recognizer detects.
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Introduction
Autonomous recordings units (ARUs) are increasingly used by wildlife ecologists and
managers to survey for animal species that communicate with acoustic signals
(Shonﬁeld and Bayne 2017). In particular, ARUs are used to survey for focal species
that are of conservation or management concern because they are a non-invasive
method that can record time-series data in a cost-eﬀective manner (Drake et al.
2016). ARU recordings can also provide a permanent record that can be used to verify
identiﬁcation of rare species (Swiston and Mennill 2009; Holmes et al. 2014) or
reanalysed later to study other species (Derryberry et al. 2018). ARU data can be
used for a variety of ecological research applications for focal species including monitoring population trends (Furnas and Callas 2015), behavioural studies (Ehnes and
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Foote 2014), occupancy modelling (Chambert et al. 2017), density estimation (Marques
et al. 2012) and habitat modelling (Campos-Cerqueira and Aide 2016).
Recordings collected by ARUs require processing to extract information about
detections of the focal species, which is time consuming to do by listening or visual
scanning if large volumes of recordings are collected. Automated recognition can be an
eﬃcient way to extract species detection information from large bioacoustic datasets
(Stowell et al. 2016; Shonﬁeld and Bayne 2017; Priyadarshani et al. 2018). Automated
recognition is the process of training a computer to detect and classify a focal species’
vocalization. The training process produces a detection algorithm (hereafter ‘recognizer’) that can then be run over audio recordings to classify the acoustic signals therein.
For each signal evaluated, the recognizer assigns a classiﬁcation probability (hereafter
‘score’), which can be interpreted as a measure of the probability that the signal being
evaluated can be classiﬁed as the focal species. The recognizer then registers a detection
for each signal with a score above a user-deﬁned threshold (hereafter ‘score threshold’).
A variety of automated recognition approaches have been developed over the past
decade and a half. Some of the common approaches include random forests (Aide et al.
2013; Campos-Cerqueira and Aide 2016), Hidden Markov models (Skowronski and
Harris 2006; Potamitis et al. 2014; de Oliveira et al. 2015) and/or Gaussian mixture
models (Ganchev et al. 2015; Heinicke et al. 2015), binary point matching (Katz et al.
2016), spectrogram cross- correlation (Katz et al. 2016), artiﬁcial neural networks
(Jennings et al. 2008; Tachibana et al. 2014; Nicholson 2016), decision trees (Digby
et al. 2013) and band-pass ﬁlters (Charif et al. 2010). Some of the approaches mentioned
employ a single step process that runs the algorithm against every window of an audio
recording and reports a score value for each window (hereafter ‘moving window
recognizer’). Others use a two-step process that ﬁrst conducts signal detection with a
moving window, and then runs the algorithm only on detected signals (hereafter ‘signal
detection recognizer’). Regardless of the process, all single-species recognizers calculate
a score metric and thus require setting a score threshold to separate detections of the
focal species from other non-target signals.
Studies using recognizers have typically treated score as a measure of classiﬁcation
probability; thus, score threshold choice is usually described as a subjective decision
based on the priorities of the user (Wildlife Acoustics 2011; Katz et al. 2016) to balance
precision (i.e. minimizing false positives) and recall (i.e. minimizing missed detections).
Some authors have used statistical tests such as Youden’s J statistic (Youden 1950) to
select a score threshold (Swiston and Mennill 2009; Ganchev et al. 2015; Ulloa et al.
2016; Crump and Houlahan 2017), but score is often selected arbitrarily. Score threshold can have a substantial impact on the performance of a recognizer (Brauer et al.
2016; Katz et al. 2016) and yet is not reported in most papers that use recognizers to
extract species detection information from audio recordings (Knight et al. 2017).
The application of signal processing to ARU surveys for ecological applications must
be considered in the context of the properties of sound. Spherical spreading causes
sound to attenuate with distance. Although the rate of attenuation can be complicated
by environmental factors, this relationship between distance and attenuation is generally predictable. As the call of a focal species attenuates with distance, it will also
become dissimilar to recognizer training data in a similarly predictable way. We predict
that if a recognizer is trained with audio clips of the focal species that were recorded at
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close range, that recognizer score will have a predictable relationship with the distance
at which a sound is recorded. If score has a predictable relationship with distance, then
score threshold is a decision about sampling area when recognizers are trained with
clips recorded at close range. One of the drawbacks of using recognizers to date is that
the perceived inability to determine sampling radius. Without knowledge of sampling
radius, ARU data are unsuitable for density estimation (Dawson and Eﬀord 2009).
Our goal was to investigate the implications of score threshold for ecological research
and monitoring. We tested whether score has a predictable relationship with distance,
and if so, whether it depends on how the recognizer was trained. First, we trained
multiple recognizers with clips recorded at known distances. We then modelled score as
a function of distance with polynomial regression for each of the recognizers. Next, we
explored the generalizability of the relationship between score and distance by including
random eﬀects and weather covariates in the top model for the recognizer trained with
clips recorded at close range. Finally, we examined how recognizer training data and
score threshold aﬀect the probability of detecting a call at various distances, and thus
the suitability of the processed data for distance sampling.

