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Abstract

Context Landscape monitoring through sounds
relies on spatial sampling to characterize soundscape
variation across a heterogeneous space. This non-
invasive approach complements traditional landscape
metrics by capturing ecological dynamics not visible
in spatial structure alone. However, the effectiveness
of different spatial sampling strategies remains poorly
understood.
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Objectives We examined how spatial sampling
design affects the representativeness of soundscape
information across heterogeneous ecosystems. Our
main objective was to identify efficient spatial sub-
sampling strategies in ecoacoustics that capture
landscape heterogeneity while balancing sampling
effort and effectiveness. Specifically, we (1) assessed
how sampling structure and effort affect interpolated
soundscape representativeness; (2) compared random,
thematic designs based on land-cover classes, and
tessellation-based designs; (3) examined interactions
among landscape, acoustic, and temporal variables;
(4) evaluated the influence of landscape heterogeneity
on sampling performance; and (5) developed a work-
flow to guide spatial sub-sampling for ecoacoustics.
Methods Our study was conducted across three
Colombian ecosystems. We constructed discrete
and continuous landscape proxies using Sentinel-2
imagery, calculated acoustic indices from field
recordings, and then implemented various spatial
sampling designs from sub-samples based on image
tessellation techniques. Using kriging, a geostatistical
method for interpolation, we compared sub-samples
to full spatial scenarios and assessed their perfor-
mance using structural and distributional metrics. We
took representativeness as the spatial fidelity of inter-
polated soundscape surfaces relative to full sampling,
capturing both acoustic patterns and underlying land-
scape structure.

Results We found that tessellation-based methods,
especially those based on watershed segmentation,
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significantly outperformed random and thematic
designs, showing higher sample performance,
stronger correlations with sample size, and greater
representativeness of landscape heterogeneity. Mul-
tivariate analyses showed that tessellation-based
designs exhibited consistent patterns across acous-
tic, temporal, and landscape variables. Our results
demonstrate that the spatial arrangement of sam-
pling locations, rather than sample size alone, criti-
cally determines sampling performance. We propose
a landscape-based workflow to support the design
of efficient spatial sampling strategies for ecoacous-
tics. This approach advances scalable and spatially
informed biodiversity monitoring using ecoacoustics
methods.

Keywords Soundscape representativeness -
Landscape heterogeneity - Passive acoustic
monitoring (PAM) - Remote sensing - Landscape
segmentation

Introduction

Ecoacoustic research, the study of relationships
between living organisms and their environment
through sound, has emerged as a powerful and non-
invasive approach for monitoring biodiversity and
environmental change. By analyzing soundscape
patterns, ecoacoustics provides scalable insights
into ecosystem dynamics (Gibb et al. 2019;
Farina and Li 2022; Farina et al. 2023). Data
from acoustic monitoring can be linked to several
ecological parameters, including species occurrence,
distribution, and richness, community composition,
and ecosystem dynamics (Alcocer et al. 2022).
This information offers a window into behavioral
interactions and ecological processes that often go
unnoticed, and are a core assumption in ecoacoustic
research: that acoustic data reflect both biotic activity
and the underlying landscape structure (Gibb et al.
2019; Alcocer et al. 2022; Rendon et al. 2022).
Several studies have shown that soundscape
patterns are related to landscape composition
and configuration, highlighting their spatial
correspondence with landscape structure (Fuller et al.
2015; Scarpelli et al. 2021; Guerrero et al. 2025;
Rendon et al. 2025). Since acoustic data reflect both
biotic activity and landscape structure, ecoacoustics
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is inherently dependent on spatial dynamics. This
makes spatial sampling a critical component of
study design, ensuring data quality and ecological
representativeness. However, many ecoacoustic
studies still rely on convenience-based or random
sampling approaches, which may fail to capture the
spatial complexity of heterogeneous environments.
As the demand for reliable, scalable soundscape
monitoring grows, there is a pressing need to revisit
how spatial sampling design affects the integrity
of ecoacoustic inference. In this context, sampling
designs may vary according to how they incorporate
landscape information (e.g. land-cover classes or
continuous environmental gradients), temporal
structure (e.g. daily activity periods), and acoustic
descriptors (e.g. indices summarizing soundscape
properties across frequency bands).

