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ARTICLE INFO ABSTRACT

The use of Passive Acoustic Monitoring (PAM) for estimating biodiversity often entails the use of acoustic indices
that summarize the acoustic properties of the recordings. Although acoustic indices have been shown to suc-
cessfully track biodiversity in limited contexts, the recurrent failure of acoustic indices generalization across
domains has raised doubts regarding the reliability and scalability of PAM. Variation across ecological com-
munities is often cited as a principal limit to the generalizability of acoustic indices-based biodiversity estima-
tion, while environmental noise variability is often overlooked. Background noise can change between
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Bioacoustics recordings because of environmental (e.g., wind) and system (e.g., microphone) variability that make noise
Field recordings equalization across studies difficult. In this study, we use both synthetic soundscapes and field recordings to
Generalization assess the effects of background noise on acoustic index generalization. We reveal a dramatic effect of back-
Soundscapes ground noise on the ability of acoustic indices to generalize biodiversity estimates across datasets. We demon-

Transfer-learning strate that careful selection of noise-invariant acoustic indices, accounting for the signal-to-noise ratio, training

across noise types and segmentation of the recordings to concentrate biophony all improve acoustic index-based
biodiversity generalization. We also demonstrate the use of soundscape simulation training for acoustic index-
based biodiversity estimations and generalization. We conclude that acoustic indices may have more potential
as a simple and cost-effective biodiversity monitoring tool than previously thought and we highlight several
possibilities for mitigating background noise variability during training to improve generalization.

1. Introduction However, our ability to rapidly and accurately interpret PAM data to

track biodiversity remains limited (Llusia et al., 2024).

Ecosystems are rapidly changing (Zhao et al., 2025), with deterio-
rating biodiversity and increasing species extinctions (Dirzo and Raven,
2003). Successfully monitoring these changes is essential for biodiver-
sity conservation. Traditional visual surveys of species diversity, such as
point counts or distance sampling, are time-consuming and dependent
on observer expertise. Passive acoustic monitoring (PAM) offers
continuous, low-maintenance alternatives to estimate biodiversity
(Hoefer et al., 2023; Gibb et al., 2019). PAM is particularly useful for
detecting species that communicate vocally or sonically or produce
sound as a byproduct of movement (Bradbury and Vehrencamp, 1998).
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PAM generates enormous datasets which cannot be easily analyzed
manually (Kitzes et al., 2025). Because a full sound-based automatic
species classification is still difficult (Oswald et al., 2022), a commonly
suggested solution is to analyze PAM recordings using acoustic indices
(Buckland et al., 2005; Towsey et al., 2014; Sethi et al., 2023). Acoustic
indices aim to represent acoustic diversity by a single measure, as
opposed to species classifiers that provide a higher resolution for com-
plementary functional diversity analyses (Sugai et al., 2026). Whilst
species identification is clearly advantageous, we still lack effective
classifiers for various taxa like insects and fishes (Funosas et al., 2026),
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and established classifiers like BirdNET (Kahl et al., 2021) still require
pre-validation spatio-temporal filters and post-validation fine-tuning to
improve performance (Pérez-Granados et al., 2026). Moreover, until we
reach 100% precision and recall from our models, we will unfortunately
require some form of human validation, whether that be for acoustic
indices or species classifiers. Therefore, so long as manual annotations
for species identification are necessary, and accurate classifiers are not
available for all taxa, acoustic indices can still be useful.

A good acoustic index should be insensitive to background noise,
species identity and relative sound abundance (Gasc et al., 2015). But
the use of acoustic indices to estimate biodiversity faces several major
obstacles. The first is the lack of consensus on which acoustic indices to
use for biodiversity estimation, with studies reporting different indices
to be accurate for different study designs and biodiversity metrics (Doser
et al., 2020; Droge et al., 2021; Mammides et al., 2021; Alcocer et al.,
2022). One suggested solution for this problem involves the combina-
tion of multiple acoustic indices- often referred to as a composite index
(Sethi et al., 2023), but some studies suggest that individual acoustic
indices outperform composite indices (Hutschenreiter et al., 2025).

