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Abstract: Bare board AudioMoth recorders offer a low-cost, open-source solution to passive acoustic
monitoring (PAM) but need protecting in an enclosure. We were concerned that the choice of enclo-
sure may alter the spectral characteristics of recordings. We focus on polythene bags as the simplest
enclosure and assess how their use affects acoustic metrics. Using an anechoic chamber, a series of
pure sinusoidal tones from 100 Hz to 20 kHz were recorded on 10 AudioMoth devices and a cali-
brated Class 1 sound level meter. The recordings were made on bare board AudioMoth devices, as
well as after covering them with different bags. Linear phase finite impulse response filters were
designed to replicate the frequency response functions between the incident pressure wave and the
recorded signals. We applied these filters to ~1000 sound recordings to assess the effects of the Au-
dioMoth and the bags on 19 acoustic metrics. While bare board AudioMoth showed very consistent
spectral responses with accentuation in the higher frequencies, bag enclosures led to significant and
erratic attenuation inconsistent between frequencies. Few acoustic metrics were insensitive to this
uncertainty, rendering index comparisons unreliable. Biases due to enclosures on PAM devices may
need to be considered when choosing appropriate acoustic indices for ecological studies. Archived
recordings without adequate metadata may potentially produce biased acoustic index values and
should be treated cautiously.

Keywords: acoustic indices; acoustic metrics; AudioMoth; calibration; frequency response; passive
acoustic monitoring

1. Introduction

In recent years, advances in technology have led to a surge in studies employing pas-
sive acoustic monitoring (PAM) as a surveillance technique in environmental and ecolog-
ical contexts [1-3] A reduction in the cost of hardware now means it is often possible to
deploy, simultaneously, multiple devices in a single study, increasing the area covered
and the amount of data collected. One such low-cost device for PAM is AudioMoth [4].
The AudioMoth couples a low-power microcontroller with an analogue microelectrome-
chanical systems (MEMS) microphone [4,5]. It is capable of recording and storing sounds
over a wide frequency range, from anthropogenic noise of around 1 kHz, through audible
wildlife at 4 kHz and up to 192 kHz for wildlife using the ultrasonic range [6]. AudioMoth
recorders have successfully been used in a wide variety of applications, from remotely
monitoring wild mammals [7-9], to identifying bird and frog species from spectral signa-
tures using a convolutional neural network [10] and even assessing exposure to urban
noise on building facades [11].

AudioMoth devices are sold as bare electronic boards (around USD 97 in 2023 for the
latest version from https://www .labmaker.org/products/audiomoth-v1-2-0 (accessed on 6
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August 2023)) and, for most applications, need protecting from environmental factors in
an enclosure. Recently, a proprietary injection-moulded polycarbonate case has become
available, featuring a Porelle AV51D acoustic vent for the microphone
(https://github.com/OpenAcousticDevices/Application-Notes/blob/master/An_Injec-
tion_Moulded_Case_for_AudioMoth/An_Injection_Moulded_Case_for_AudioMoth.pdf
(accessed on 6 August 2023)). However, this adds around USD 40 to the price
(https://www.labmaker.org/products/audiomoth-ipx7-case (accessed on 6 August 2023)),
and alternative home-made solutions have included simple food containers, enclosures
made from DIY components and 3D-printed cases (see https://www.openacous-
ticdevices.info/support/enclosures/summary-of-enclosures-to-date (accessed on 19 Au-
gust 2023) for a useful summary). The simplest, however, are zip-closure polythene bags
that are both widely available and cheap. Global availability is important, as lost or dam-
aged bags may be replaced locally, even in remote situations. Plastic bags have been illus-
trated as suitable enclosures by the AudioMoth developers [4] [5] and on users” blogs,
although sometimes with reported condensation problems and ingress of water
(https://www.openacousticdevices.info/support/enclosures/be-carefull-with-zip-lock (ac-
cessed on 19 August 2023)). In our experience, plastic bags can give suitable protection
from rain, although, in windy conditions, the repeated rubbing of the plastic on the edges
of the AudioMoth electronic board can cause splitting and leakage.

Very little information appears to have been published on how any of these housings
affect the acoustic performance of the devices, the exception being [12] as part of a wider
study. This is potentially of concern, for example, given the care and attention that has
gone into the development of microphone windshields over many decades. If blocking
the wind and rain is as simple as using a plastic bag, why are wind mufflers so expensive?
Our study was motivated by the concern that the choice of housing (and therefore micro-
phone covering) may potentially alter the spectral response of the device. Depending on
the research project, this may not matter because, for example, small shifts in spectral re-
sponse have minor effects on how a recording sounds, and species identification aurally
should still be possible. However, as the range of projects using AudioMoth and other
PAM devices diversifies, housings could alter frequency responses in ways that compro-
mise comparisons of data from either within a single study or among different studies.

In this paper, we focus on plastic bags as the simplest housing solution for Audio-
Moth recorders, although the principles (but not the details) apply to other recording de-
vices and their enclosures. Using an anechoic chamber, we performed a series of experi-
ments to assess how plastic bags affect the values of 19 acoustic metrics and ecoacoustic
indices calculated from AudioMoth recordings. At least some of these feature in many
studies employing PAM [13-18]. Simple acoustic metrics, such as mean frequency, can
obviously be affected by shifts in frequency response, while measures such as RMS (aver-
age amount of energy per unit time) may be reduced by anything obstructing the micro-
phone. Ecoacoustic indices are routinely employed in ecological studies yet are potentially
more problematic because they are often based on the relative amounts of energy in dif-
ferent frequency bands. Changes in the frequency responses of PAM devices due to the
housings could render comparisons of such indices across devices and sites unreliable,
potentially misleading the otherwise laudable goal of developing conservation action
from audio information [19].

This paper addresses three research questions that potentially influence the ways in
which PAM devices should be used in ecological studies, illustrated through an examina-
tion of the AudioMoth:

(i) Do AudioMoth recorders require calibration to capture the true frequency composi-
tion of the source signal?

(if) Is the need for calibration affected by the housing?

(iii) What is the impact of the lack of calibration on calculated acoustic metrics and
ecoacoustic indices?
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Our goal is not to criticise current practice but to point the way to expanded use of
PAM devices through an understanding of limitations imposed by frequency responses
and housings.