Despite the relevance of sampling design in
ecoacoustics, little is known about how specific
spatial sampling choices affect the representativeness
of soundscape information. Sampling design has
been consistently acknowledged as a methodological
gap in the field (Sugai et al. 2019; Abrahams et al.
2021; Ross et al. 2023). However, most studies to
date have focused on acoustic indices parameters or
ecological interpretation, rather than on how spatial
sampling choices influence the representativeness
of soundscape patterns (Farina et al. 2024; Bradfer-
Lawrence et al. 2025; Kemp et al. 2025). This gap
remains, even with the increasing availability of
remote sensing data, spatial tools, and statistical
methods from landscape ecology that could inform
pre-field planning (Kerr and Ostrovsky 2003; Hong
et al. 2004; Radoux et al. 2019). It is still unclear
whether spatially adaptive strategies, i.e. sampling
designs that adjust devices location according to
landscape structure, such as segmentation or gradient-
based subdivision, offer tangible advantages over
random or thematic (e.g. landcover type) approaches,
especially in structurally complex environments.

To address this gap, we ask: How does spatial
sampling design influence the performance and
representativeness of soundscape information in
ecoacoustic studies across heterogeneous landscapes?
Our main objective was to identify efficient strategies
for spatial sub-sampling in ecoacoustics that
account for landscape heterogeneity while balancing
sampling effort and effectiveness. Specifically, we:
(1) analyzed how sampling structure and sample
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size affect the representativeness. Here, we use the
term representativeness to refer to how well a given
sampling design captures the spatial structure of
soundscape patterns emerging from both acoustic
activity and underlying landscape heterogeneity;
(2) compared the performance of random, thematic
designs based on land-cover classes, and tessellation-
based designs, including those derived from
segmentation methods; (3) explored how landscape,
temporal, and acoustic variables interact to shape
the multivariate structure of Sub-sampling outcome.
In this context, landscape variables reflect both
composition (land-cover classes) and continuous
spectral gradients, temporal variables correspond to
distinct daily periods (full day, dawn, evening), and
acoustic variables represent indices summarizing
soundscape properties across multiple frequency
bands; (4) assessed the influence of landscape
heterogeneity on sampling performance; and (5)
developed a methodological workflow to guide spatial
sampling choices in future ecoacoustic monitoring
efforts.

In this study, we address these objectives using
multiple frequency ranges and time periods,
recognizing that acoustic activity is structured
along frequency and time as a consequence of
taxonomic composition, behavioral patterns and
environmental filtering. Testing sampling strategies
across contrasting spectral windows and biologically
meaningful time blocks allows us to evaluate the
robustness of spatial representativeness across
different acoustic configurations shaped by landscape
heterogeneity.

Methods

To analyze the effects of landscape heterogeneity
on sampling designs in soundscape studies, we
selected three study localities with different degrees
of heterogeneity (see "Study sites and recorder
deployment" section). Next, we determined recorder
placement sites, collected audio recordings, and
used their location data to generate bounding boxes
for modeling procedures. Within these bounding
boxes, we extracted discrete and continuous
landscape proxies (see "Landscape proxies" section
and Supplementary Information S1) and calculated
acoustic indices to quantify the soundscapes (see

"Soundscape calculation" section and Supplementary
Information S2).

To evaluate different sampling designs, we used
landscape proxies as criteria to construct Sub-
sampling scenarios from an initial design, which
included all our available recorders (see "Sub-samples
generation" section and Supplementary Information
S3). In addition, we created random sub-samples for
each initial design (see "Sub-samples generation"
section). We then interpolated the acoustic indices for
both the full recorder design and its corresponding
sub-samples (see "Spatial interpolation of acoustic
indices" section and Supplementary Information S4).
To develop our research question and the first four
specific objectives we applied correlation metrics,
non-parametric statistics, and multivariate analysis
to evaluate sampling effectiveness, robustness, and
landscape representativeness (see "Data analyses"
section and Supplementary Information S5-S8).

Study sites and recorder deployment

We selected three study localities aiming to represent
the heterogeneity of Colombian ecosystems, based on
landcover composition, terrain variation, and land use
(Milne 1991; Ali et al. 2014). The first locality is in
an urban Andean area, featuring an urbanization gra-
dient that is inversely correlated with elevation. The
second locality is in a rural Andean zone, encompass-
ing a gradient of agricultural uses ranging from pas-
tures to forest cover, over highly rugged terrain. The
third locality is in the Colombian plains, in a zone
characterized by a combination of natural savanna
and riparian forests, used for both cattle grazing and
conservation, over predominantly flat terrain (Fig. 1).

