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ABSTRACT:
Much can be learned by investigating the click trains of odontocetes, including estimating the number of vocalizing

animals and comparing the acoustic behavior of different individuals. Analyzing such information gathered from

groups of echolocating animals in a natural environment is complicated by two main factors: overlapping

echolocation produced by multiple animals at the same time, and varying levels of background noise. Starkhammar

et al. [(2011a). Biol. Lett. 7(6), 836–839] described an algorithm that measures and compares the frequency spectra

of individual clicks to identify groups of clicks produced by different individuals. This study presents an update to

this click group separation algorithm that improves performance by comparing multiple click characteristics. There

is a focus on reducing error when high background noise levels cause false click detection and recordings are of a

limited frequency bandwidth, making the method applicable to a wide range of existing datasets. This method was

successfully tested on recordings of free-swimming foraging dolphins with both low and high natural background

noise levels. The algorithm can be adjusted via user-set parameters for application to recordings with varying sam-

pling parameters and to species of varying click characteristics, allowing for estimates of the number of echolocating

animals in free-swimming groups.
VC 2021 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons
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I. INTRODUCTION

Toothed whales and dolphins (odontocetes) use two

broad categories of vocalizations: whistles and clicks (Janik,

2009; Tyack, 2019). Whistles are narrowband and

frequency-modulated vocalizations used for social commu-

nication in most odontocete species (Morisaka, 2012;

Tyack, 2019). These tonal vocalizations have been best

studied in bottlenose dolphins (Tursiops spp.), which have

typical whistle durations of 0.06–5.4 s and fundamental fre-

quencies up to 41 kHz (Hiley et al., 2017; Kaplan and Reiss,

2017; Jones et al., 2020). Clicks can be modified for use in

both navigation (i.e., echolocation clicks) and communica-

tion (e.g., burst pulse signals) (Arranz et al., 2016).

The echolocation clicks of most toothed whales (most

members of the family Delphinidae and all members of fam-

ilies Iniidae, Lipotidae, Monodontidae, Platanistidae, and

Ziphiidae) are broadband, with central frequencies ranging

between 33 and 102 kHz (Au, 2018; Fenton et al., 2014).

Specialists at hunting squid at long ranges, the clicks of

sperm whales (family Physeteridae) are also broadband, but

are particularly low in central frequency (15 kHz) and com-

monly documented as multipulsed (Møhl et al., 2003;

Fenton et al., 2014). Some species produce relatively nar-

rowband high frequency clicks (members of the families

Phocoenidae, Pontoporiidae, and Kogiidae, the genus

Cephalorhynchus, as well as Lagenorhynchus cruciger and

Lagenorhynchus australis) with central frequencies between

123 and 142 kHz (Morisaka and Connor, 2007; Kyhn et al.,
2013; Fenton et al., 2014; Jensen et al., 2018; Galatius

et al., 2019). All echolocation clicks are short duration

(<300 ls), directional, and are emitted in trains with inter-

click intervals (ICIs) up to 2 s depending on the distance of

the target object from the animal, usually with a “terminal

buzz” of decreasing ICI upon target approach (Fenton et al.,
2014; Au, 2018; Ridgway et al., 2015; Miller et al., 2004).

As with whistles, echolocation clicks have been best studied

in bottlenose dolphins (Tursiops spp.), which have typical

click train durations of 0.1 to 5.0 s (Lilly and Miller, 1961;

Finneran et al., 2014; Jones et al., 2020; Starkhammar et al.,
2011a; Starkhammar et al., 2019).

Other than differences in central frequency, certain dif-

ferences in characteristics of echolocation clicks (such as

rises, notches, and peaks) between families have been used

to build computational analysis tools that can distinguish
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clicks generated by odontocetes of different species (Roch

et al., 2011, Klinck and Mellinger, 2011; Palmer et al.,
2017; Yang et al., 2020; Soldevilla et al., 2008). However,

using echolocation to distinguish between individuals of the

same species, when clicks have the same species-specific

characteristics, must rely on other measures.