Another fundamental problem is that acoustic indices show poor
generalization across datasets. Without consistent generalization across
habitats and domains, researchers will have to continually develop new
acoustic-index models for each novel environment subject to study. Poor
generalization has been attributed to several issues, including overlap of
biophonic sounds, unsuitable recording equipment, or innate limitations
of general-purpose acoustic indices (Buxton et al., 2018; Farina et al.,
2021; Sethi et al., 2023; Llusia, 2024). Some even argue that consis-
tent interdomain generalization of acoustic indices is unachievable
(Sethi et al., 2023; Llusia et al., 2024). For example, Sethi et al. (2023)
achieved generalization for only ~8% of train-test interdomain dataset
comparisons.

One of the main, yet under-studied, factors driving poor acoustic
index generalization may be background noise. Fluctuating non-static
noise can inflate indices that sum local changes in energy over fre-
quency bands, while static noise can confound evenness metrics that
measure spectral or temporal entropy (Fairbrass et al., 2017; Eldrige
et al., 2018; Ross et al., 2021). Additionally, the prominence of back-
ground noise relative to signals of interest, the signal-to-noise ratio
(SNR), can mask biophony to affect acoustic indices in unpredictable
ways (Depraetere et al., 2012; Gasc et al., 2015). A recent study by
Zhang et al., 2024, demonstrated that SNR and noise type (rain, stream,
wind and traffic) can impact acoustic index values, although this wasn't
linked to biodiversity estimation. As noise can be highly system- and
environment-specific, acoustic indices that capture only part of this
noise, or are strongly affected by it, may provide poor generalizability.
Despite the several attempts to uncover the limits of acoustic indices, the
relationship between noise and poor generalizability for predicting
biodiversity across datasets is yet to be explored.

Moreover, applying noise removal algorithms to improve acoustic
index performance is not straightforward. Studies have employed seg-
mentation methods that use filters to remove unwanted noise to improve
biodiversity estimates using acoustic indices (Bradfer-Lawrence et al.,
2020) and estimate bird call densities using wavelet detections
(Juodakis and Marsland, 2022). Furthermore, segmented biophony has
been used to improve biophony classification in natural recordings, but
this biophonic segmentation was not used across train and test sets or
integrated with acoustic indices to estimate biodiversity (Quinn et al.,
2022). Although we suspect that segmentation and noise reduction
can be beneficial, it is still unclear if it can consistently improve acoustic
index performance and generalizability for biodiversity estimation
across domains.

We applied a two-pronged approach using both synthetic and
empirical soundscapes to assess the sensitivity of acoustic index-based
biodiversity estimations to noise. Synthetic soundscapes allow to
confidently control and isolate the impact of noise type, while empirical
recordings permit the ratification of synthetic soundscape biodiversity
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estimation. We hypothesize that background noise might be a major
limiting factor in acoustic-indices-based biodiversity estimation and
generalization. Specifically, we ask: (1) Does noise limit acoustic index
biodiversity estimation and generalizability? (2) Which acoustic indices
are more robust to noise variation, and can their usage improve biodi-
versity prediction across datasets?

Therefore, we aimed to (1) Determine if training models on different
background noise types or using noise-robust indices can improve
biodiversity estimation generalization, (2), Examine the possibility of
training biodiversity models on simulated data and generalizing to real
world recordings, and (3) Trial if a segmentation method for noise
removal and biophony concentration improves the generalizability of
acoustic indices in estimating biodiversity. Our results identify noise as a
fundamentally limiting factor for acoustic index generalization and we
suggest several approaches to improve generalization for predicting
biodiversity across datasets.

2. Materials and methods
2.1. Soundscape synthesis

2.1.1. Preprocessing and soundscape design

We synthesized soundscapes using eight steps (Fig. 1):

(1) Avian soundscapes were based on recordings from 4 sites in a
Levant Mediterranean Forest (0.7 ha polygon N32.771785/
E35.707162) collected in May 2022 using AudioMoth devices, recording
with a 50% duty cycle (30 s every minute) from 04:00-07:00 and
18:00-19:00, sampling at 96 kHz. (2) Pre-processing involved removing
high-frequency background noise using a 6th-order Butterworth low-
pass filter (LPF 0-11 kHz). 11 kHz was chosen to conserve the frequency
range of bird songs that mostly occupy frequencies from 3 kHz to 5 kHz
(Fagerlund, 2004). (3) We then detected song events above an amplitude
threshold of the 95th percentile of each clip's envelope using the env
function in R's seewave. The motifs were all downsampled to 22 kHz, cut
at zero-amplitude-crossings to minimize discontinuity boundary arti-
facts (Caldwell et al., 2009; Dimitrijevic et al., 2008) and saved as motifs
of a few seconds each in species-specific libraries. (4) We removed
motifs with extreme high or low SNRs, discarding clips with an SNR
above or below 14-24 dB to minimize the influence of recording quality
differences between motifs. High SNR clips were also removed because
they generate large intensity shifts relative to intermediate noise-only
segments. The per-clip SNR was calculated as the maximum amplitude
divided by the bottom 90% amplitude root mean square (RMS), aver-
aged over non-overlapping 20 ms windows. These steps left us with 325
motifs of 21 bird species. To generate motifs with controlled SNR, we
normalized the motifs with an SNR factor (fi) calculated according to