After selecting the study localities, we deter-
mined the sites for installing AudioMoth© record-
ers (versions 1.0, 1.1 and 1.2). In the Rural Andean
(45 recorders) and Colombian Plains localities (96
recorders), we implemented a grid design, placing
recorders 400 m apart to ensure data independence in
a homogeneous way (Metcalf et al. 2023). Logistical
constraints prevented us from implementing homo-
geneous design in the Urban locality (55 recorders),
however, we maintained the same 400 m spacing
between recorders (Fig. 1). Each recorder was config-
ured to record 1 min every 15, at a sampling rate of
194,000 Hz between 7 and 10 days, with a med-high
gain (4/5 in AudioMoth configuration). Prior to field
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«Fig. 1 Study sites, landcover types, and sampling grid lay-
outs across three Colombian landscapes. The figure includes
each full grid deployed recorders arrangement. Panels a to ¢
in the top row show the continuous landscape proxy based on
a vegetation gradient (scaled from 1 to 100), derived via PCA
from NDVI, SLAVI, and MNDWTI spectral indices. Panels
a to ¢ in the middle row depict the discrete landscape proxy,
obtained through random forest classification into four land-
cover types: Grass, Tall Grass, Forest, and Built-up areas.
Panels a to ¢ in the bottom row display the distribution of
sampling points (yellow dots) within the predefined bound-
ing boxes (red outlines) for each locality: a Urban Andean, b
Rural Andean, and ¢ Colombian Plains. The bottom-left map
shows the geographic location of the study sites across Colom-
bia. The accompanying table summarizes the locality names,
municipalities, and elevation ranges for each study area. Ver-
sions of each AudioMoth recorder and date of deployment can
be found both in Supplementary Information S12 on each site’
corresponding UDAS file, and in each geojson file starting
with “Points_”, in the QGIS project from the Supplementary
Information S13. Basemap: Google Satellite/Hybrid imagery,
Mapdata ©2026 Google

deployment, recorder gain consistency was verified
using a power spectral density-based test signal pro-
cedure to ensure comparable recording sensitivity
across devices. This verification step was performed
exclusively for pre-deployment quality control; no
post hoc gain correction or signal normalization was
applied to the recordings.

All deployment metadata associated with this
study were compiled into a structured summary
table referred to as the Unified Database for Acoustic
Surveys (UDAS). UDAS is an Excel-based table that
integrates recorder specifications, spatial location,
deployment dates, deployment duration, recording
schedule, and habitat descriptors for each sampling
site, accompanied by a vocabulary sheet documenting
variable definitions and units. Each locality-specific
UDAS file is provided in Supplementary Information
S12.

Using the recorders coordinates, we generated
locality-specific bounding boxes expanded by 1 km in
all four cardinal directions. These generated bounding
boxes were used as modelling areas for soundscape
proxy construction, and for landscape proxy
construction. We used rectangular bounding boxes
as modeling extents for computational efficiency
and reproducibility in Google Earth Engine, without
affecting the effective area of analysis defined
by recorder locations and their buffered zones of
influence; preliminary tests showed that irregular or
circular geometries substantially increased processing

time. Figure 1 provides a visual summary of the study
regions, including the geographic location of each
site, the layout of sampling grids, and the landscape
proxies used in subsequent analyses.

Landscape proxies

We used Google Earth Engine to gather Sentinel-2A
images for each study area, applying a 10% cloud
filter and generating NDVI-based best-pixel mosaics
(Gorelick et al. 2017; Google Earth Engine 2023a).
From these mosaics, we derived two landscape
proxies based on the concept of ecotope as the
minimum spatial unit of landscape (Radoux et al.
2019; Farina 2022; Francis et al. 2022). The first
was a continuous proxy via PCA on scaled spectral
indices (Normalized Difference Vegetation Index—
NDVI, Specific Leaf Area Vegetation Index—SLAVI,
Modified Normalized Difference Water Index—
MNDWI), reflecting vegetation, structure, and water
presence (Kriegler et al. 1969; Lymburner et al. 2000;
Xu 2006; Abdi and Williams 2010; Mishra et al.
2014). The resulting PCA fusion was scaled from 1 to
100, where 1 corresponds to bare and built-up areas
(low leaf area, constructions) and 100 represents
highly vegetated environments (dense canopy). In
this proxy, ecotopes are pixel-based, with each pixel
representing a uniform spatial unit of analysis.