2. Materials and Methods

Ten AudioMoth recorders (version 1.1.0, obtained from different sources) were pro-
grammed to record at a sampling rate of 48 kHz with the gain set to medium. Each re-
corder was tested as a bare board, and then again with three experimental bag configura-
tions (Table 1), each with only a single layer of plastic covering the microphone.

Table 1. Experimental deployments used for the ten AudioMoth recorders. The onboard micro-
phone was at the top left in all deployments.

Experiment Deployment of AudioMoth Typical Set-Up

Bare board (i.e., no bag). Held by

Bo clamp underneath.

Large (235 x 285 mm), slightly
thicker (47 gm2) bag with sur-
B1 plus folded behind the device,
B2 kept in place with cable tie. Held
by clamp underneath. B2 repeats
B1 after re-bagging.

Small (95 x 150 mm), slightly
thinner (41 gm2) bag with sur-
plus folded behind the device.

Held by clamp underneath.

B3

Small (95 x 150 mm), slightly
B4 thinner (41 gm) bag with no
folds, suspended from a clamp.

177

The bags were fitted in a standard way by just one researcher, who had previously
carried out the same process more than 100 times, to maintain consistency. Experiment B2
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in Table 1 (repeat bagging of the same device) refers to incomplete data recorded inci-
dentally to the main trial when testing for appropriate sound levels for the experiment.
We did not initially intend to analyse these data, but they reveal important clues to con-
sistency, a key point we refer to later.

The devices were held at a 1.42 m height by a microphone clamp, directly facing a
loudspeaker (Genelec 8020C, lisalmi, Finland) placed 1.98 m away at the same height. A
series of pure sinusoidal tones in deci-decades from 100 Hz to 19.95 kHz were generated
using MATLAB (R2021a, Mathworks, Massachusetts, UK), rendered via a DAQ System
(NI USB-6341; National Instruments, Theale, UK) and played through the speaker and
recorded on the AudioMoth devices. The same source signals were also recorded on a
calibrated Briiel & Kjeer Class 1 sound level meter (SLM, Liibeck, Germany, type 2250)
placed in exactly the same location as the AudioMoth relative to the speaker. All the ex-
periments were conducted in the large anechoic chamber at the University of Southamp-
ton with minimal noise intrusion.

Combining the SLM data and the AudioMoth recordings of the broadband noise, the
frequency response function (FRF) between the incident pressure wave and the recorded
signal at the AudioMoth was calculated. A linear phase finite impulse response (FIR) filter
with 513 taps was designed with the same FRF as that computed for each of the Audio-
Moth configurations. Applying this filter to the data replicates the effect of the AudioMoth
and any bag on that data and provides a convenient way to investigate how sounds are
actually recorded.

To assess how the AudioMoth and the bags affect derived acoustic indices, we used
our archive of over 250,000 sound clips recorded across the city of Southampton during
2020. Although these were collected using AudioMoth, they are simply being used here
as example sound sources with analyses only considering how these are affected by the
filters simulating the FRF of the AudioMoth with and without bags. Used in this way, it
should not matter what the origins of the recordings were. To ensure we had a good range
of signal characteristics among our sound clips, we took stratified random samples from
the archive using three indicative metrics (RMS, ADI and ACI—Table 2), which had al-
ready been processed from the recordings without correction, to yield raw acoustic indi-
ces. To achieve this, the entire archive was stratified into 10 quantile groups based on each
metric, and an approximately equal number of samples was drawn at random from each
quantile to select 333 sound clips per metric. The stratified samples for each metric were
then combined and duplicates removed, yielding a set of 998 unique sound recordings
with a wide range of acoustic characteristics.

We assessed how our filters (and therefore the AudioMoth recordings made with and
without bags) affect 19 representative acoustic metrics and ecoacoustic indices, grouped
into four families (Table 2; colour-coded for convenience). Most of these metrics are con-
veniently coded in R [20], although Table 2 gives the original citations, where known. To
assess impact, we plotted the unfiltered metric (representing the true source signal)
against the filtered metrics (AudioMoth/bag effects). If there were no effects of the exper-
imental treatment on the indices, we would expect the relationships to follow the line of
equality (i.e., a 1:1 line). Deviations from this line were assessed using Willmott’s md, bor-
rowed from hydrology [21]:

1lSi - Al 1)
LilAi— SI+ S — S
where Si is the acoustic index value from source signal i, and Ai is the corresponding value
from the AudioMoth recording. A value of md =1 indicates perfect agreement, whereas
md = 0 indicates no agreement.

We also assessed consistency in the calculated acoustic metric values between tests
of the same individual sound clip on different AudioMoth devices (with or without bags)

using a form of the coefficient of variation:
Mean [Within clip SD of (4; — S;)]

= 2
¢v = 100] Grand mean of (4; — S;) | @

md=1-—
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where Si is the index value from source signal i, and Ai is the corresponding value from
the AudioMoth. Values of CV = 0 indicate perfect consistency, ranging to plus infinity for

no agreement.

Table 2. Acoustic indices and their definitions as applied here. The shadings represent the different
families of metrics. The measures highlighted in blue are based on time-domain properties (alt-
hough computations may be done in the frequency domain). Those in yellow are based on statistical
properties of the spectrum; in green are metrics based on geometric properties of the spectrum; and
in orange are quantities based on manipulations of the energies in one or more frequency bands.