Pt x (1 + a(SNRi — SNR)

i @

fi

where Pi is the clip's original peak amplitude, Pt is the target mean peak
(800 16-bit PCM), SNRi is the measured SNR for clip i, SNR is the target
SNR and a is the weighting factor (0.01).

(5) To create ecologically and acoustically representative commu-
nities, we modelled the underlying soundscape by mimicking the sam-
pling processes of diverse natural communities. We assumed the base
distribution of the number of calls for each species comes from a
lognormal distribution, as it often characterizes abundance distributions
(distribution of common and rare species) in natural communities
(Connolly et al., 2005). The use of the lognormal distribution is sup-
ported by the central limit theorem, due to biodiversity being the
product of many independent random variables (Nee & Stone, 2003).
This distribution is primarily defined by y, the mean number of calls per
species, and o, the standard deviation of calls among species. S defined
the total number of species in the underlying pool (21 for our commu-
nity), modulating the upper limits of ecological and acoustical alpha
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(i) Data preprocessing
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(ii) Soundscape assembly
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Fig. 1. Workflow for synthetic soundscape creation. Data preprocessing includes: 1. Species identification, 2. Noise reduction, 3. Motif segmentation, 4. Bird motif
quality control and library saving, Following, soundscape assembly includes 5. Species motifs sampling, 6. Background noise selection, 7. SNR selection and 8. Final
soundscape saving. The spectrograms were made in Raven (K. Lisa Yang Center for Conservation Bioacoustics, 2023) with wav files from our datasets.

biodiversity (Fig. S1). In our simulations, we held y constant, but we
varied ¢ to simulate communities with increasing variance in the
number of calls per species. Each local soundscape was then treated as a
Poisson sample with varying sampling intensity (v) from this underlying
lognormal distribution (Fig. S1). This process is akin to local acoustic
diversity acting as a sample of the regional acoustic pool.

Once the acoustic community structure was determined, we
controlled the temporal distribution of calls to minimize excessive
overlap while maintaining natural variation. Where k is the call index
(number of calls sampled per species), we relate k to specific regular
intervals (Tk) over the total duration of the soundscape (Tmax). To
introduce natural-like stochasticity, we applied a call placement jitter
(ek) sampled from a normal distribution centered around tk, capped at
+ — 5 s (Table S1).

2.1.2. Noise scenarios

(6) We used four types of natural background noise: 1. A natural
noise extract devoid of biophony from Clapp et al., (2023) recorded in
the Sierra Nevada, USA. 2. Artificially generated pink noise using the
powerlaw psd_gaussian function from the colorednoise Python library with
a — 4 dB/octave roll-off. (Table S1). 3. A windy segment from our field
recordings representing geophony, and 4. Anthropogenic noise
including a car engine detected in our field recordings. All extracts were
downsampled to 22 kHz sample rate and looped to the desired length
while making sure that the segments were smoothly concatenated.

(7) The four background noise types were scaled relative to previ-
ously differentially normalized bird motifs to achieve target soundscape
SNRs ranging from O to 15 dB. The scaling ratio was calculated using 6th
order Butterworth high-pass-filtered (450 Hz) RMS amplitude values to
ensure SNR relevance to biophonic bands. Soundscape-level SNR was
manipulated to simulate field conditions using the amplitude scaling
approach of Gasc et al. (2015).

2.2. Empirical soundscapes

Additionally, we used the original empirical field recordings to give a
reference point for how our biodiversity prediction for synthetic
soundscapes relates to real recordings. We merged successive 30-s re-
cordings from a 50% duty cycle to create 1-min empirical recordings
with the same duration as the synthetic soundscapes. Ground-truth
species richness was determined by aural and visual (spectrogram
based) species identification annotations of the recordings.