The second was a discrete proxy via random
forest classification into four landcover types: Forest,
Built-up, Grass, and Tall Grass. Classification
accuracy was optimized to~80% using confusion
matrices (Cansler and McKenzie 2012; Hejmanowska
et al. 2021; Google Earth Engine 2023b). In this case,
ecotopes correspond to spatially explicit landcover
patches, which may vary in size and shape. Detailed
methods for the construction of each proxy are
provided in Supplementary Information S1.

Soundscape calculation

Soundscape proxies were generated by processing
recordings using Power Spectrum Density (PSD)
between 600 and 1200 Hz via Welch’s method to
exclude corrupted and rain-affected files (Bedoya
et al. 2017). From the cleaned recordings, we
computed the following acoustic indices: Acoustic
Complexity Index calculated in its temporal (ACItf)
and spectral (ACIft) formulations, Number of Peaks

@ Springer



126 Page 6 of 21

Landsc Ecol (2026) 41:126

(NP), Bioacoustic Index (BI), and the Normalized
Differenced Soundscape Index (NDSI) to capture
soundscape  complexity  across  spectrogram,
spectrum, and signal characteristics (Sanchez-
Giraldo et al. 2021; Luna-Naranjo et al. 2024). These
selected indices support analyses of biotic activity
and anthropogenic disturbance (Boelman et al. 2007,
Kasten et al. 2012; Alcocer et al. 2022; Farina and Li
2022).

Since acoustic activity is structured along
frequency and time as a consequence of taxonomic
composition, behavioral patterns, and environmental
filtering, we computed NP, ACItf and ACIft across
three frequency bands (0-24, 0-12, 12-24 kHz).
In the case of BI and NDSI, we used these indices’
standard frequency ranges (BI 2-12 kHz; NDSI
0-2 kHz) to preserve their established ecological
interpretation. Additionally, we calculated all indices
within three daily periods: full day, and dawn
(05:00-08:00) and evening (17:00-20:00), according
to Rendon et al. (2025). For ultrasonic recordings, we
computed NP, ACItf, ACIft, and BI within the 25-96
kHz frequency range, for methodological consistency,
we used the same temporal subdivision as in the
audible domain (full day, dawn, and evening).

For ACI’s calculations, differential spectral
representations were used depending on the frequency
domain. In the audible range, ACI was computed
from power spectrograms to maximize energetic
contrasts and to evaluate sampling strategies under
conservative and high-contrast conditions. However,
for ultrasonic frequencies, ACI’s were calculated
from amplitude spectrograms with edge-effect
correction, following Farina and Li (2022), in order
to avoid artificial amplification of variability and
false positives in low-energy, high-frequency signals.
Detailed methods for the calculation of the acoustic
indices using the scikit-maad package for python
(Ulloa et al. 2021) are provided in Supplementary
Information S2. Python codes are also provided in
Supplementary Information S14.

For clarity, acoustic indices were not combined at
any point in the workflow. Each index (ACItf, ACIft,
BI, NDSI) was calculated independently for every
recorder, frequency band, and, where applicable,
time period. Because each site generated multiple
recordings within each period, we summarized
temporal variation by computing the median
value of each index per recorder, per time period,
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and per frequency band. These median values
represent independent soundscape proxies and
were used separately in further data processing (i.e.
interpolations).

Sub-samples generation

We implemented Sub-sampling using random and
stratified designs across a full set of initial recorder
locations. Random sub-samples included 20%, 40%,
60%, and 80% of the full set, iterated 50 times.

We based the stratified approaches on four land-
scape segmentations (see Supplementary Information
S1 and S3 for further details): (1) land-cover classes
representing discrete proxies; (2) Superpixels Lin-
ear Iterative Clustering (SLIC), which segments an
image into visually homogeneous regions (Achanta
et al. 2012); and watershed-derived (3) Basins and
(4) Halfbasins, which partition continuous landscape
proxies into spatially coherent units based on under-
lying gradients (Fig. 2; Palomino and Hilares, 2011).
The tile area (A;) for SLIC and watershed-derived
tessellations procedure was defined as the area of a
circle with radius=200 m, which we used as a spa-
tial independence radius rather than as an estimate of
biological detection range. This distance was selected
to minimize spatial overlap and maintain independ-
ence among recording sites, following recommen-
dations from spatial ecoacoustic assessments (e.g.,
Bicudo et al. 2023). The resulting area, used purely
as a geometric constraint to guide the scale of tessel-
lation units, is:

A, = zr* = £(200 m)* = 125.664 m* ~ 0.126k m>.