Studies investigating echolocation production at the

individual level can be used to estimate the number of

vocalizing individuals and analyze behavior within groups,

including answering questions related to cognition. For

example, captive common bottlenose dolphins (Tursiops
truncatus) have been shown to “eavesdrop” on the echoloca-

tion of others (Xitco and Roitblat, 1996), but examples of

this in their wild counterparts are rare [G€otz et al. (2006)

and Gregg et al. (2007), but see Alc�azar-Trevi~no et al.
(2021)]. Additionally, analysis of echolocation can reveal

differences in acoustic behavior and individual roles during

group behaviors. Based on inter-click-intervals (ICI),

Benoit-Bird and Au (2009) proposed that spinner dolphins

use echolocation to determine the location of conspecifics

during cooperative foraging. Studies of groups are hindered

by the difficulty of analyzing overlapping echolocation in

recordings of groups of free-swimming animals. For exam-

ple, the individual ICI becomes difficult to assess when

more than one animal echolocates concurrently. It is also

particularly challenging when source localization is not pos-

sible, as in cases where animals are spatially close to each

other or when an insufficient number of synchronized hydro-

phones are available. Several studies have attempted to

obtain estimates for the number of echolocating animals

from a single recording by comparing various click charac-

teristics in order to separate overlapping echolocation click

trains (Halkias and Ellis, 2006; Zaugg et al., 2013, Bahl

et al., 2003, Baggenstoss, 2011). However, algorithms

applied to the unusual click characteristics of sperm whales,

the subject of many of these studies, may not prove useful

for similar studies in other toothed whales. Additionally,

many of these methods are computationally taxing, extracting

a high number of parameter measures from each click [28

features in the case of Baggenstoss (2011)]. One study on

beluga whales used inter-click interval as a single parameter

to separate overlapping click trains, but this method proved

unreliable when burst pulse signals were present in the data

due to the rapid increase in ICI (Le Bot et al., 2015).

A computationally inexpensive MATLAB-based click

group separation (CGS) program (Starkhammar et al.,
2011b) was created to separate overlapping echolocation

based on a different single metric: correlation of frequency

spectra between individual clicks. With this CGS algorithm,

the number of distinct echolocation click groups can be

determined from recordings of multiple animals taken from

a single hydrophone. The number of echolocation click

groups detected can be used as a proxy for estimating the

number of animals echolocating in a given recording.

However, this program was developed for a controlled

experimental setting: dolphins echolocated on targets posi-

tioned behind or in front of a 2D array of hydrophones in a

relatively low background noise environment. The animals

were swimming freely and in spontaneous groups inside a

natural pen, and the hydrophone array was mounted on the

netting surrounding the pen. Additionally, the recordings

were hardware triggered and set to record a narrow time win-

dow around each click in a series with a high click rate

(burst-mode sampling). Excluding the silence between clicks

enabled simultaneous full sampling on 47 separate hydro-

phone channels while still keeping file sizes manageable dur-

ing long periods of burst-mode recordings of echolocation

activity. The original CGS algorithm, however, only utilized

the output from one of the channels; the channel that

recorded the highest amplitude during a click train sequence.

When the algorithm was tested on continuous recordings

from a shallow, noisy environment (recorded in another set-

ting and with another hardware altogether), the program

struggled to accurately separate click groups. Especially

problematic were broadband, short duration sounds similar in

frequency spectra to dolphin clicks, such as those produced

by snapping shrimp, which were falsely identified by the pro-

gram as echolocation clicks (Figs. S1, S2, S3 in supplemen-

tary material1). Such sounds artificially overestimated the

number of click groups in the program output. The method

also relied on the assumption that the frequency spectra

varies gradually from click to click within a single click train.

However, this assumption will hold only if successive clicks

are recorded in the same region of the echolocation beam.

Since the spectral content of the clicks varies across the cross

section of the echolocation beam it is clear that the accuracy

of an algorithm reliant upon the spectral content of succes-

sive clicks will also be dependent on the movement of the

animal relative to the recording hydrophone. It will be less

accurate if the animal is scanning rapidly across the hydro-

phone than if the hydrophone records the click train in the

same position within the echolocation beam for every click.

Thus, in cases where the animal is travelling fast or moving

its head side to side while scanning, additional acoustic click

information less impacted by the relative axis to the record-

ing device is likely to improve the CGS method. One study

on bottlenose dolphins showed a promising method for using

both inter-click interval and click-to-click amplitude to sepa-

rate overlapping echolocation (Lepper et al., 2005).