Metric

Description

RMS

dBZ
M
Bio

Smean
Ssd
Smedian
SQ25
SQ75

SFM
SH
TH

Rough
Rugo
ADI

AEI

ACI

NDSI128

NDSI238

Root mean square is the square root of the average amount of energy in the
clip per unit time. For use in ecological research, see [22].
Unweighted sound level, calculated across the entire frequency spectrum, i.e.,
20 log10(RMS) + 94
Median of the signal envelope, scaled by bit depth [23]
Bioacoustic index energy in the signal filtered between 1 and 8 kHz [24,25]
The mean frequency of the frequency spectrum [20]

The standard deviation of the mean frequency of the spectrum [20]

The median frequency of the spectrum [23]

The frequency at the first quartile of the frequency spectrum [20]

The frequency at the third quartile of the frequency spectrum [20]
Spectral flatness measure is the ratio between the geometric mean and arith-
metic mean among frequency bins of the frequency spectrum [26]
Shannon evenness among the frequency bins of the frequency spectrum [27]
The temporal amplitude index, assessing the Shannon evenness of the ampli-
tude envelope [27]

Roughness captures the curvature of the frequency spectrum curve and is the
integrated squared second derivative of the spectrum [20]

Rugosity is similar to roughness but instead based on the first derivative [20]
Acoustic diversity index of the energy content in frequency bands between 0
and 10 kHz above a threshold, here 40 dB [28,29]

Acoustic evenness index uses the Gini coefficient to assess the equity of the
energy content distribution among frequency bands, defined as in ADI [29]
Acoustic complexity index, measuring the complexity of the signal but giving
most importance to sounds that are modulated in amplitude rather than con-
sistent [30]

Normalized difference soundscape index contrasting the energy in the 1 to 2
kHz frequency bin (anthropophony) against that in the 2 to 8 kHz frequency
bins (biophony) [31]

Normalized difference soundscape index contrasting the energy in the 2 to 3
kHz frequency bin (anthropophony) against that in the 3 to 8 kHz frequency
bins (biophony) [31]
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3. Results
3.1. Calibration

The FRFs of the bare board AudioMoth (B0 in Table 1) were remarkably consistent
below about 13 kHz, after which small variations were observed between devices (Figure
1). However, the FRFs were not flat, showing substantial accentuation of higher frequen-
cies relative to the lower frequencies and with almost 25 dB variation in the averaged re-
sponse across the frequency band (100 Hz-20 kHz).

Experiment BO (no bag) Experiment B1 (large bag)

30 30

Correction factor dB
Correction factor dB

0 S 10 15 20 0 S 10 15 20
Frequency kHz Frequency kHz
———AMO01 ——AM02 AMO3 AMOS = AMOS e AMO] e AMO2 AMO3 AMO ——ee AMOS
— AMO6 AMOT s AMOS s AMO) s AM10 s AMOE, s AN ] s AM(IE s AN AM10
Experiment B3 (small bag) Experiment B4 (small hanging bag)

Correction factor d8

Correction factor dB

Frequency kHz Frequency kHz

— AMO] ——— AM02 AMO3 AMOS = AMO6 e AMO] e AMO2 AMO3 AMO ———AMO0S

e AMO] e AMOS s AN e AM10 s AMOG, e AN s ANMOS s AMO9 e AM10

Figure 1. FRFs of AudioMoth with and without the bag treatments in Table 1. The correction factor
is the amount that needs to be subtracted from the recording on the AudioMoth to recover the source
signal. The AudioMoth FRFs are consistently coded, AM01 to AM10, to allow comparisons between
graphs. Note that AM04 has been omitted from experiment B3 due to a recording error.

Placing the AudioMoths in bags had a marked effect on the spectral responses that
were, apparently, often highly inconsistent (Figure 1). In all the bag configurations, there
was a tendency for frequency responses to show greater repeatability at low frequencies
(below 2-3 kHz), particularly for experiment B4, but unpredictable behaviour above 5
kHz, leading to wide 95% prediction intervals (Figure 2). All the bags reduced the re-
sponse at a high frequency relative to that for the bare AudioMoth (e.g., see mean trends
in Figure 2), but in an inconsistent manner.
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Experiment BO (no bag) Experiment B1 (large bag)

rection factor d8
rection factor de

Frequency kHz Frequency kHz

—— Mean 95% Pl lower 95% Pl upper ——Mean  ——95% Pl lower 95% Pl upper

Experiment B3 (small bag) Experiment B4 (small hanging bag)

rrection factor de
A\
{t
\
|
(
\
\
\
|
|
rrection factor de
\
| \
|
[
/

——Mean 95% Pl lower 95% Pl upper ——Mean 95% Pl lower 95% Pl upper

Figure 2. Mean and 95% prediction intervals (PI) for the FRFs for the four experimental treatments.
The prediction intervals (PI) show the limits within which 95% of all responses are likely to lie.

As the bare board AudioMoth showed very consistent FRFs, while the bagged de-
vices did not, the bags themselves (or the action of bagging the AudioMoth devices) must
be responsible. Indeed, analysis of the incomplete data from the pre-trial (experiment B2
in Table 1, initially intended only to set audio levels) showed a large variation between
repeat bagging of the same AudioMoth (Figure 3). In other words, putting the AudioMoth
in the bag introduced variations in the FRF, and repeating the operation on the same de-
vice, in the same way, did not result in the same outcome. On average, across all frequen-
cies and AudioMoth devices tested, using the large bag (B1 and B2) added variations in
the response of +2.9 dB. However, low frequencies were less affected than higher frequen-
cies, and variability peaked at around 8 kHz, with a mean uncertainty of ~9.6 dB with 95%
PI of -2.4 to 21.6 dB (Figure 3).

Difference between B1 and B2 trials (dB)

Variability due to bagging (dB)

= 4

Frequency kHz Frequency kHz

e AMO] e AMO2 AMO3 AMOS = AMOS —Mean = 95% Pl lower 95% Plupper

s AMO6 e AMO7 e AM(S e AMO9 = AM10

Figure 3. The left-hand figure shows the difference between dB levels recorded at each frequency
tested for experiments B1 and B2, i.e., repeat bagging of each AudioMoth. Ideally, all values should
be zero. As there is no logical ordering between trials Bl and B2, the right-hand figure shows the
mean and 95% prediction intervals (PI) for the absolute difference between repeat bagging. The dot-
ted lines have been added for visualisation only and cover frequencies for which data were lacking.
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3.2. Bag Effects on Metrics

When we calculated the acoustic metrics (Table 2) from the AudioMoth recordings,
we found strong differences compared with the metrics calculated from the source signals
(Figures 4-7; data in [32]), even on bare board AudioMoths (Figure 4).
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Figure 4. Comparison of acoustic metric values derived from 998 source signals and as recorded on
10 AudioMoths with no bag. The dashed line is the line of agreement. The metrics are described and
colour-coded in Table 2.