After generating all tessellations, we proceeded
with Sub-sampling by selecting representative
points within each unit. To do so, we identified the
pole of inaccessibility within each of the generated
tiles for each tessellation (Landcover, SLIC, Basins,
Halfbasins) using the Shapely library (Gillies 2013).
We then selected the sample point nearest to each
pole of inaccessibility from the original recorder grid
in each bounding box (Fig. 2). Importantly, all sub-
sampling procedures were strictly spatial: whenever
a recorder location was included, all its recordings
were retained. Temporal (daily periods) and
spectral subsets were introduced later during index
calculation, identically for all designs. Therefore,
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Fig. 2 Proportion of recorder locations retained under each
sub-sampling strategy across the three study localities. Each
panel corresponds to a sub-sampling strategy (Basins, Halfba-
sins, Landcover, SLIC, and random sub-samples at 20%, 40%,
60%, and 80%). For each locality, values represent the percent-
age of recorder locations retained relative to the full sampling
grid. Boxes indicate the interquartile range, horizontal lines
represent the median, and points show the central tendency

Locality

across realizations. Minor variation around nominal sub-sam-
pling levels (e.g., 20%, 40%) arises from quality-control filter-
ing of recordings and subsequent subdivision into daily peri-
ods during index calculation; these differences are negligible
and do not reflect changes in the spatial sampling design. The
figure provides a standardized comparison of sampling effort
across strategies and localities
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differences among sub-samples reflect only spatial
configuration rather than variation in temporal data.

To document the sampling effort associated
with each sub-sampling design, we quantified the
proportion of recorder locations retained relative
to the full sampling grid at each locality (Fig. 2).
Minor differences in the effective proportion of
retained locations arise from quality-control filtering
of recordings and from subsequent subdivision into
daily periods during acoustic index calculation; these
differences are negligible and do not reflect changes
in the spatial sampling design (Supplementary
Information S5).

Spatial interpolation of acoustic indices

We used kriging interpolation to generate spatial
soundscape surfaces from the full and sub-sampled
grids, applying it to the median value of each acoustic
index computed for each recorder location and each
combination of frequency band and temporal window
(Fig. 2). Kriging accounts for spatial auto correlation
and enables evaluation of how well each sampling
design captures spatial structure (Zarco-Perello and
Simées 2017; Amelia et al. 2023). We estimated
the variogram nugget (microscale variation) and
sill (total variance) empirically for each index and
dataset, but used a fixed theoretical range of 200 m
during interpolation to ensure comparability among
full and sub-sampled scenarios. This range does
not correspond to the pixel size of the output raster
(which was 10 m), but rather to the spacing structure
imposed on the kriging model. Detailed interpolation
settings are provided in Supplementary Information
S4.

Data analyses

We took the interpolated surfaces from each sub-
sampling scenario and compared them with the cor-
responding full dataset interpolation on each locality
to calculate each sub-sample performance, using the
Pearson correlation coefficient (Fortin et al. 1989;
Borcard et al. 2011). We selected Pearson’s p for
being easily interpretable and sensitivity to continu-
ous spatial variation. We calculated the correlations
using the ArchGDAL package in Julia. Higher cor-
relation values indicate greater spatial fidelity of the
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sub-sample relative to the full landscape interpolation
(Fig. 3).

Evaluation of the sample size influence over sampling
design

To evaluate how sample size influences sub-
sample performance across varying ecological
and methodological conditions, we calculated a
second Pearson correlation coefficient (hereafter
Pcoeff2) between sampling proportion and sampling
performance (as quantified by the spatial Pearson
correlation described above in "Data analyses"
section). This analysis (Pcoeff2) therefore relates
variation in sampling effort to changes in spatial
fidelity, rather than comparing spatial values directly.

The  Pcoeff2 correlation was  computed
independently for each combination of locality,
Subsampling strategy, frequency range, time period,
acoustic index, and summary statistic, yielding a
distribution of Pcoeff2 values per strategy. We then
evaluated the normality of the distribution of these
correlation coefficients (Pcoeff2) within each strategy
using the Shapiro-Wilk test (Kassambara 2019).
As most distributions were non-normal, we used
the Wilcoxon rank-sum test to compare ‘“random”
vs. “tessellation” strategies and the Fligner—Killeen
test to assess differences in dispersion (Sarkar et al.
1999). See Supplementary Information S5 for further
details.