This paper details significant modifications to the origi-

nal CGS algorithm in order to improve results from under

sampled recordings in environments of relatively high back-

ground noise levels. The accuracy of this new algorithm was

tested using acoustic clips with known numbers of free-

swimming echolocating animals in an environment with

high background noise. The resulting algorithm is also com-

pared with the original algorithm using the same data set as

presented in the original publication.

II. METHODS

A. Data collection

Data used in this study came from two different sour-

ces. The first source of data were also used in the original
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test of the CGS algorithm (Starkhammar et al., 2011b). This

was a recording of 19 free-swimming and spontaneously

echolocating bottlenose dolphins (Tursiops truncatus) in a

large open-sea pen with a maximum depth of 5 m, a sandy

sea floor, and minimal reflective surfaces, thereby having

very low background noise levels. Recordings were made at

a sampling rate of 1 MHz and 12-bit resolution, with record-

ings of 150 ls time windows, plus a pre-trig window of

40 ls, designed to capture only clicks and not the silence

between them, thereby limiting recording of samples repre-

senting silence, and thus also minimizing the data file size

during long recording sessions. This hardware-based file

size minimizing recording method was crucial for enabling

hour-long simultaneous sampling of the 47-element hydro-

phone array with 1 MHz sampling rate. The full setup of this

data collection and data parameters was described in

Starkhammar et al. (2009) and Starkhammar et al. (2011b).

Only the channel that recorded the strongest acoustic ampli-

tude level during any given click train was used. One seg-

ment of recorded echolocation that was manually

determined to contain overlaying click trains from multiple

animals was selected as an example dataset. The manual

classification was based on the visually apparent abrupt

changes in amplitude and ICIs. A priori information on the

number of acoustically active animals within the group of

19 individuals present is not available for this dataset.

Therefore, additional data in which the number of echolo-

cating animals could be known were also used.

The second source of data were acoustic recordings

made of single free-swimming bottlenose dolphins in the

inshore areas along the west coast of Florida, within 35 km

south of the Cedar Keys. The environment consists of

mostly shallow seagrass beds and oyster bars among small

islands and inlets with an average depth of 1 m. This area is

normally characterized by high biological background noise

levels (average 181þ/� 7.4 dB re: 1 lPa over random sam-

pling of 50 five-second samples), as is typical for shallow

warm waters worldwide (Potter et al., 1997). Underwater

recordings were made during boat-based surveys from May

to August 2018, using an HTI-96-MIN hydrophone (flat fre-

quency response: 0.002–30 kHzþ/� 1 dB) kept 0.5 or

0.25 m below the surface, depending on available depth.

The sensitivity of the hydrophones including pre-

amplification was �173 dB re 1 V/lPa. This dataset was

sampled with the continuous sampling mode, as opposed to

the first dataset, which was collected with burst-mode sam-

pling. Recordings were made at a sampling rate of 96 kHz

on a multitrack recorder with in-built anti-aliasing filter

eliminating frequencies over 48 kHz (Tascam DR-

680MKII). Data of this sampling rate were available

because whistle vocalizations, which have fundamental fre-

quencies only up to 41 kHz (Hiley et al., 2017; Kaplan and

Reiss, 2017), were the original focus of this data-collection

protocol. We recognize that this frequency range excludes

the higher frequencies of echolocation clicks but believe

this is a strength rather than a weakness of the method, mak-

ing it equally applicable to datasets originally designed for

studies of other vocalizations. This means there is no

requirement for dedicated fieldwork and data collection for

the specific purpose of answering questions related to over-

lapping echolocation, which may not be possible for many

research operations.

Whenever possible, the boat engine was turned off to

reduce anthropogenic background noise. Concurrent synced

video was captured using a handheld video camera (Sony

Handycam HDR-SR11). All audio recordings were visual-

ized as spectrograms in Adobe Audition v6.0 (Adobe

Systems, down-sampled to 48 kHz, FFT length: 1024,

Blackmann-Harris window). Clips of audio during active

foraging by single animals were manually isolated for analy-

sis if they met three criteria for audio quality assurance: (1)

the event occurred while the focal animal was within 100 m

of the research boat, (2) the boat engine was off, and (3) dol-

phin vocalizations were visible on the spectrogram over

background noise.