As the bare board AudioMoth tended to add high-frequency emphasis (accentuating
the higher frequencies relative to the lower ones; Figure 1), all the metrics related to the
dominant frequency (Smean, Ssd, Smedian, SQ25 and SQ75— colour-coded yellow in Ta-
ble 2 and Figure 4) were badly affected (i.e., strongly deviating from a 1:1 line). A visual
inspection of Figure 4 shows that among the ecoacoustic indices (coloured orange) rec-
orded on the bare board AudioMoth, ADI and AEI were the worst affected, followed by
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the two NDSI metrics and then ACI, the least affected. The bare board AudioMoth had a
tendency to overestimate metrics based on the time domain (Figure 4; coloured blue), alt-
hough Bio was underestimated. The metrics based on geometric properties (Figure 4;
green) were highly skewed on the bare board AudioMoth recordings.

The metrics calculated from the AudioMoth devices in bags showed modified re-
sponses that depended on how they were bagged and the metric used (Figures 5-7).
Among the time-domain metrics (blue), M was relatively little affected by the bags,
whereas the response of Bio was split into multiple parallel lines. None of the set-ups
tested faithfully captured dBZ as would be needed for noise assessments, the best being
the B1 bag, especially above 75 dB. This is likely to reflect that noise sources contributing
most to the sound field were low-frequency, where the bag was the least influential.
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Figure 5. Comparison of acoustic metric values derived from 998 source signals and as recorded on
10 AudioMoths with a Bl bag. The dashed line is the line of agreement. The metrics are described
and colour-coded in Table 2.
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Ecoacoustic indices (orange in Figures 5-7) tended to deviate more from a 1:1 line
when calculated from bagged than bare board AudioMoth (e.g., NDSI), although ACI re-
mained consistent and true to the source signal throughout. As with the metric M, indices
based on statistical properties (yellow in Figures 5-7) often split into multiple parallel
curves in the bagged devices. Visually, the metrics based on geometric properties (green)
sometimes showed a closer fit to a 1:1 line when recorded in a bagged AudioMoth (e.g.,
SFM), presumably because the housing reduced the high-frequency content.
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Figure 6. Comparison of acoustic metric values derived from 998 source signals and as recorded on
9 AudioMoths (one failed during the experiment) with a B3 bag. The dashed line is the line of agree-
ment. The metrics are described and colour-coded in Table 2.

This visual impression of the effects of the bags was confirmed by goodness-of-fit
tests (Willmott's md statistic) applied to the data (Table 3). Despite the rather chaotic na-
ture of the frequency responses in Figure 1, AudioMoths in B1 bags actually showed the
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closest acoustic metric matches to the source signal, even compared with the bare boards.
This was true for all the metrics except ACI (which performed equally well across bag
treatments), NDSI128, NDSI238 and Bio.
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Figure 7. Comparison of acoustic metric values derived from 998 source signals and as recorded on
10 AudioMoths with a B4 bag. The dashed line is the line of agreement. The metrics are described
and colour-coded in Table 2.

According to Willmott’s md, the acoustic metrics most robust against the effects of
the method of deployment were ACI (all configurations), M (with B1), RMS (with B1) and
TH (with B1) (Table 3). Note, however, that the latter still showed a wide spread of values
(Figure 5).
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Table 3. Willmott’s md values for how close the fits in Figures 4-7 are to a 1:1 relationship. Values in
bold are the highest (best) in each row. The metrics are described in Table 2.

Metric Bare B1 Bag B3 Bag B4 Bag
RMS 0.75 0.90 0.83 0.83
dBZ 0.57 0.83 0.72 0.71

M 0.73 0.90 0.82 0.82
Bio 0.81 0.59 0.67 0.52

Smean 0.28 0.50 0.44 0.40

Ssd 0.07 0.41 0.35 0.26

Smedian 0.31 0.58 0.51 0.48
5Q25 0.47 0.57 0.53 0.50
SQ75 0.15 0.52 0.42 0.34
SFM 0.28 0.69 0.57 0.51
SH 0.25 0.57 0.46 0.40
TH 0.74 0.88 0.84 0.82

Rough 0.77 0.84 0.83 0.80
Rugo 0.72 0.85 0.83 0.78
ADI 0.34 0.57 0.50 0.45
AEI 0.44 0.67 0.59 0.55
ACI 0.94 0.94 0.94 0.94

NDSI128 0.74 0.60 0.70 0.67
NDSI238 0.78 0.68 0.79 0.60

The results in Table 3 are somewhat counter-intuitive, because of the consistency of
the frequency responses among the bare AudioMoth (Figure 1), and can be explored fur-
ther by looking at the variation in the calculated acoustic metric values between tests of
the same sound clip on different devices (Table 4). The index in Table 4 captures the spread
on the y-axis for any given value on the x-axis that arises due to variations between Audi-
oMoth/bag combinations (i.e., it removes the effects of different sound sources leading to
coincident acoustic index values). Looked at in this way, the bare AudioMoth clearly per-
formed best across all the metrics except for the metric Rough, which had a peculiarly
clumped range of values (Figures 4-7). Given that AudioMoth cannot be deployed in the
field without protection from the weather, it is instructive to examine the second-best val-
ues for each metric (italics in Table 4). In this case, the B4 bag performed best for 15 out of
19 metrics. Note, however, that second-best (italics) values were nearly always substan-
tially worse than the best values (bold) because of the way bags affect the frequency re-
sponses (Table 4).

The relative contributions of the source signal, bag, and individual device were in-
vestigated by estimating their effect sizes within linear models (Table 5) using the R pack-
age effectsize [33]. The results are approximate only due to the assumptions around line-
arity and interacting effects, but provide an indication of the relative contributions. In all
cases except for Ssd (which showed a highly curvilinear relationship in Figure 4), the pri-
mary contribution to variance in the AudioMoth recorded signals came from the source
signal itself, as might be expected (Table 5). Confirming previous results, the acoustic met-
rics with the highest effect size (partial eta squared) associated with the source signal (and
therefore the most robust across deployments) were ACI, M, RMS and dBZ in decreasing
order. The bag effects were most severe for Smean, dBZ, NDSI238 and then, jointly, SFM
and SH.
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Table 4. Consistency (CV) of acoustic metric values between different methods of AudioMoth de-
ployment. Values in bold are the lowest in each row, indicating the least variation between de-
vice/bag set-ups. Values in italics are the second best. The acoustic metrics are described in Table 2.