Materials and methods
Model species
We used the Common Nighthawk (Chordeiles minor) as a model species to test our
hypothesis because this non-passerine species has a simple and consistent call that is
eﬀectively recognized by a variety of automated recognition programs (Figure 1; Knight
et al. 2017). Understanding recognizer data quality and utility is also a conservation priority
because this species is listed as Threatened under Canada’s Species at Risk Act, and there
are limited data for the species because it is active during crepuscular periods when
standard bird surveys are not typically conducted (Environment Canada 2016).

Figure 1. Spectrogram of the same Common Nighthawk (Chordeiles minor) vocalization recorded at
multiple distances (near, midrange, far) and used to build recognizers. Spectrogram constructed with
the same parameters used for recognizer construction (Appendix A1).
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Audio data collection at known distances
We collected audio recordings of Common Nighthawks with known locations by
attracting a territorial male to the beginning of a transect of ARUs using conspeciﬁc
broadcast calls. An observer stood at the beginning of the transect and recorded the
time stamp, height, horizontal distance, and bearing of every vocalization from the
target individual. We minimized distance estimation error by using the same observer
for all observations, by the observer calibrating their distance estimates with a laser
range ﬁnder prior to every observation period, and by limiting observations to those
within 20 m horizontal distance of the observer because human observer distance
estimation error is minimized at short distances (Nadeau and Conway 2012). We
collected recordings on ﬁve transects (i.e. of ﬁve individual males) between July 13
and 20 July 2016, starting at 1 h before sunset and ending at sunset. Each transect
consisted of 11 ARUs placed at standardized distances along a linear feature (30 m,
60 m, 90 m, 120 m, 150 m, 180 m, 210 m, 240 m, 300 m, 400 m, 500 m). We measured
temperature, wind speed, and humidity during each survey using a Kestrel 3000
(Kestrel Meters, Minneapolis, MN, USA). We played an airhorn at the start of the
recording period from the beginning of the transect.
Following acoustic data collection, we clipped each of the recordings at the airhorn to
synchronize the target vocalizations therein. Next, we visually conﬁrmed the time stamp of
each vocalization of the target individual and identiﬁed any vocalizations that were masked
by the broadcast call. We then used the Seewave package (Sueur et al. 2008) in R to clip each
unmasked detection from each of the 11 recordings along the transect as 0.7 s clips. We
reviewed the clipped vocalizations and removed any sets of vocalizations where the target
individual was masked by other individuals or background noise. The ﬁnal dataset comprised 64 vocalizations at each of the 11 distances, or 704 clips in total.