During these recordings, visual observations and review

of video footage confirmed that only the focal animal was

present within 100 m of the hydrophone. Therefore, there

was confidence that only the focal animal’s echolocation

was captured on these acoustic recordings. Echolocation

was present in all audio clips extracted from foraging

events. A lower limit frequency cutoff of 16 kHz was intro-

duced in Adobe Audition to partially reduce low-frequency

background noise, thus restricting subsequent analysis to the

frequency band from 16 to 48 kHz.

B. Original algorithm

A classical threshold method was used to recognize

clicks within an audio clip: any sample with an amplitude

over the user-provided amplitude trigger level was analyzed.

This parameter was set by the user depending on the ampli-

tude of clicks over general background noise for each indi-

vidual clip. All samples within a given time window, placed

around a trig-event with the trig-event positioned in the mid-

dle of that time window, were analyzed as one single click.

The total length of the time windows where 150 ls (150

samples) for the first, burst-mode sampled, dataset and

802 ls (77 samples) for the continuously sampled second

dataset. For each subsequent click in an audio clip, the origi-

nal algorithm compared the frequency spectral correlation

between each click and the proceeding click, calculated

according to

Ck ¼

X
i

Uk fið Þ � Ukþj fið Þ

max
X

i

U2
k fið Þ;

X
i

U2
kþj fið Þ

" # ; (1)

where k¼ 1, 2, 3, …, N� 1; N¼ number of measured clicks

in the echolocation sequence; i¼ 1, 2, 3, …, M; M¼ number

of frequency components in the frequency spectra; Ck¼ the

correlation coefficient of the kth and kþ 1th clicks; fi¼ the

ith frequency component in the spectrum; Uk(fi)¼ the
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relative amplitude of the ith frequency component in the

spectrum of the kth click; and j¼ lag¼ 1.

For clicks with spectral frequency of a similarity

exceeding the user-defined spectral resolution threshold,

clicks would be grouped together into click groups. The

code restricted stepwise comparisons to 30 proceeding

clicks to search for a reasonable match between the click

being considered and previous click groups. Given how the

algorithm works, “click groups” are defined as groups of

clicks produced in sequence by the same animal rather than

being defined by the any relative timing of clicks.

C. Algorithm modification to increase CGS algorithm
accuracy

In addition to frequency spectra, two new properties of

each click were measured: peak-to-peak amplitude and

inter-click interval. The use of these metrics for comparison

assumed that across consecutive clicks from the same ani-

mal, these characteristics change gradually rather than sud-

denly. Specifically, the new program used a decision-tree,

classifying each click based on the results of specific com-

parisons (Fig. 1). Again, the method may compare the click

with up to 30 proceeding clicks in order to group clicks

together, preventing the number of click groups being over-

estimated due to interruption.

By introducing ICI as a comparison metric in the

method, a new limitation was introduced. In cases where

echolocation was continuous but contained clicks that fell

below the amplitude trigger level set for that clip (as might

happen if the dolphin momentarily turned off-axis from the

hydrophone), clicks would be grouped by the program as

separate groups based on a large inter-click interval. To

reduce this overestimation of click group estimates, a

parameter (trigger level ICI tolerance) was added that

removes ICI as a characteristic for comparison for any clicks

that had an amplitude within a set amount above the trigger

level for the clip.

Because the algorithm was being tested on both data

collected with burst mode sampling as well as continuous

sampling, a Window Taper Parameter was added to suppress

signals in the start and end of each click sampling window.

This is needed in the rare event that two clicks from differ-

ent animals coincide in time within one single time window

or if other temporal noise sources interrupt the data. Such

coinciding signals would cause the signal snippet to not end

on an amplitude equal to zero. This would in its turn intro-

duce false frequency components in the fast Fourier trans-

form (FFT). Therefore, each data snippet (time window

containing data) was windowed using the Tukey window

function in MATLAB (The Mathworks, Natick, USA). The

tapering parameter used as input to the Tukey window func-

tion was set to 0.6 in the burst-mode sampled dataset and

0.3 in the continuously sampled dataset. The different values

of the tapering parameters here reflect adjustments to the

two different sample modes and sample parameters used for

recording the two different datasets. All adjustable algo-

rithm parameters, their descriptions, units, and values are

listed in Table I.