Metric Bare B1 Bag B3 Bag B4 Bag
RMS 15.8 45.2 43.7 31.3
dBZ 9.6 354 37.8 21.4

M 16.4 49.4 47.1 32.0
Bio 21.6 180.0 326.5 299.1

Smean 9.1 42.8 55.3 22.9

Ssd 15.6 53.3 88.8 39.9

Smedian 9.9 51.6 60.3 27.7
5Q25 13.5 41.1 66.6 39.4
5Q75 6.4 43.8 51.9 19.5
SFM 10.4 86.8 58.5 32.9
SH 5.4 21.5 27.4 13.8
TH 19.6 112.5 112.6 74.6

Rough 338.2 172.9 476.5 872.2
Rugo 33.2 37.3 77.4 52.4
ADI 6.3 22.9 28.7 14.9
AEI 8.7 34.4 38.4 22.8
ACI 1.9 13.5 7.9 6.1

NDSI128 7.0 31.8 41.9 414
NDSI238 7.5 33.9 54.1 31.3

Table 5. Estimates of effect sizes (partial eta squared) for source signal, bag and device ID on the
recordings on the AudioMoth. Note that in multifactor ANOVA, as here, partial eta-squared values
can sum to greater than one. Acoustic metrics as in Table 2.

Effect Due to:

Metric Source Signal Bag Used Device and Its Filter
RMS 0.91 0.07 <0.01
dBZ 0.90 0.24 0.05

M 0.97 0.18 0.03
Bio 0.53 0.16 0.22

Smean 0.81 0.46 0.21

Ssd 0.04 0.02 0.05

Smedian 0.48 0.20 0.06
S5Q25 0.36 0.19 0.04
5Q75 0.44 0.15 0.09
SFM 0.68 0.22 0.05
SH 0.80 0.22 0.05
TH 0.79 0.02 <0.01

Rough 0.79 <0.01 <0.01
Rugo 0.70 0.03 0.03
ADI 0.54 0.10 0.02
AEI 0.60 0.03 0.03
ACI 0.98 <0.01 <0.01

NDsSI128 0.85 0.10 0.07
NDSI238 0.85 0.23 0.04

4. Discussion
4.1. Frequency Response of the AudioMoth
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The FRFs of the bare board AudioMoth were very consistent but accentuated higher
frequencies. Previous work [12] has reported only small variations in the spectral re-
sponses between new AudioMoth, but our devices had already been deployed in the field
several times yet still gave consistent results. However, our data do not show relatively
flat frequency responses in contrast to [12]. When we listened to recordings made on our
devices, we found no difficulty in identifying bird species, despite the high-frequency em-
phasis, suggesting that human aural identification is not impacted. This is where the pur-
pose of the study needs to be clear from the start: if aural identification is all that is re-
quired, the frequency shifts present little problem. Additionally, if bare board AudioMoth
are being used only for comparative assessments of acoustic indices, the consistency be-
tween devices suggests the correct rank order of sites (for example, in acoustic diversity)
would be obtained. However, the absolute values of many acoustic indices are heavily
impacted by frequency response, and they should not be compared across studies em-
ploying different forms of PAM recorders or housings.

4.2. Effect of the Bag on this Frequency Response

Of course, AudioMoth recorders can rarely be deployed in the field without protec-
tion from the weather, and we found that the addition of a protective plastic bag led to
unpredictable frequency responses that were inconsistent between bag changes and
modes of deployment. This was despite all the bag changes being made by just one re-
searcher who had done the process many times before and in a repeatable manner. For
example, the AudioMoth was always placed in one corner of the B1 bag with a single layer
of plastic over the microphone, any excess being folded behind the battery pack. This find-
ing, based on more extensive testing, differs from the conclusion in a previous study that
plastic bags had relatively little effect on spectral response [12], although they did note
attenuation due to the bags above 10 kHz.

Given the consistency in the performance of bare board AudioMoth devices, the fre-
quency spectrum shifts for enclosed AudioMoth in Figure 1 arise solely from the bags and
do not reflect differences between circuit boards. Comparing our experimental treatments
(Table 1), we could hypothesize that both bag thickness and folding affect frequency re-
sponse. Thicker plastic could potentially attenuate signals more, although it is difficult to
understand how this happens at the frequencies studied because the wavelengths were
all greater than 14 mm, far longer than the bag thickness. Additionally, our B1/B2 bags
were only 15% thicker than the B3/B4 bags. A comparison of our B3 and B4 experiments
suggests that folding the excess bag behind the device might have an effect, perhaps be-
cause signals are reflected from the folds, even though there is a battery pack in-between
in all cases. If reflections matter this much, it also suggests that how and where the Audi-
oMoth is attached to a structure (branch, wall, etc.) has an impact. We carried out our
experiments in an anechoic chamber with minimal reflections off surfaces, but, in the real
world, signals will arrive at an AudioMoth from multiple directions and angles (see also
[12]).

Unfortunately, precise analytical prediction of the impact of the bag on the acoustics
of the recorder is not feasible. There are several factors which confound such analysis, two
of which are the fact that the membrane (i.e., the bag) and microphone are in close prox-
imity, so near-field effects are to be expected; and, secondly, that the edges of the mem-
brane are not tensioned in a controlled manner, so the boundary conditions are ill-defined.
However, we can observe some trends in the data which conform with general predictions
for simplistic models. Specifically, the bag is seen to introduce low levels of attenuation at
low frequencies (below 5 kHz), which is consistent with predictions based on the mass
law [34]. This is with the exception of some narrow bands at low frequency, e.g., close to
1 kHz, where higher attenuations are observed, and this we attribute to local resonant
behaviour. At higher frequencies, more complex behaviour is evident, which is presuma-
bly the result of various phenomena, including standing waves on the membrane and
within the structure of the AudioMoth itself. From a practical point of view, our tests
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showed that the hanging bag with no folds had the least impact on the acoustic indices
after the bare board AudioMoth (B4 in Table 4), and this might be the best arrangement
for field use. Ironically, because the responses of AudioMoths in bags are (on average)
flattened, as high frequencies are being attenuated, the results from the bagged data are
possibly closer to the raw signal (again, on average), but with greater variation. In the
absence of further data, our advice is to avoid using bags if possible, and always to be as
consistent as possible in the deployment method if the study is one that requires spectral
information from PAM devices in protective housings, i.e., using the same housings in
exactly the same way throughout and attaching the recorders to the same types of support
in the same way across the study area. Even with these precautions, expect frequency
shifts from the source signals in unpredictable ways.