2.3. Calculation of acoustic indices and SNR

We calculated six common acoustic indices utilizing the seewave and
soundecology packages in R Studio (Sueur et al., 2008; Villanueva-Rivera
et al., 2018). These were: ACI, ADI, AEI, NDSI, BI and H (for definitions
see Table S1 & Hou et al., 2022; Alcocer et al., 2022; Wang et al., 2022).
For synthetic soundscapes, SNR was controlled as described above
(2.1.2), but for empirical soundscapes we calculated SNR directly on the
recordings after applying the same 450 Hz HPF.

Acoustic indices calculations used a maximum frequency set to the
Nyquist frequency (11 kHz). We did not set a minimum frequency. We
tested Acoustic indices emphasizing spectral evenness (ADI, AEL, H) and
energy or amplitude (ACI, BI, NDSI) as defined by Rajan et al., 2019;
Rajan and Dominic, 2022and Bradfer-Lawrence et al., 2023. For AEI and
ADI, we followed previous examples with a 1 kHz frequency-step and —
50 dB threshold, whilst for ACI, BI and H we used a Fast Fourier
Transformations (FFT) with a window length of 1024 (Chen et al., 2023;
Diaz et al., 2023; Allen-Ankins et al., 2023). ACI used a time-step of 5 s.
For the Normalized Difference Soundscape Index (NDSI), like Hao et al.,
2024, we defined anthropophony as 0-1 kHz and biophony as 1-11 kHz.

2.4. Segmentation

Synthetic soundscapes were pre-processed with a 1 kHz 6th order
Butterworth high-pass-filter (HPF) as commonly used to remove noise
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and facilitate event detection (Ducay and Pease, 2024). We calculated a
20 ms RMS smoothing window amplitude envelope and everything
above threshold was detected where the primary threshold was defined
as 1.2x the median of the envelope, but if no events were detected in a
file, we used a fallback of 1.05x. These amplitude threshold values were
chosen following a process of trial and error to remove noise while
retaining as much bird song as possible. Segments shorter than 150 ms
were removed and gaps between detected events that were shorter than
100 ms were merged. For the segmentation study, NDSI was calculated
with anthropophony as 1-2 kHz and biophony as 2-11 kHz to ensure the
filtered parts of the recording were not used in calculation for both
segmented and non-segmented soundscapes.

2.5. Predicting biodiversity based on acoustic indices

We used the 6 acoustic indices and SNR as predictors and richness as
the response variable to run Random Forest (RF) models. The RF models
were used to predict richness using different train-test datasets. We
completed hyperparameter tuning on the synthetic soundscapes with
natural noise dataset, varying ntrees (200, 500, 1000), mtry (1, 2, 5) and
node size (1, 5, 10) but found that variation in performance was minimal
(<3% change in R%00s) across hyperparameters. We thus used default
hyperparameters for each RF model for all datasets with 500 trees, using
a split test of two predictors (mtry = 2), node size of 5 and bootstrapping
~63% of samples per tree with replacement for the training set. RFs used
80:20 train:test splits cross-validated over 50 Monte Carlo (MC) itera-
tions unless otherwise stated (i.e., we report the mean performance
across 50 independent Monte Carlo splits, where for each split we train
on ~63% of the 80% reserved for training and test on the full 20%
reserved for testing). We calculated the sum of approximate absolute
SHAP values to estimate variable importance (Wang et al., 2024) using
fastshap with 50 Monte Carlo masked feature iterations (Greenwell,
2024).

We used Pearson correlations (r) between observed and predicted
richness and the coefficient of determination (R?) to evaluate Random
Forest performance. We defined R? as the out-of-sample test set,
following Sethi et al., 2023. The out-of-sample R? (from here on defined
as Rzoos) we report is different from an in-sample regression % and is
defined as

~\2
R%00s =1 L 0=y 2

S i-y)°

where y; is the observed richness, y; is the model prediction, and ¥ is the
mean richness of the target domain. A negative value indicates that the
model's uncalibrated predictions (shifted by the prediction scale) result
in a mean squared error larger than the variance of the dataset- pre-
dictions are worse than always predicting the mean. To determine if
changes in RF performance for generalization were significant, we used
Bonferroni-corrected paired t-tests on the r and R%00s Monte Carlo dis-
tributions across soundscape scenarios. The Monte Carlo iterations were
used to get a distribution of R%00s values for a soundscape scenario that
we could then compare to another scenario and then test for significance
of the change. Before reporting significance, we confirmed normality of
differences in Monte Carlo RZoos distributions using the Shapiro-Wilk
test. All the results below are reported for test sets.