Recognizer construction and processing
We used Song Scope software (Wildlife Acoustics, Maynard, MA, USA) to train
recognizers with the acoustic clips of known distances. Song Scope is a signal detection
recognizer that extracts Mel Frequency Cepstral Coeﬃcients from each detected signal
and computes the overall score using Hidden Markov Models (Wildlife Acoustics
2011). Although Song Scope was recently discontinued by its manufacturer, we chose
it because it outperformed all other ‘out-of-the-box’ recognizer programs in a recent
comparison for our model species (Knight et al. 2017), including its replacement
software Kaleidoscope (Wildlife Acoustics, Maynard, MA, USA). Despite its deprecation, Song Scope remains freely available from the manufacturer and continues to be
eﬀectively used for wildlife research and monitoring (e.g. Chambert et al. 2017; Venier
et al. 2017; Shonﬁeld et al. 2018).
We trained each recognizer with 50 clips of Common Nighthawk vocalizations from the
known distance dataset. We trained three single-distance recognizers (near, midrange, far;
Figure 2) with the same 50 vocalizations recorded at diﬀerent distances, and one mixeddistance recognizer with the same 50 vocalizations, but randomly and evenly selected from the
three single-distance training datasets. We used a standardized set of signal detection parameters for all three recognizers (Appendix A1) and ensured that each of the training clips was
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Figure 2. Recording distance of training clips used to build four diﬀerent recognizers to detect
Common Nighthawk (Chordeiles minor) calls.

fully recognized by the signal detection process in Song Scope. We ran each recognizer over
the full dataset of known distance clips using a score threshold of 0. The ﬁrst author validated
the recognizer results by reviewing each recognizer hit visually and aurally to conﬁrm the clip
was of the target individual for that transect.

Statistical analysis
We tested whether distance was a signiﬁcant predictor of score for each of the near,
midrange, far, and mixed-distance recognizers using polynomial linear models. Prior to
ﬁtting each model, we removed the ﬁfty clips that had been used in training to avoid
including over-ﬁtted score values in the analysis. For each of the four recognizers, we
ran a null model and models with ﬁrst, second, and third order polynomials for
distance. We ranked models using small sample size corrected Akaike’s Information
Criterion (AICc) and selected the most parsimonious model with ΔAICc < 2 from the
top model as the best ﬁtting model.
We then selected the recognizer that had the strongest relationship between score
and distance (the near recognizer) and added weather covariates and random eﬀects to
the best ﬁtting model to explore the generalizability of the relationship between score
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and distance. We included ﬁxed eﬀects for temperature, wind speed, and humidity
because weather can aﬀect sound attenuation, and a random eﬀect for vocalization ID
nested within individual bird ID because recognizer score can vary between individuals.
We tested for signiﬁcant collinearity between ﬁxed eﬀects by calculating the variance
inﬂation factor (VIF) for each predictor. We retained all predictors for model selection
because the maximum VIF was 1.70. We compared a global model to simpliﬁed models
using AICc and selected the most parsimonious model with ΔAICc < 2 from the top
model as the best ﬁtting model. We used the sigma estimates from the best ﬁtting
model to calculate the interclass correlation (ICC; i.e. the correlation in score value), for
the random eﬀects (vocalization and individual bird).
Finally, we modelled the probability of detection as a function of distance (i.e. the
detection function; Buckland et al. 2015) for each of the recognizers to determine the
suitability of the processed data for distance sampling (Solymos et al. 2013; Buckland
et al. 2015). We used a generalized linear model with a binomial response to estimate
the detection function because our data were not a random sample of distances, but a
series of binary data for non-randomly placed ARUs on the transect (Marques et al.
2009; Buckland et al. 2015). To model the detection function, we followed a half-normal
detection function using a generalized linear model with a binomial distribution and a
complementary log-log link (‘cloglog’) function (Solymos et al. 2013). We did not ﬁx
the intercept at 1 because we wanted to test whether the probability of detection was
near 1 at zero metres, which is a key assumption of distance sampling (Buckland et al.
2015). We used the entire dataset of 704 clips and modelled whether or not the
recognizer had reported a hit for each clip as the binomial response variable with the
negative squared distance of the clip as the predictor variable. We then created additional models using diﬀerent score thresholds (40, 45, 50, 55, 60, 65, 70) by removing
any hits from each dataset that were below the chosen score threshold. We also
calculated the recall for each recognizer for each score threshold as the number of
detections divided by the total number of clips processed (704). Recall is the proportion
of calls that were detected by the recognizer and is a recommended metric for assessing
recognizer performance (Knight et al. 2017; Priyadarshani et al. 2018).
All analyses were conducted in R version 3.4.3 (R Core Team 2017) using the
packages lme4 (Bates et al. 2015) and usdm (Naimi et al. 2013).