4.3. Choice of Acoustic Metrics

When audio signals are altered by the frequency response of a device, and then fur-
ther modified by the housing used (e.g., bag, container), the spectral characteristics of the
recording can differ markedly from those of the source signal. This has a knock-on effect
on the values of a wide range of acoustic metrics that may be calculated. However, the
effects are not uniform, and our empirical tests showed that some metrics are more robust
against frequency changes. On the bare board AudioMoth, M, ACI, NDSI and Bio showed
reasonable resilience, although the effects are not always linear (Figure 4). When bags
were used, M and ACI remained among the least affected metrics. The robustness of ACI
can be explained because it looks at the energy within a frequency bin and sums temporal
differences in those energies. That sum is then normalised by the total energy and
summed across bands. This means that if a gain is applied to a band, ACI will remain
unchanged. The effect of the FRFs can be approximated as applying different gains to
different bands, which therefore leaves ACI unchanged. RMS was also fairly robust in
some configurations but requires calibration [35] to have more than a comparative mean-
ing. Indices such as ADI, AEL Bio and NDSI cannot generally be recommended from re-
cordings made on AudioMoths in bags unless correction factors are employed. Again, it
is crucial to consider the potential limitations in any field deployment carefully and to
choose acoustic indices depending on those constraints.

The effects reported here are in addition to the biases that can arise in the use of
acoustic indices due to community composition and the intrusion of extraneous sounds
[36-39]. Often, no single index is sufficient, and several will be needed to characterise an
area [13]. Furthermore, there are limitations in the effectiveness of acoustic indices to
quantify biodiversity, and caution is needed when using them as surrogates for biodiver-
sity metrics [40]. Our analysis has intentionally compared AudioMoth recordings with
source signal characteristics across a wide spectrum of index values, but there are obvious
variations in how well the data fit a 1:1 line, depending on the index value. For example,
the middle of the range for RMS with our B1 bag (Figure 5) appeared to fit tolerably well,
suggesting that the effects we report may not limit studies narrowly focused on particular
index values. This is an extension of the idea that the choice of index should depend on
the acoustic properties of the source signals expected, such as who or what is making the
sound [38].

5. Conclusions

In this experimental study, we have shown that AudioMoth recorders show a con-
sistent frequency response, at least in our sample of 10 devices. They do, however, accen-
tuate high frequencies and therefore require calibration to capture the true frequency com-
position of source signals. Unfortunately, the calibration needed is affected by plastic bag
housings, often in unpredictable ways that appear to vary between fittings of the same
bag in the same way. Both the accentuation of high frequencies by the bare board Audio-
Moth and the use of housings affect the values of most acoustic metrics and ecoacoustic
indices calculated from sound recordings. These limitations must be borne in mind when



Sensors 2023, 23, 7287

16 of 18

References

planning field studies; some projects will be affected, whereas others will not. It is also
vital that metadata accompanies any archived recordings in order to limit misleading con-
clusions that could arise from researchers re-analysing old data without knowledge of the
way the recording devices were deployed.

We are strong supporters of PAM, and devices such as the AudioMoth have greatly
advanced the ability of researchers to capture environmental sounds across space, time
and the frequency spectrum. Our goal in writing this paper has not been to criticise these
revolutionary developments, but rather to help guide the expansion of their use into other
fields. With careful spectral calibration (and, for some studies, calibration of sound levels),
low-cost sensors such as the AudioMoth can be successfully used across many applica-
tions. As new enclosures come onto the market and the ability to fit external microphones
is explored ( https://github.com/OpenAcousticDevices/Application-Notes/blob/mas-
ter/Using_AudioMoth_with_External_Electret_Condenser_Microphones/Using_Audio-
Moth_with_External_Electret_Condenser_Microphones.pdf (accessed on 19 August
2023)), the range of these applications is set to grow and add to the field of environmental
acoustics. We have explored just one way of protecting AudioMoth in the field, and the
newer, hard casings may give different results [12]. Importantly, if it is the flexibility of
the bag that causes unpredictable variations in spectral response, the harder casings may
perform more consistently, and this would be advantageous. Although we have not for-
mally investigated the acoustic performance of the new proprietary housing
(https://www.labmaker.org/products/audiomoth-ipx7-case (accessed on 6 August 2023)),
preliminary trials suggest strong attenuation (up to 10 dB) below about 1.3 kHz and am-
plification above 2 kHz, but this clearly needs additional work. There is some evidence,
however, that recordings made on AudioMoth mounted in the new housing are sulffi-
ciently faithful to the original to be classified correctly by automated recognition software
[41], which bodes well for future studies.

Author Contributions: All the authors contributed to the study concept, design, experiments and
data analysis. The first draft was written and edited by P.E.O. All the authors contributed critically
to the drafts and gave final approval for publication. All authors have read and agreed to the pub-
lished version of the manuscript.

Funding: Tatiana Alvares-Sanches was funded by an EPSRC Doctoral Prize Fellowship at the Uni-
versity of Southampton.

Data Availability Statement: The data are available from the University of Southampton data re-
pository at DOI https://doi.org/10.5258/SOTON/D2399 (accessed on 19 August 2023).

Acknowledgements: The AudioMoth recorders were kindly supplied by Jake Snaddon and Open
Acoustic Devices. Jake Hollebon and John Fithyan provided invaluable support in the anechoic
chamber. Max See Thian Ern and Peter Lockwood carried out the preliminary trials on the proprie-
tary housing. Comments from three referees helped improve the manuscript.

Conflicts of Interest: The authors have no conflict of interest to declare.