3. Results
3.1. Can acoustic indices predict species richness?

To test the effect of noise on acoustic indices we generated sound-
scapes with various ecological scenarios and background noise types
including: 1. Simulated pink noise, 2. Recorded natural noise, 3.
Recorded wind noise, and 4. Recorded motor vehicle noise. We then
trained RF models to predict biodiversity based on acoustic indices and
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SNR for four types of soundscapes: synthetic soundscapes with (A)
simulated or (B) recorded noise, (C) empirical soundscapes and (D) a
generalization attempt trained on synthetic soundscapes with natural
noise and tested on empirical soundscapes. To focus on noise, we only
investigated the response of one biodiversity metric, species richness-
the number of species that are acoustically present at least once per
soundscape. Unless otherwise stated we used all 6 acoustic indices (ACI,
ADI, AEI, H, BI, NDSI) and SNR as predictors. All the results below are
reported for test sets.

Random Forests (RFs) trained on acoustic indices predicted biodi-
versity far above chance for both synthetic and empirical soundscapes
(Fig. 2A-C), but they failed to generalize from synthetic to empirical
datasets without noise mitigation (Fig. 2D). We used the Pearson cor-
relation (r) between known and predicted species richness and the co-
efficient of determination (R%00s) to assess the performance of the RFs.
Together these two metrics provide a complementary view of the RFs
ability to estimate richness with r highlighting broader prediction trends
without out-of-sample distribution constraints, and R? better high-
lighting explained variance as a function of absolute prediction error.
The Pearson correlation for the generalized RF was significantly positive
indicating that, on average, the model prediction correlated with
soundscape biodiversity, but prediction error was large (Fig. 2D, r =
0.32 (£0.01) with p < 0.001, but R%00s = —0.09 (£0.03)). Adding the
SNR to the acoustic indices as a predictor significantly improved rich-
ness prediction accuracy by r = 0.05 (£0.01), 0.05 (£0.02), 0.02
(40.01) and R%00s = 0.07 (£0.02), 0.07 (+0.02) and 0.02 (+0.01)
respectively (t = 28.16, 22.34, 8.77, Bonferroni-corrected p < 0.001;
Fig. 2A-C- R%00s values without SNR are given in brackets). A SHAP
analysis to estimate the contribution of different variables to biodiver-
sity estimation ranked SNR within the top predictors across datasets
(Fig. 2A-B).

3.2. The effect of noise on generalization

We next tried to generalize across 4 background noise types using
our synthetic dataset. To this end, we trained RF models with progres-
sively more background noise types (up to 4 types) and tested them on
soundscapes with the remaining unseen noise types (except when all 4
noise types were used). We exhausted all possible train-test combina-
tions over the 4 noise types (see details in the Methods). The models'
ability to generalize persistently increased when training the models
with more types of noise. When removing the acoustic indices that were
most sensitive to noise (Fig. 3A; Fig. S2), to use only ACI and SNR as
predictors, the R?00s increased from —0.21 (£0.10) to 0.20 (+0.02)
when training on three of the four noise types and testing on the fourth
unseen one (t = 28.06, p < 0.001). Note that the most important result is
for Train3 (yellow bars) as Train4 entails no generalization, and the best
R200s results were obtained with 2 predictors (Fig. 3E). A careful ex-
amination of the acoustic indices under different noise types (Fig. 3A;
Fig. S2) clearly demonstrates the generalization challenge; while in
many cases the acoustic indices' values correlate across noise types, their
range of values is completely different because of the noise (as can be
learned from the low r and 1-MAE values, where MAE is the residual
error across the 6 pairwise combinations (Fig. 3A). This means that for
the same biological richness, but with different background noise, the
output value of the acoustic index is different. For example, for ADI
there was a positive correlation (r = 0.76) between the values for
recorded wind noise and recorded anthropogenic motor noise. However,
while ADI values for wind soundscapes were narrowly ranged (2.12 to
2.35), anthropogenic soundscapes with identical biophony were more
widely ranged (0.89 to 2.32; see Fig. S2).