Results
The best ﬁtting model for the prediction of score with distance was a second-order
polynomial for the near and mixed-distance recognizers and a third-order polynomial
for the midrange and far recognizers (Appendix A2; Figure 3). Distance from all four
recognizers were signiﬁcant predictors of recognizer score (all P < 0.001); however,
distance explained more of the variation in score for the near and mixed-distance
recognizers than for the midrange and far recognizers (near: R2 = 0.49; midrange:
R2 = 0.03; far: R2 = 0.06; mixed: R2 = 0.41; Figure 3).
When we added weather covariates and random eﬀects to the second order polynomial model for the near recognizer and compared models with AICc, none of the
models with weather covariates had strong support (Table 1). The top ranked model
was the model with no weather covariates (ΔAICc = 0.57). Both random eﬀects had
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Figure 3. Relationship between recognizer score and distance of Common Nighthawk (Chordeiles
minor) detections from audio clips for four recognizers built with training data of diﬀering known
detection distances. Lines and 95% conﬁdence intervals are model predictions from polynomial
models and are plotted against the raw data.

strong ICCs: the ICC for vocalization was 0.67 and the ICC for individual bird was 0.53
(Figure 4).
Each of the recognizers detected vocalizations in approximately 75% of the 704
clips that were processed when there was no score threshold applied (i.e. only the
signal detection process was applied). The near recognizer detected 495 vocalizations,
the midrange recognizer detected 513 vocalizations, the far recognizer detected 488
vocalizations, and the mixed-distance recognizer detected 510 vocalizations. When
score threshold was applied, recall declined faster for the far recognizer than for the
other three recognizers, which had similar recall across all score thresholds applied
(Figure 5).
The probability of detection at distance = 0 was near 1 and the 95% conﬁdence
intervals for the detection overlapped for all four recognizers when there was no score
threshold applied (i.e. only the signal detection process was applied). When a score
threshold was applied to the near recognizer, the probability of detection at distance = 0
was near 1 for all score thresholds less than 70 (Figure 6). As score threshold increased,
the maximum distance at which the recognizer was able to detect calls decreased. The
mixed-distance recognizer behaved similarly to the near recognizer, except that the

8

E. C. KNIGHT AND E. M. BAYNE

Table 1. AICc ranking of models for prediction of distance with score of Common Nighthawk
(Chordeiles minor) detections from acoustic data processed with automated acoustic recognition.
All models included a second order polynomial for vocalization distance as a ﬁxed eﬀect and
vocalization nested within individual bird as random eﬀects. Bold indicates the model selected as
the most parsimonious model with ΔAICc < 2 from the top model.
Model
score = null
score = temperature
score = wind speed
score = humidity
score = temperature + wind speed
score = temperature + humidity
score = wind speed + humidity
score = temperature + wind speed + humidity

df
6
7
7
7
8
8
8
9

logLik
−1339.0
−1338.8
−1338.5
−1338.2
−1338.5
−1338.0
−1338.0
−1337.9

AICc
2690.1
2691.8
2691.3
2690.7
2693.2
2692.4
2692.4
2694.3

ΔAICc
0.00
1.69
1.20
0.57
3.15
2.28
2.30
4.18

AICc w
0.27
0.12
0.15
0.20
0.06
0.09
0.09
0.03

probability of detection at distance = 0 was less than 1 for score thresholds of 65 and 70.
For the midrange and far recognizers, the probability of detection at distance = 0 was
near 1 only for low score thresholds (40, 45). For score thresholds of 50 and greater, the
probability of detection at distance = 0 decreased with increasing score threshold.