Effectiveness of stratified sampling designs

We evaluated the effectiveness of stratified sampling
strategies using two metrics: sub-sample performance
and sampling efficiency. Sub-sample performance
was previously defined as the Pearson correlation
(p) between the interpolated surface from each sub-
sample and the corresponding full grid. To quantify
how well each strategy balances performance and
effort, we calculated sampling efficiency as the
ratio of performance to sampling proportion (sub-
sample performance/% sampled). This approach
allowed us to identify designs that not only reproduce
spatial patterns effectively, but also do so with fewer
sampling units.

For both metrics, we computed summary statistics
(mean, median, standard deviation, and coefficient of
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Fig. 3 Pipeline for extracting and evaluating spatial sub-sam-
ples based on different arrangements. Discrete and Continu-
ous landscape proxies were tessellated into spatial units using
vectorization (landcover), SLIC, and watershed-based methods
(Basins and Halfbasins). Sub-sampling locations were selected
from the pole of inaccessibility within each tessellation unit,
or randomly sampled from the full grid at proportions of 20%,
40%, 60%, and 80%. Each random Sub-sampling level was
iterated 50 times to account for variability in selection. Krig-

variation) across all realizations generated for each
sample strategy. We did this to capture not only the
central tendency of each strategy’s performance, but
also its variability and reliability across iterations and
conditions. This allowed us to assess whether high
performance was consistent or driven by outliers, and
to identify strategies that offered both effectiveness
and robustness.

ing interpolation was applied to each acoustic index to generate
soundscape surfaces, and sub-sample performance was quanti-
fied by comparing each interpolation to the full grid reference
using Pearson correlation (p). Note the proxy landscapes and
interpolated surfaces in this figure were simulated using Al-
generated visuals for illustrative purposes only. All analytical
procedures, workflows, and spatial arrangements were manu-
ally designed by the authors

To determine whether separate subgroup analyses
were necessary, we first examined summary
statistics for each tessellation strategy across time
periods, localities, and frequency ranges. Because
performance patterns were broadly consistent across
these factors (median Pearson>0.89, with low
to moderate coefficients of variation), we did not
subdivide the data further by time period, frequency
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range, or locality (see Supplementary Information
S6). We then evaluated the overall distributions
of sub-sample performance and sampling
efficiency across strategies. Specifically, we tested
normality within each sub-sample group using the
Shapiro-Wilk test, visualized the distributions with
violin plots overlaid with box plots, and, due to non-
normality, compared strategies using Kruskal-Wallis
rank-sum tests followed by Dunn’s post hoc tests
with Benjamini—-Hochberg correction for multiple
comparisons (Wickham 2011; Wickham et al. 2014;
Kassambara 2023; R Core Team 2024; Ogle et al.
2025). See Supplementary Information S6 for further
details.

Multivariate structure of stratified Sub-sampling
strategies

To evaluate the multivariate structure and the
influence of multiple variables in shaping the
effectiveness of different stratified sampling designs,
we applied a Factorial Analysis of Mixed Data
(FAMD). We chose FAMD because it accommodates
both categorical (locality, index, sub-sample,
frequency range, with sub-sample as supplementary)
and continuous variables (sample percent, sub-sample
performance) within a single ordination framework.
By combining the PCA and the MCA principles,
FAMD identifies latent dimensions explaining
variance structure (Kassambara 2017).

After performing the FAMD, we found that the
first dimension was primarily influenced by perfor-
mance-related variables (sample percent, sub-sample
performance), which are directly related to outcome
effectiveness. While Dimension 1 was included in all
subsequent statistical comparisons and visualizations,
we focused our interpretive attention on Dimensions
2 to 4, as these were more strongly associated with
design and landscape characteristics (e.g., index,
locality, time_period; see Supplementary Informa-
tion S3). Finally, we proceed to test differences in
latent dimensions across Sub-sampling strategies
(Basins, Halfbasins, SLIC, Landcover). To do so, we
used Kruskal-Wallis tests per dimension, followed
by Dunn’s post hoc tests with Benjamini-Hochberg
correction (Chen and Sarkar 2020; Ogle et al. 2025).
Significance groupings were visualized to clarify
which strategies differed structurally across FAMD
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dimensions for both mean and median statistics. See
Supplementary Information S7 for further details.