3.3. Sound segmentation as a possible solution for the generalization
problem

In light of the large effect of noise, we next tested whether a naive
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Fig. 2. Acoustic indices can predict richness for both synthetic and real soundscapes. Random Forest models' accuracy and mean absolute SHAP contribution plots.
Each plot also shows the mean (R%00s, see methods) and the Pearson (r) correlation for the 7-index model with SNR, and without SNR as a predictor in brackets. (A)
“Synth Gen. Noise” synthetic soundscapes with background pink noise. (B) “Synth Nat. Noise” used synthetic soundscapes with natural background noise. (C)
Empirical recordings. (D) Training with synthetic soundscapes of type B and testing with empirical soundscapes type C. Monte Carlo is only used for R%00s and
Pearson r correlation computation. Data points and SHAP values presented are from the top iteration closest to the mean R200s of the 50 iterations. Each point
represents one prediction from the 1 iteration closest to the mean of the 50 iterations and the dotted line shows the line of best fit. Only test data that the models have
not seen during training are presented. Base scenarios used 1000 1-min synthetic soundscapes and 980 empirical soundscapes with 50 Monte Carlo iterations with an
80:20 train-test split in each iteration. The transfer attempts (D) used 100% of training and 100% of the test datasets. A-C shows that acoustic indices clearly
encompass information about species richness, but deterioration of acoustic indices performance towards D shows that generalization between acoustics scenarios is
not straightforward. The calculation details of the predictors ACI (Acoustic Complexity Index), ADI (Acoustic Diversity Index), BI (Bioacoustics Index), NDSI
(Normalized Difference Soundscape Index), H (Entropy), AEI (Acoustic Evenness Index) and SNR (Signal to Noise ratio) are available in Table S1. (For interpretation

of the references to colour in this figure legend, the reader is referred to the web version of this article.)

removal of noise would improve generalization. To this end, we
segmented soundscapes using an event-detector envelope amplitude
threshold and concatenated successive detections (see methods). We
then trained RF models on these segmented simulated soundscapes with
simulated noise and tested them on simulated soundscapes with real
noise (of different types) to test generalization. The segmentation
significantly increased generalization performance across noise types
from R%00s — 0.02 (£0.01) to 0.24 (£0.01) (t = 129.09, p < 0.001;
Fig. 4). Additionally, segmentation provided a consistent predictive
benefit across all a wide range of SNRs (Fig. S4). However, this
improvement was significantly more pronounced at higher SNRs. For
example, during the generated-to-natural noise transfer, R%00s reached a
maximum of 0.45 (+ 0.01) at 12 dB SNR, representing a significant
improvement of 0.24 (+ 0.01) when compared to the mean improve-
ment across all SNR levels (t = 206.93, p < 0.001).

4. Discussion

Previous studies have demonstrated that acoustic indices can be
beneficial for predicting animal richness (Bradfer-Lawrence et al., 2020;
Sethi et al., 2023). Yet, acoustic indices' inability to generalize across
sites and domains have hindered their use to the degree that some re-
searchers have suggested extreme caution or even abandoning them for
use in certain domains (Bradfer-Lawrence et al., 2019; Alcocer et al.,
2022; Raick et al., 2023). Here, we aimed to unravel the bottlenecks

for generalization focusing our attention on background noise.

Indeed, a failed initial attempt to generalize from synthetic to
empirical datasets indicated that acoustic index predictions correlate
with soundscape richness (Fig. 2D, significantly positive Pearson's r), but
prediction error was very large making prediction useless (Fig. 2D,
negative R?00s). Moreover, generalization across noise types in synthetic
soundscapes was poor (Fig. 3B-E). Notably, noise will almost always
vary between recordings due to many reasons that include stationary
and dynamic environmental differences (e.g., wind) and system noise (e.
g., microphone) (Llusia, 2024). When the model was trained with more
noise types, its generalization improved, including to soundscapes with
previously unseen noise (Fig. 3B-E)- which is a prerequisite for using
acoustic indices across studies. Thus, our study confirms noise as a
principally limiting factor to the generalizability of acoustic index
richness predictions across domains. This builds on previous arguments
that background noise should be considered, alongside target biophony,
for intradomain richness prediction (Metcalf et al., 2021; Quinn et al.,
2022). We suggest that training a model with many more noise types
would likely further improve generalization. A possible approach for
tuning an acoustic index-based richness classifier would be to use a
subset of annotated soundscapes recorded at an area of interest,
augment them with many types of noise and train a richness classifier.