Discussion
We showed that the probability of correct classiﬁcation reported by a recognizer, or
score, has a predictable relationship with distance if the recognizer is trained with clips
recorded at minimal distances or with clips evenly distributed across a range of
distances. In contrast, little of the variation in score values reported by recognizers
trained with clips recorded at midrange or large distances were explained by distance.
When we applied a variety of score thresholds to the processed results of each of the
recognizers and modelled the detection function for each, we found that the maximum
distance at which the recognizer was able to detect calls decreased, which shows that
applying a score threshold also limits the sampling area for those two recognizers.
Overall, our results have two important implications. First, that choosing a score
threshold will aﬀect the sampling area. Second, that training data for recognizers aﬀects
the quality and utility of the results.
Score threshold impacts the performance of a recognizer due to the trade-oﬀ
between recall and precision. Both Katz et al. (2016) and Brauer et al. (2016) have
shown that low score thresholds produce more false positives, while high score thresholds increase the probability of missing a detection of the focal species. We have also
previously shown that high score thresholds may be inappropriate for occupancy
modelling due to the low number of detections produced (Knight et al. 2017). Due to
the trade-oﬀ between recall and precision, choosing a score threshold has previously
been regarded as a subjective decision based on the priorities of the user; however, our
results suggest that score threshold should also be regarded as a decision about
sampling area. Several studies have shown that recognizer recall is lower than that of
a human listener unless minimal score thresholds are used (Katz et al. 2016; Knight
et al. 2017). Our detection functions show that this diﬀerence in recall is caused by a
smaller detection radius of the recognizer relative to the human listener, which has also
been suggested by Jahn et al. (2017). Lower recall compared to human listening is,

Figure 4. Relationship between recognizer score and distance of Common Nighthawk (Chordeiles minor) detections from audio clips of vocalizations of ﬁve
individual birds recorded at multiple distances. Lines are model predictions for each vocalization from polynomial mixed eﬀect models and are plotted against
the raw data.
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Figure 5. Recall of Common Nighthawk (Chordeiles minor) call detection from audio clips using
recognizers built with training data of diﬀering known detection distances and run with varying
score thresholds. Recall is the number of correctly detected Common Nighthawk vocalizations
divided by the total number of clips scanned with the recognizer.

therefore, not due to classiﬁcation errors per se, but reﬂects the fact that the eﬀective
area being sampled should be determined when using ARUs (Yip et al. 2017). If
researchers are interested in quantifying the sampling radius of their recognizer for a
particular score threshold, we recommend developing a known distance dataset, modelling the detection function for that score threshold, and calculating the distance at
which the number of individual birds detected outside is equal to the number of missed
individuals within (Buckland et al. 1993).
The amplitude of a sound at a particular distance is known to be aﬀected by humidity,
temperature, and wind because those weather conditions aﬀect the amount of sound
attenuation (Harris 1966). We therefore expected that the fade and distortion of the
spectral signature of sound would similarly be aﬀected by weather conditions, which
would be reﬂected in the score of the recognizer detection. We may not have detected
an eﬀect of weather conditions because we did not sample a wide range of temperature,
humidity, and wind over the ﬁve days of acoustic data collection. Instead, much of the
variation in the relationship between score and distance was attributed to the characteristics of the individual bird and vocalization, with greater than 50% intraclass correlation
for both random eﬀects. Individual variation in vocalizations has been shown in many bird
species (Linhart and Šálek 2017 and examples therein) and has also been suggested for the
Common Nighthawk (Armstrong 1965). The mono-syllabic nature of the Common
Nighthawk call likely limits the extent of variation compared to other species, especially
passerines that learn their songs and often have individual-speciﬁc repertoires of more
than one song (Catchpole and Slater 2008); therefore, the relationship between score and
distance will likely be more variable for those species. Researchers should ensure that
known distance datasets reﬂect the same amount of variation in song as the recognizer to
accurately determine the relationship between score and distance. We did not test for an
eﬀect of vegetation type but note that vegetation will likely alter the relationship between