1. Szymanski, P.; Olszowiak, K.; Wheeldon, A.; Budka, M.; Osiejuk, T.S. Passive acoustic monitoring gives new insight into year-
round duetting behaviour of a tropical songbird. Ecol. Indic. 2020, 122, 107271. https://doi.org/10.1016/j.ecolind.2020.107271.

2. Sugai, L.S.M,; Silva, T.S.F.; Ribeiro, ].W.; Llusia, D. Terrestrial Passive Acoustic Monitoring: Review and Perspectives. Bioscience
2018, 69, 15-25. https://doi.org/10.1093/biosci/biy147.

3. Caruso, F,; Dong, L.; Lin, M,; Liu, M,; Gong, Z.; Xu, W.; Alonge, G.; Li, S. Monitoring of a Nearshore Small Dolphin Species
Using Passive Acoustic Platforms and Supervised Machine Learning Techniques. Front. Mar. Sci. 2020, 7, 267.
https://doi.org/10.3389/fmars.2020.00267.

4. Hill, A.P; Prince, P.; Pifia Covarrubias, E.; Doncaster, C.P.; Snaddon, J.L.; Rogers, A. AudioMoth: Evaluation of a smart open

acoustic device for

monitoring biodiversity and the environment. Methods Ecol. Evol. 2018, 9, 1199-1211.

https://doi.org/10.1111/2041-210x.12955.



Sensors 2023, 23, 7287 17 of 18

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

Prince, P.; Hill, A.; Pifia Covarrubias, E.; Doncaster, P.; Snaddon, J.L.; Rogers, A. Deploying Acoustic Detection Algorithms on
Low-Cost, Open-Source  Acoustic Sensors  for  Environmental = Monitoring. Sensors 2019, 19, 553.
https://doi.org/10.3390/s19030553.

Hill, A.P.; Prince, P.; Snaddon, J.L.; Doncaster, C.P.; Rogers, A. AudioMoth: A low-cost acoustic device for monitoring biodi-
versity and the environment. Hardwarex 2019, 6, e€00073. https://doi.org/10.1016/j.0hx.2019.e00073.

Barber-Meyer, S.M.; Palacios, V.; Marti-Domken, B.; Schmidt, L.J. Testing a New Passive Acoustic Recording Unit to Monitor
Wolves. Wildl. Soc. Bull. 2020, 44, 590-598. https://doi.org/10.1002/wsb.1117.

Graf, L.; Hatlauf, J. Distance estimation of howling golden jackals (Canis aureus) using relative sound level. Mammal Res. 2021,
66, 567-572. https://doi.org/10.1007/s13364-021-00587-2.

Revilla-Martin, N.; Budinski, I.; Puig-Montserrat, X.; Flaquer, C.; Lépez-Baucells, A. Monitoring cave-dwelling bats using re-
mote passive acoustic detectors: A new approach for cave monitoring. Bioacoustics 2020, 30, 527-542.
https://doi.org/10.1080/09524622.2020.1816492.

LeBien, J.; Zhong, M.; Campos-Cerqueira, M.; Velev, ].P.; Dodhia, R.; Ferres, ].L.; Aide, T.M. A pipeline for identification of bird
and frog species in tropical soundscape recordings using a convolutional neural network. Ecol. Inform. 2020, 59, 101113.
https://doi.org/10.1016/j.ecoinf.2020.101113.

Alvares-Sanches, T.; Osborne, P.E.; White, P.R.; Jephcote, C.; Gulliver, J. Capturing the spatial and temporal variability of urban
noise: Do low-cost sensors offer a step towards higher resolution noise monitoring? EuroNoise 2021, 2021, 1138-1145. Available:
http://eprints.soton.ac.uk/id/eprint/452193 (accessed on 19 August 2023).

Lapp, S.; Stahlman, N.; Kitzes, ]. A Quantitative Evaluation of the Performance of the Low-Cost AudioMoth Acoustic Recording
Unit. Sensors 2023, 23, 5254. https://doi.org/10.3390/s23115254.

Bradfer-Lawrence, T.; Gardner, N.; Bunnefeld, L.; Bunnefeld, N.; Willis, S.G.; Dent, D.H. Guidelines for the use of acoustic
indices in environmental research. Methods Ecol. Evol. 2019, 10, 1796-1807. https://doi.org/10.1111/2041-210x.13254.

Rajan, S.C.; Athira, K.; Jaishanker, R.; Sooraj, N.P.; Sarojkumar, V. Rapid assessment of biodiversity using acoustic indices.
Biodivers. Conserv. 2018, 28, 2371-2383. https://doi.org/10.1007/s10531-018-1673-0.

Minello, M.; Calado, L.; Xavier, F.C. Ecoacoustic indices in marine ecosystems: A review on recent developments, challenges,
and future directions. ICES J. Mar. Sci. 2021, 78, 3066-3074. https://doi.org/10.1093/icesjms/fsab193.

Harris, S.A.; Shears, N.T.; Radford, C.A. Ecoacoustic indices as proxies for biodiversity on temperate reefs. Methods Ecol. Evol.
2016, 7, 713-724. https://doi.org/10.1111/2041-210x.12527.

Linke, S.; Deretic, J. Ecoacoustics can detect ecosystem responses to environmental water allocations. Freshw. Biol. 2019, 65, 133~
141. https://doi.org/10.1111/fwb.13249.

Sueur, |.; Farina, A.; Gasc, A.; Pieretti, N.; Pavoine, S. Acoustic Indices for Biodiversity Assessment and Landscape Investigation.
Acta Acust. United Acust. 2014, 100, 772-781. https://doi.org/10.3813/aaa.918757.

Hill, A.P.; Davies, A.; Prince, P.; Snaddon, J.L.; Doncaster, C.P.; Rogers, A. Leveraging conservation action with open-source
hardware. Conserv. Lett. 2019, 12, e12661. https://doi.org/10.1111/conl.12661.

Sueur, J. Sound Analysis and Synthesis with R, 1st ed; Springer: Cham, Switzerland, 2018. https://doi.org/10.1007/978-3-319-77647-
7.