Stratified sample strategies relation to landscape
heterogeneity

To assess how well different tessellation-based Sub-
sampling strategies capture landscape heterogeneity,
we compared the distribution of the mean landscape
proxy between each sub-sample and the complete
sampling grid for each locality. Sub-samples were
grouped by both tessellation type (e.g., Basins,
SLIC, Landcover, Halfbasins) and point source,
distinguishing between the poles of inaccessibility
identified within each tessellation unit and the nearest
original recorder locations selected for sampling.
We used kernel density estimates (KDE) and
quantile—quantile (Q—Q) plots for visual comparisons
(Supplementary Information S8). Statistical similarity
was assessed using the Kolmogorov—Smirnov
(KS) test to evaluate distributional equivalence,
and the Wasserstein distance to quantify shape and
displacement differences (Ramdas et al. 2017). The
spatial error associated with sampling location was
also assessed via the distance to pole, a measure of
how far each sampled point was from the centroid of
its spatial unit. We compiled all results by locality.

Results

Our results showed that spatial sampling design
has a clear and significant influence on the
representativeness of ecoacoustic data across
heterogeneous landscapes, where performance
refers to how well a sub-sample represents the
soundscape derived from the full recorder array.
Stratified, tessellation-based designs, particularly
Basins and Halfbasins, consistently outperformed
random sampling, exhibiting stronger correlations
with sample size, lower dispersion, and more stable
performance—efficiency trade-offs. These designs also
showed greater structural coherence in multivariate
space and smaller distributional deviations from
complete samples. Between the tessellation types, the
landcover approaches demonstrated higher variability
and spatial error.
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Influence of sample size was stronger in
tessellation-based than random designs

We found that tessellation-based strategies exhibited
a significantly stronger and more consistent correla-
tion between sample size and sampling performance
compared to random designs. This was supported by
their markedly lower coefficient of variation (CV),
which was at least 12 times lower than that of the ran-
dom strategies (Table 1; Fig. 4; Supplementary Infor-
mation S5). Furthermore, random sampling designs
showed high variability, and thus greater unpredict-
ability, in response to changes in sampling effort
(Table 1; Fig. 4). These results were statistically
supported by a Wilcoxon rank-sum test (W =925,
p<0.001), and a Fligner—Killeen test for homoge-
neity of variances (yx*=10.97, p=0.000926) for

the audible range. In the ultrasound range, although
random designs presented higher dispersions, the
variance difference was not statistically significant
(x*=2.00, p=0.157).

Watershed-based sampling designs: greater
effectiveness than other stratified sampling strategies

We found clear differences in sub-sample perfor-
mance and sampling efficiency among stratified
sampling strategies across both audible and ultra-
sonic domains (Fig. 5; Table 2; Supplementary
Information S6). Specifically, Halfbasins achieved
the highest median sub-sample performance in both
domains (Audible median Pearson=0.953; Ultra-
sound =0.920) but showed higher variability, particu-
larly in the audible range (CV of efficiency =0.33). In

Table 1 Summary statistics and dispersion measures of the correlation between sample size and sub-sample performance (Pcoeff2)
across random and tessellation-based designs, separated by frequency range

Frequency Sampling strategy Dispersion of Pearson  Fligner—Killeen
coefficient (Pcoeff2)
n mean median SD cv X’ p value
Audible
Random 168 —0.0401 —0.0448 0.2255 0.316 5.6203 9.8737 0.00168
Tessellation 153 0.7919 0.8723 0.2528 0.2197 0.3192
Ultrasound
Random 48 0.0038 —0.0441 0.2222 0.2340 58.5346 0.4691 0.49342
Tessellation 26 0.8191 0.8656 0.1850 0.1346 0.2259

Mean, median, standard deviation (SD), interquartile range (IQR), and coefficient of variation (CV) are shown. The Fligner—Killeen

test evaluates differences in variability across strategies
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sample size and sub-sample S 06
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Fig. 5 Sub-sample per-
formance and sampling
efficiency across strati-

fied sampling strategies.
Top sampling efficiency,
calculated as sub-sample
performance (Pearson’s

p, indicating how well a
sub-sample represents the
soundscape derived from
the full recorder array)
divided by sampling pro-
portion. Bottom sub-sample
performance, measured

as the Pearson correlation
between each sub-sample’s
interpolated surface and the
full reference grid. Violin
and box plots illustrate the
distribution of both metrics
across landcover-based and
tessellation-based strategies
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Table 2 Sub-sample evaluation: summary statistics of sub-sample performance and efficiency