Figure 6. Probability of detecting a Common Nighthawk (Chordeiles minor) call from audio clips using recognizers built with training data of diﬀering known
detection distances and run with varying score thresholds. Lines and 95% conﬁdence intervals are model predictions from binomial detection data.
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score and distance via sound attenuation and thus should also be considered when
building known distance datasets.
We showed that the relationship between score and distance facilitates density
estimation, which is a key objective for wildlife management (Buckland et al. 2015).
ARUs have previously been criticized because of the inability to determine sampling
area (Dawson and Eﬀord 2009); however, we showed here that the detection function of
data processed with near or mixed-distance recognizers satisﬁes the assumption that the
probability of detection is near one at zero metres. This assumption is important for
density estimation methods that model probability of detection as a function of distance
sampling (Solymos et al. 2013; Buckland et al. 2015). The detection functions of the
recognizers built with midrange and far clips did not satisfy this assumption when score
values were greater than 50 (Buckland et al. 2015). When score thresholds were applied
to both these recognizers, hits at all distances were classiﬁed as negative detections
because there was no linear, negative relationship between score and distance, which
resulted in a probability of detection of less than 1 at zero meters. While the relationship between score and distance for the near and mixed-distance recognizers results in
data that is suitable for density estimation, we do not recommend using score to
estimate distance to a particular individual because the variation introduced by any
given individual may introduce bias in results. Instead, we have previously shown that
relative sound level, or the loudness of a particular sound, is a robust proxy for distance
(Yip et al. Forthcoming).
Due to the variation in approaches to automated recognition, some of our results are
likely generalizable to other automated recognition approaches and some are not. We
suggest that the relationship between distance and score is likely generalizable because it
is based on the principle of spherical spreading and sound attenuation, but that the
shape of the relationship may depend on the feature extraction and classiﬁcation
methods. The shape of the detection function, however, may depend more on the
signal detection performance of the recognizer. We showed that when no score threshold was applied (i.e. all detected signals were included), the detection function for all
four recognizers was suitable for density estimation. The detection function for moving
window recognizers may not follow the same pattern. The detection function will also
be less ideal for recognizers applied to full-length ﬁeld recordings because the recall rate
of the recognizers will be reduced by sound masking from other noises in the recording
(reviewed by Priyadarshani et al. 2018). Future research should investigate the extent of
generalizability for the relationship between score and distance, particularly for moving-window recognizers.
In general, recognizers are trained with ‘high-quality’ audio clips (e.g. Venier et al. 2017;
Shonﬁeld et al. 2018). ‘Quality’ is a subjective and undeﬁned term; however, most authors
imply it has two components: amount of background noise and recording distance
(Priyadarshani et al. 2018). Previous studies have investigated the impact of background
noise and found that developing a training dataset with minimal background noise
improves the precision of the recognizer (Wildlife Acoustics 2011; Duan et al. 2013).
We are unaware of any studies that have investigated the distance component of quality.
We found that the recall of the recognizer was not aﬀected by the distance of the training
data unless far training data was used. We note, however, that we did not investigate the
precision, or false positive rate of the recognizers. We also found that the implications and