Zambrano-Bigiarini, M. Package ‘hydroGOF’. 2022. https://cran.r-project.org/web/packages/hydroGOF/hydroGOF.pdf (ac-
cessed on 19 August 2023).

Rodriguez, A.; Gasc, A.; Pavoine, S.; Grandcolas, P.; Gaucher, P.; Sueur, ]. Temporal and spatial variability of animal sound
within a neotropical forest. Ecol. Inform. 2014, 21, 133-143. https://doi.org/10.1016/j.ecoinf.2013.12.006.

Depraetere, M.; Pavoine, S.; Jiguet, F.; Gasc, A.; Duvalil, S.; Sueur, J. Monitoring animal diversity using acoustic indices: Imple-
mentation in a temperate woodland. Ecol. Indic. 2012, 13, 46-54. https://doi.org/10.1016/j.ecolind.2011.05.006.

Joo, W.; Gage, S.H.; Kasten, E.P. Analysis and interpretation of variability in soundscapes along an urban—rural gradient. Landsc.
Urban Plan. 2011, 103, 259-276. https://doi.org/10.1016/j.landurbplan.2011.08.001.

Boelman, N.T.; Asner, G.P.; Hart, P.J.; Martin, R.E. Multi-Trophic Invasion Resistance in Hawaii: Bioacoustics, Field Surveys,
And Airborne Remote Sensing. Ecol. Appl. 2007, 17, 2137-2144. https://doi.org/10.1890/07-0004.1.

Bormpoudakis, D.; Sueur, ].; Pantis, ].D. Spatial heterogeneity of ambient sound at the habitat type level: Ecological implications
and applications. Landsc. Ecol. 2013, 28, 495-506. https://doi.org/10.1007/s10980-013-9849-1.

Sueur, J.; Pavoine, S.; Hamerlynck, O.; Duvail, S. Rapid Acoustic Survey for Biodiversity Appraisal. PLoS ONE 2008, 3, e4065.
https://doi.org/10.1371/journal.pone.0004065.

Pekin, B.K,; Jung, J.; Villanueva-Rivera, L.J.; Pijanowski, B.C.; Ahumada, J.A. Modeling acoustic diversity using soundscape
recordings and LIDAR-derived metrics of vertical forest structure in a neotropical rainforest. Landsc. Ecol. 2012, 27, 1513-1522.
https://doi.org/10.1007/s10980-012-9806-4.

Villanueva-Rivera, L.J.; Pijanowski, B.C.; Doucette, J.; Pekin, B. A primer of acoustic analysis for landscape ecologists. Landsc.
Ecol. 2011, 26, 1233-1246. https://doi.org/10.1007/s10980-011-9636-9.

Pieretti, N.; Farina, A.; Morri, D. A new methodology to infer the singing activity of an avian community: The Acoustic Com-
plexity Index (ACI). Ecol. Indic. 2011, 11, 868-873. https://doi.org/10.1016/j.ecolind.2010.11.005.

Kasten, E.P.; Gage, S.H.; Fox, J.; Joo, W. The remote environmental assessment laboratory’s acoustic library: An archive for
studying soundscape ecology. Ecol. Inform. 2012, 12, 50-67. https://doi.org/10.1016/j.ecoinf.2012.08.001.



Sensors 2023, 23, 7287 18 of 18

32.

33.

34.
35.

36.

37.

38.

39.

40.

41.

Osborne, P.E.; Alvares-Sanches, T.; White, P.R. Dataset showing how plastic bag coverings affect passive acoustic monitoring
recordings made using the AudioMoth. 2022. https://doi.org/10.5258/SOTON/D2399 (accessed on 19 August 2023)
Ben-Shachar, M.S,; Liidecke, D.; Makowski, D. effectsize: Estimation of Effect Size Indices and Standardized Parameters. J. Open
Source Softw. 2020, 5, 2815. https://doi.org/10.21105/joss.02815.

Bies, D.A.; Hansen, C.H. Engineering Noise Control: Theory and Practice; Spon Press/Taylor & Francis: New York, USA, 2009.
Merchant, N.D.; Fristrup, K.M.; Johnson, M.P.; Tyack, P.L.; Witt, M.].; Blondel, P.; Parks, S.E. Measuring acoustic habitats. Meth-
ods Ecol. Evol. 2015, 6, 257-265. https://doi.org/10.1111/2041-210x.12330.

Fairbrass, A.].; Rennert, P.; Williams, C.; Titheridge, H.; Jones, K.E. Biases of acoustic indices measuring biodiversity in urban
areas. Ecol. Indic. 2017, 83, 169-177. https://doi.org/10.1016/j.ecolind.2017.07.064.

Ross, S.R.-].; Friedman, N.R.; Yoshimura, M.; Yoshida, T.; Donohue, I.; Economo, E.P. Utility of acoustic indices for ecological
monitoring in complex sonic environments. Ecol. Indic. 2020, 121, 107114. https://doi.org/10.1016/j.ecolind.2020.107114.

Gasc, A.; Pavoine, S.; Lellouch, L.; Grandcolas, P.; Sueur, J. Acoustic indices for biodiversity assessments: Analyses of bias based
on simulated bird assemblages and recommendations for field surveys. Biol. Conserv. 2015, 191, 306-312.
https://doi.org/10.1016/j.biocon.2015.06.018.

Metcalf, O.C.; Barlow, J.; Devenish, C.; Marsden, S.; Berenguer, E.; Lees, A.C. Acoustic indices perform better when applied at
ecologically meaningful time and frequency scales. Methods Ecol. Evol. 2020, 12, 421-431. https://doi.org/10.1111/2041-210x.13521.
Alcocer, I.; Lima, H.; Sugai, L.S.M.; Llusia, D. Acoustic indices as proxies for biodiversity: A meta-analysis. Biol. Rev. 2022, 97,
2209-2236. https://doi.org/10.1111/brv.12890.

Manzano-Rubio, R.; Bota, G.; Brotons, L.; Soto-Largo, E.; Pérez-Granados, C. Low-cost open-source recorders and ready-to-use
machine learning approaches provide effective monitoring of threatened species. Ecol. Inform. 2022, 72, 101910.
https://doi.org/10.1016/j.ecoinf.2022.101910.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-
thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.