Despite removing all sound below 16 kHz from the con-

tinuously sampled data, there were still frequent intense

background noises (such as snapping shrimp) incorrectly

identified by the CGS program as echolocation clicks since

FIG. 1. (Color online) Decision tree used by custom MATLAB program to classify clicks into different click groups by comparing characteristics of each click

with those of the proceeding clicks. The program would compare with up to 30 previous clicks to determine if there was a reasonable match based on click

characteristics.
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all signal levels over the given threshold were included in

the analysis. An additional procedure was added to allow for

more accurate click group separation given such noise. This

procedure used an added parameter, the low percentage

removal limit (LPRL). The LPRL procedure assumes that

background noise peaks that are falsely classified as new

clicks trains account for only a small percentage of all

detected click groups since they are unlikely to be consistent

in ICI, amplitude, and frequency spectra. Additionally, they

should be visually distinguishable from echolocation clicks

on spectrograms by an experienced human observer. This

was the case here in all clips used to test the program. When

originally running the program, the LPRL parameter would

be set to 0%. A manual operator compared the program out-

put to the spectrogram of the same clip, thereby identifying

any background peaks incorrectly identified as click groups

by the program. The LPRL was then set manually to a per-

centage 1% higher than the output percentage of total clicks

for any mis-identified click groups consisting of back-

ground peaks. When run again, the program runs normally

in a first iteration, then re-runs while ignoring any “clicks”

belonging to click groups representing less than the set per-

centage value (see Figs. S1, S2, and S3 in the supplemen-

tary material,1 for example). This procedure to remove

likely noise peaks helps to restore real click trains’ true ICI

values and peak-to-peak amplitude threshold values. Since

these values are used when successive clicks are compared

in the process of grouping the clicks together with earlier

click train groups, the re-run of the algorithm will group

click groups more accurately.

D. Algorithm evaluation

Manual fine-tuning of appropriate algorithm parameter

values was done using data from both sources. On the burst-

mode sampled data clip, the number of actively echolocat-

ing animals was not known (<19), so performance could

only be judged by visually comparing result outputs when

using different parameter values, comparing the output to

that of the original algorithm version described in

Starkhammar et al. (2011b) and to what could be expected

from visually inspecting the peak-to-peak amplitude and ICI

differences between clicks in the data. Then clips from the

continuously sampled dataset, known to contain exactly one

echolocating animal, were used to further determine the

code’s performance and adjust set parameters as needed

(N¼ 9, 3 different individuals). These clips ranged from 1

to 11 s in duration, with a mean of 5.11 s. Finally, combina-

tions of single-animal echolocation clips of different indi-

viduals were artificially merged using ADOBE AUDITION v6.0

(Adobe Systems) to create a second set of clips with over-

lapping and/or interrupting echolocation of exactly two ani-

mals (N¼ 11). Using these two sets of clips known to

contain the echolocation of exactly 1 and 2 animals, respec-

tively, allowed for finalizing parameter values for optimal

performance of the algorithm. Only the trigger level and

LPRL values required adjustment per data clip, depending

on the background noise level of each (see Table I for all

final parameter values).

To test the accuracy of the final version of the algorithm

with the determined parameter values, the algorithm was

tested on an additional nine merged clips containing echolo-

cation of two different individuals and on a set of merged

clips containing echolocation of three different individuals

(N¼ 12). In order to test the hypothesis that the number of

click groups as determined by the algorithm would signifi-

cantly differ between clips known to contain one, two, and

three animals, a generalized linear regression with Poisson

distribution was used. Clips used in both parameter finetun-

ing and in testing the final parameters were combined for

TABLE I. Parameter descriptions and values used in the final version of click group separation program as determined by manual fine-tuning. Two parame-

ters (trigger level and LPRL) were set per data clip (section of interest within an audio recording) depending on SNR.

Parameter Description Units Value

Trigger level Minimum amplitude of clicks included in analysis, set

per clip

Pascals/Volts 0.447 to 446.79/0.001 to 1

Peak-to-peak amplitude

threshold

Maximum allowed amplitude difference between clicks

grouped together. Calculated as a function of the chosen

trigger level.