Our results confirm the benefit of individual acoustic index noise
robustness tests and showed that acoustic index values do not consis-
tently increase linearly with richness (Fig. 3A; S2), reinforcing the need
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Fig. 3. Improving generalization through progressive noise exposure and acoustic index selection. Fig. 3A shows ACI, NDSI, H, BI, AEI and ADI across 4 noise types
(Simulated Noise, Recorded Noise, Wind Noise, and Motor Vehicle Noise). The noise types were varied over identical biophonic soundscape compositions to isolate
the effect of noise type. We min-max normalized the values of each acoustic index between 0 and 1 before calculating error to make the errors and correlations
visually comparable. Two different robustness metrics are shown for each acoustic index: The Pearson correlation (r) in blue between raw acoustic index values for
identical biophonic soundscapes when only changing the noise across 6 pairwise noise type combinations. 1- MAE is shown in green, where error is the residual error
across the 6 pairwise combinations. A 1-MAE of 1 would indicate no variation in acoustic index value relative to its own range. Boxplots show the distribution of
these two metrics across the 6 pairwise combinations. We used 800 5-min synthetic soundscapes consisting of 200 fixed seed biophonic scenarios with 1 noise type
per fixed scenario giving a total of 4 backgrounds. Fig. 3B-E, in all panels the Y axis shows the mean R%00s of each RF model, and the X axis shows the noise types
included in the training/testing sets. The R%00s printed on top of each bar is the mean value across all possible splits for that training configuration. R%o0os is the
coefficient of determination (see methods). E.g. Train3 was iterated through excluding 1 of each of the 4 noise types for training and testing on each of the blind noise
types individually until satisfying every combination. The standard deviation across all combinations for each training configuration is shown with the black error
bars. Note that only in the bar on the right (Train4), the test set includes the samples with the same noise type as in the training set. This is shown for (B) All 6
indices+SNR, (C) 3 indices (ACI, NDSI and H) + SNR, (D) 2 indices (ACI and NDSI) + SNR and (E) 1 index (ACI) + SNR. Each composite index RF model was run with
50 Monte Carlo iterations and trained on 1505 random soundscapes and tested on 1505 random soundscapes (except train4, where we used an 80:20 split of this full
dataset giving 5184 soundscapes that were used in training and testing on 1296 soundscapes). (For interpretation of the references to colour in this figure legend, the

reader is referred to the web version of this article.)

for non-linear models. This can be partly explained by how acoustic
indices translate spectral and temporal characteristics into scalar
through procedures which are blind to the differential sources of the
sound. However, in accordance with previous studies that reported the
differential effect of noise on acoustic indices (Ross et al., 2021), some
acoustic indices were found to be much more sensitive to background
noise. Concretely, the high robustness of ACI across each of the 4 noise
types we tested suggested that ACI is a promising candidate for acoustic
index generalization. This is consistent with the original use that ACI
had been designed for to filter-out cicada choruses (Pieretti et al., 2011).
ADI, AEI and BI were much more susceptible to noise type (Fig. 3A; S2)
suggesting that they should be avoided or used only after careful noise
mitigation.

Our analyses also suggest that adding the SNR as a predictor to the
models assists in richness prediction. Removing SNR as a predictor
resulted in reduced predictive accuracy across all test sets (Fig. 2-
without SNR as a predictor in brackets). SNR was less consistently
informative for the empirical recordings than for the synthetic sound-
scapes. This suggests that for recordings with non-static background
noise and naturally variable SNRs, alternative SNR metrics (min, max
and sd) or general noise acoustic indices like those suggested by Buxton
et al. (2018) may be preferable to SNR as richness predictors. However,
this disparity needs further investigation to determine whether it holds
across multiple empirical datasets.

Lastly, the use of a naive threshold-based approach for soundscape
segmentation for noise reduction improved generalization across

background noise types (Fig. 4) for all SNR levels examined, although
the improvement was greater for higher SNRs (Fig. S4). This supports
studies that have shown the beneficial effects of acoustic index calcu-
lation within narrow spectral and temporal bands to reduce signal
masking (Metcalf et al., 2021). The segmentation method removed quiet
and noisy sections leaving a concentrated biophonic soundscape, but
this came at the expense of moderate biophonic information loss in
filtered frequency bands. Therefore, we recommend future studies
aiming to achieve acoustic index generalization to consider the potential
benefits of segmentation and perhaps employ more sophisticated seg-
mentation techniques to better concentrate the relevant biophony and
discard noise of synthetic and empirical recordings.