BIOACOUSTICS

13

utility of the data are aﬀected by the distance of the recognizer training data. Although
both the near and mixed-distance recognizers showed a relationship between distance and
score, the relationship was stronger for the near recognizer, and thus it satisﬁed the
assumptions of distance sampling for a larger range of score thresholds than the mixeddistance recognizer. We are unsure whether the relationship between score and distance
for mixed-distance recognizers is speciﬁc to the balanced training data design we used.
Our results therefore conﬁrm the existing standard to train recognizers with clips recorded
at close range, or ‘high quality’ data (Priyadarshani et al. 2018).
The continued accrual of large bioacoustic datasets in many parts of the world
emphasizes the increasing importance of automated methods to extract focal species
information from those datasets. Many approaches to automated recognition have been
attempted and their performance compared, but the processed data is rarely evaluated
for speciﬁc ecological applications. Focal species data from ARU recordings can be used
for a wide variety of ecological applications, ranging from habitat models (CamposCerqueira and Aide 2016) to studying phenology (Willacy et al. 2015) to detecting rare
species (Sidie-Slettedahl et al. 2015); however, each of those applications comes with a
separate set of assumptions. We showed here for the ﬁrst time that the distance of
training data and the score threshold applied to focal species recognizers can aﬀect the
meaning and utility of the processed data, particularly with respect to density estimation. We therefore encourage practitioners to think carefully about the desired data
application before choosing how to train their recognizer. For most applications,
training recognizers with ‘high quality’ clips that were recorded at close range will
improve the utility of the data without aﬀecting the recall performance of the
recognizer.
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Appendix A1. Parameter settings for recognizers built in Song Scope software.
Parameter
FFT size
FFT overlap
Frequency minimum
Frequency range
Amplitude gain (dB)
Background ﬁlter (s)
Max syllable (ms)
Max syllable gap (ms)
Max song (ms)
Dynamic range (dB)
Algorithm
Maximum complexity
Maximum resolution
Score threshold
Quality threshold

Setting
256
½
40
80
0
1
432
0
432
35
2.0
32
8
0
20

Appendix A2. AICc ranking of polynomial models for prediction of distance with score of Common
Nighthawk (Chordeiles minor) detections from acoustic data processed with automated acoustic
recognition. Recognizers were trained with vocalizations recorded at three diﬀerent distances.
‘Mixed’ indicates that the recognizer was trained with vocalizations from all three distances. Bold
indicates the model selected as the most parsimonious model with ΔAICc < 2 from the top model.
Recognizer
Near
Near
Near
Near
Midrange
Midrange
Midrange
Midrange
Far
Far
Far
Far
Mixed
Mixed
Mixed
Mixed

Model
Distance = null
Distance = score
Distance = score + I(score^2)
Distance = score + I(score^2) + I(score^3)
Distance = null
Distance = score
Distance = score + I(score^2)
Distance = score + I(score^2) + I(score^3)
Distance = null
Distance = score
Distance = score + I(score^2)
Distance = score + I(score^2) + I(score^3)
Distance = null
Distance = score
Distance = score + I(score^2)
Distance = score + I(score^2) + I(score^3)

df
1
2
3
4
1
2
3
4
1
2
3
4
1
2
3
4

logLik
−1662.6
−1507.5
−1503.9
−1503.8
−1667.9
−1667.7
−1662.0
−1659.0
−1439.8
−1437.6
−1430.4
−1423.1
−1622.7
−1622.7
−1493.9
−1493.5

AICc
3329.1
3021.0
3015.8
3017.8
3339.9
3341.5
3332.0
3328.1
2883.6
2881.3
2826.9
2856.4
3249.4
2999.2
2995.9
2997.1

ΔAICc
313.33
5.17
0.00
2.02
11.81
13.41
3.95
0.00
27.21
24.93
12.50
0.00
253.41
3.21
0.0
1.11

AICc w
0.00
0.05
0.69
0.25
0.00
0.00
0.12
0.88
0.00
0.00
0.00
1.00
0.00
0.11
0.56
0.32