Pascals/Volts 72.2(Trigger Level2)

þ 1.2(Trigger Level)þ 0.12

Inter-click interval

threshold

Maximum allowed ICI difference between clicks

grouped together

Number of samples 10 000

Trigger level ICI

tolerance

Minimum amplitude difference between trigger level

and click for which ICI would be used to determine

click similarity

Pascals/Volts 10% of Trigger Level

Spectral resolution

threshold

Minimum correlation value of frequency spectrum con-

tent between clicks grouped together

Proportion 0.9

Low percentage removal

limit

All detected peaks belonging to relatively unpopulated

click groups (below this percentage value) are removed

for data analysis

Percentage 0% to 12%

Window taper parameter Tapering parameter of the click windows, preventing

false frequency components in the analysis

Unitless 0.6 (burst-mode data)

0.3 (continuous data)

Previous click compari-

son number

The number of clicks earlier in the sequence for which

the algorithm compares parameters

Number of clicks 30
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use in this model testing in order to achieve a high enough

sample size to satisfy model assumptions.

III. RESULTS

Using the new version of the CGS algorithm, the burst-

mode sampled data clip had 163 detected clicks, the same

number as in Starkhammar et al. (2011b). The algorithms

differed in the grouping of clicks. Visual inspection of the

clicks indicates that the new algorithm made better match-

ing decisions than the original version due to observable dif-

ferences in ICI and peak-to-peak differences being more

easily explained in the new version (Fig. 2).

In the continuously sampled dataset, each of the nine

clips known to contain one echolocating individual (three

different individuals) had a mean of 120.11 clicks detected

(range: 9–401, SD: 118.26), grouped into a mean of 1.67

click groups (range: 1–3, SD: 0.71), meaning that the num-

ber of click groups was correctly estimated in four cases

(44%), overestimated in five cases (55%), and never under-

estimated. In the 12 clips known to contain two animals

echolocating used in parameter finetuning, the algorithm

resulted in a correct output for the number of click groups in

five cases (45.5%), overestimated in six cases (54.5%), and

never underestimated. In examining both parameter finetuning

and testing data clips known to contain two different animals

echolocating (N¼ 20), there were an average of 171.4 clicks

detected (range: 42–446, SD: 107.14) and grouped into a

mean of 3.15 click groups (range: 2–6, SD: 1.272). In 12 clips

known to contain three different animals echolocating, an

average of 220.92 clicks were detected (range: 82–498, SD:

113.53) and grouped into a mean of 3.92 click groups (range:

3–5, SD: 0.669). Statistical analysis revealed significant differ-

ences in the number of click groups detected between the

groups of clips containing single, two, or three echolocating

animals (glm: single animal versus two animals: Z¼ 2.216,

p< 0.05; single animal versus three animals: Z¼ 2.881,

p< 0.05; two animals versus 3 animals: Z¼ 0.218, p> 0.05;

Fig. 3 and Tables S1a, S1b in the supplementary material1).

The adjustable parameter values used and click group results

for each data files are given in Table S2.1

IV. DISCUSSION

The results of testing the updated CGS algorithm

showed the program’s ability to perform well on continuous

FIG. 2. (Color online) Automatic assignment of clicks to click groups from a burst-mode sampled recording of a group of free-swimming dolphins, for

which the number of echolocating animals was not known a priori. Click groups are shown by color and line differences. (a) and (b) show the grouping

made by the original version of the algorithm used in Starkhammar et al. (2011b) while (c) and (d) shows the grouping made by the updated algorithm.
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single hydrophone recordings of free-swimming dolphins.

Using additional click parameters amplitude and inter-click-

interval in combination with frequency spectral correlation

allowed more clicks to be correctly grouped together, even

in the case of relatively high background noise levels and a

limited recording bandwidth in the continuously recorded

data.

Use of the LPRL parameter eliminated the problem of

background noises being classified as new click groups. It

also allowed for correct grouping of clicks in trains together

in cases when they were initially classified as separate due

to such interrupting background noise. The results in Fig. 3

show that the algorithm never underestimated the number of

echolocating animals, meaning the algorithm can be used

reliably to determine the maximum possible number of ani-

mals echolocating in a clip.