In this work, we used a combination of real and simulated sound-
scapes. Simulated soundscapes allowed us to tightly manipulate
ecological and acoustical variables that are difficult to control in real
recordings. Simulations allow for an exploration of unique field condi-
tions and the isolation of the effects of variables that limit acoustic
indices. Another benefit of simulations is perfect ground-truth allowing
for training better models. In our case, synthetic soundscapes enabled us
to identify the limitation of sufficient noise training on acoustic index
generalization by simplifying the complexity of typical background
noise diversity to only four examples. Our initial results without
attempting generalization (Fig. 3A-C) are at the upper range of previ-
ously reported R200s and Pearson r results (Alcocer et al., 2022 & Sethi
et al., 2023), but our synthetic results are higher (Fig. 3A-B), suggesting
the benefit of simulated data with less noise variability, and the use of
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and tested on synthetic soundscapes with a background of natural recorded noise. “Original soundscape” designates a model trained on acoustic indices calculated on
full unsegmented synthetic soundscapes, and “Segmented soundscape” refers to the “Original soundscape” that has been segmented and concatenated with noise
removal. The dotted red line shows the line of equality (X = Y), and the blue line shows the line of best fit. The run closest to the mean R2o0os from the 50 Monte Carlo
runs of each model is plotted and printed in the top left corner of each plot alongside the corresponding RMSE and Pearson r correlation, each with their standard
deviation in brackets. R%00s is the coefficient of determination (see methods). The data points plotted in green represent the soundscapes tested for the run closest to
the mean R200s. (B) The “original soundscape” spectrogram (Top) shows an example of a full synthetic soundscape. The “Segmented soundscape” spectrogram shows
the segmented version of this particular “Original soundscape”. The spectrograms were made in Raven (K. Lisa Yang Center for Conservation Bioacoustics, 2023) with

standard FFT settings using wav files from our datasets.

RFs trained on multiple acoustic indices. Furthermore, synthetic
soundscapes can be easily augmented to provide broader or narrower
training sets that can be tested on limited synthetic test sets or attempt
generalization to real recordings. We hope researchers adapt our
soundscape synthesis and modelling method to construct and evaluate
their own datasets and hypotheses as needed.

4.1. Limitations and future research

Here, we show consistent improvement in generalization across
noise types using noise-mitigation methods which we hope will be tri-
alled by the ecoacoustics community. However, our results only showed
moderate generalization, and our ability to accurately predict richness
showed limited success even after noise mitigation.

Pearson's r showed that the model can predict a moderate species
richness trend (ranking by relative soundscape species richness) across
domains, but the low R%00s values suggest that there is a domain
mismatch causing estimation errors. Such a classifier could still be
relevant for soundscape comparison (i.e., higher vs. lower richness) even
if it cannot provide accurate richness values. However, this mismatch
between Pearson's r and R%00s (Figs. 2, 3 and 4) is exactly what we tried
to address in this study, arguing (and showing) that noise is likely a main
driver, although it might have additional causes - e.g., in Fig. 2D, there
are different species richness distributions in the synthetic training sets
(0-21 species per minute recording) and in the empirical set (0-9 species
per minute recording).

We also still lack an out of the box acoustic index model that can
achieve generalization across habitats and taxa. We would recommend
future research to test more acoustic indices' robustness to noise varia-
tion using biophonically identical synthetic soundscapes with noise
augmentation through various background noise types. We also
recommend training on larger and more complex synthetic soundscape
datasets and to develop segmentation techniques to better isolate noise
and concentrate biophony across SNRs.

5. Conclusions

In summary, our results suggest that acoustic indices have potential
to be used for biodiversity assessment, including generalization across
systems. Our results strongly suggest three main conclusions: 1) the
necessity of noise exposure training for successful transfer learning, 2)
the benefit of careful selection of noise-robust acoustic indices (such as
ACI) and 3) noise removal approaches (e.g., using machine learning)
will likely assist generalization. Therefore, we encourage the ecoa-
coustics community to reconsider the current scepticism regarding the
generalizable limits of acoustic indices for biodiversity estimation and
recommend further research to achieve generalization across PAM
datasets.
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