The main data used in this study to design and test the

method was collected at a sampling rate of 96 kHz since the

original purpose of the data collection was to capture whis-

tles. Despite not having captured the higher frequencies of

echolocation clicks, the CGS algorithm performed well on

this data. Therefore, we are confident that the CGS method

can be successfully applied to Tursiops spp. acoustic data-

sets already in existence with similar recording parameters

without requiring dedicated data collection for applying this

method, which may not be feasible for many research

operations.

We caution users of the CGS algorithm to be aware that

the final version has one major limitation known to affect

output results. This occurs if a continuous echolocation

fades momentarily on the recording, as would happen when

an animal temporarily moves off-axis from the hydrophone.

In this case, resulting time-gaps between detected clicks of

larger than 10 000 samples could cause classification of

clicks into different click groups. The trigger level ICI toler-

ance parameter is designed to prevent this from occurring,

but it will still be possible in cases where click amplitude is

high enough above trigger level to not be caught by this

parameter. We offer that this limitation can be overcome by

manually removing classification of different click groups

caused solely by ICI in these cases. However, caution

should be taken in such an approach as this adjustment

instead could introduce a false underestimation of the num-

ber of click groups. Users should decide if such manual

adjustment should be used in each case, which will be deter-

mined by whether the user is more interested in estimating

the number of click trains or the number of echolocating

animals, and additionally by how they define a “click train.”

This limitation favors overestimating the number of click

groups rather than underestimating. This allows for confi-

dence that the number of click groups detected represents

the maximum number of echolocating animals in a clip. In

instances where the output shows a single click group, users

can have confidence that only a single animal is echolocat-

ing in that given recording. Determining whether a single

animal or multiple animals are echolocating in a recording

may prove to be the most useful distinction in the study of

acoustic role partitioning within groups, such as detecting

the use of “eavesdropping” by group members on the echo-

location of a single individual. This could be determined if,

for example, the CGS method output shows only one animal

in a group echolocating and other individuals change their

behavior without echolocating themselves.

This updated CGS method, with flexible user-set

parameters and protocols for limiting the influence of back-

ground peaks on results, should make this method applicable

to analysis of datasets from a wide range of recording condi-

tions, background noise levels, and studied broad-band

echolocating species. Given the reliable performance of the

algorithm on the current dataset with relatively high back-

ground noise, we expect the algorithm to perform equally as

well on any data with equal or lower levels of background

noise.

The updates made to CGS algorithm described here

greatly improved performance of the algorithm on both

burst-mode and continuous recordings of multiple echolo-

cating animals. We expect that the algorithm will perform

equally well on echolocation of other broad-band echolocat-

ing toothed whales with similar frequency range, amplitude,

and ICI. The only assumption that needs to be met by any

echolocation being analyzed by the CGS algorithm is that

characteristics of clicks produced by the same animal will

change gradually over sequential clicks and will, thereby, be

more similar to each other than clicks produced by other

animals in the same recording. While further testing will be

necessary to determine if this method is reliable when used

FIG. 3. Number of click groups detected in clips known to contain the echo-

location of one, two, and three animals. Each dot represents a single data

point. Dots were spread out horizontally to prevent them from overlapping.

Asterisks indicate significant differences (**p< 0.01, *p< 0.05).
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with clicks modified for communication such as pops or

burst pulses (Smolker and Connor, 1996; Arranz et al.,
2016; Ridgway et al., 2015), or with odontocetes known to

produce echolocation clicks of varying characteristics (i.e.,

sperm whales or harbor porpoises). For harbor porpoises

and the 12 other narrow-band high frequency signaling spe-

cies, there is less variation in the frequency spectra of clicks

between individuals (Kyhn et al., 2013). Although testing

would be required, we expect this would present a challenge

for the current CGS algorithm. In this case, we suggest edits

to allow the code to create click groups based only on ampli-

tude and inter-click-interval. We hope that such flexibility

of the CGS algorithm will make it useful for researching all

odontocetes, regardless of species or context. These include

determining when and how free-swimming animals may uti-

lize “eavesdropping” (Xitco and Roitblat, 1996; G€otz et al.,
2006; Gregg et al., 2007) or how individuals may partition

acoustic roles while performing cooperative behaviors,

under both experimental and natural conditions [e.g., King

et al. (2020)].
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