Sub-sample Sub-sample Mean of Median of SD of Mean of Median of SD of CV of
performance performance performance efficiency efficiency efficiency efficiency
(Pcoeffl) (Pcoeftl) (Pcoeftl)
Audible Landcover  0.684 0.6686 0.1225 1.51E-02 1.53E-02 2.43E-03 0.1612
Basins 0.8924 0.908 0.0873 1.24E-02 1.21E-02 2.08E-03 0.1669
Halfbasins  0.8904 0.953 0.2901 1.09E-02 1.18E-02 3.59E-03 0.3303
SLIC 0.8828 0.8939 0.0947 1.12E-02 1.12E-02 1.24E-03 0.1115
Ultrasound Landcover  0.6511 0.6384 0.0946 1.44E-02 1.46E-02 1.99E-03 0.1382
Basins 0.8599 0.8341 0.0884 1.19E-02 1.17E-02 1.39E-03 0.1173
Halfbasins  0.9046 0.9196 0.0740 1.10E-02 1.10E-02 9.63E-04 0.0873
SLIC 0.8808 0.8789 0.0807 1.11E-02 1.07E-02 9.54E-04 0.0856

Each Sub-sampling design is evaluated by the sub-sample performance (Pcoefl: Pearson correlation with the full raster) and
efficiency (sub-sample performance per unit of sampling effort). Reported metrics include the mean and median for performance and
efficiency, as well as the standard deviation (SD) and coefficient of variation (CV) for efficiency, to reflect both average performance
and its consistency across conditions

contrast, Landcover consistently showed the lowest
sub-sample performance (median Pearson <0.68 in
both domains), despite presenting the highest median
efficiency (>0.015 for audible, 0.014 for ultrasound),
Landcover also exhibited high variability (CV

@ Springer

between 0.16 and 0.13). Basins offered the best over-
all balance, combining high performance (median
Pearson=0.908 for audible; 0.834 ultrasound) and
good efficiency (median=0.0121, CV =0.17), per-
forming better than the more precise but less efficient
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Halfbasins, and the similarly efficient yet less accu-
rate SLIC across frequency domains (Fig. 5; Table 2;
Supplementary Information S6).

Basins showed the highest multivariate structural
coherence

We found that the Dimension 1 of the FAMD was
primarily associated with efficiency metrics (i.e.,
sample percent, performance). Therefore, we compare
the stratified sampling strategies on Dimensions
2 to 4. We found that Dimension 2 was driven by
frequency range, Dimension 3 by interactions of
indices and Locality (Locality and Time Period), and
Dimension 4 by spatial and temporal stratification
(see Supplementary Information S7).

Kruskal-Wallis tests evidence significant differ-
ences among Sub-sampling strategies across most
FAMD dimensions for both audible and ultrasonic
frequencies (all p<0.01; see Supplementary Informa-
tion S7). The post hoc Dunn tests revealed consistent
significance grouping across dimensions. Specifi-
cally, we found that the Basins strategy presented the
highest structural coherence, frequently occupying
group “a”. In contrast, Landcover and SLIC exhib-
ited greater variability, often falling into groups “c”

AUDIBLE

SLIC

Landcover

Halfbasins

Sub-sampling Strategy

Basins

or “d”, indicating a higher sensitivity to design and
environmental variation (Fig. 6).

Landscape heterogeneity was better represented by
watershed-based strategies

We found that none of the Kolmogorov—Smirnov
tests showed statistically significant differences (all
p-values >0.1); however, the Wasserstein distances
revealed marked variation in distributional
shape. Specifically, Basins and Halfbasins
consistently exhibited the smallest distributional
differences from the complete sample (i.e., high
representativeness), particularly when considering
the selected recorder locations. Unlike the poles
of inaccessibility, which represent the geometric
center of each tessellation unit, these selected
locations correspond to the nearest actual sampling
points used to extract landscape proxy values. We
consider this distinction as important, because it
reflects the transition from theoretical spatial design
to real-world landscape variability. For instance,
in Andean Urban, Halfbasins (examined) showed
the lowest Wasserstein distance (0.0745) and KS
statistic (0.0129), indicating excellent alignment
with the original landscape structure. Andean Rural

ULTRASOUND

Dim.I Dim2 Dim3 Dim4

Dim.I Dim2 Dim3 Dim4

FAMD Dimension

Fig. 6 Comparison of Sub-sampling Strategy across FAMD
dimensions based on Dunn’s post hoc tests for audible and
ultrasound frequencies. Color-coded letters indicate signifi-
cance groupings for each sampling strategy on Dimensions
1 to 4 derived from the Factorial Analysis of Mixed Data
(FAMD). Dimensions 1 to 4 summarize efficiency metrics,
frequency range, index—locality—time interactions, and spa-

tial-temporal stratification, respectively. Each letter denotes
a statistically distinct cluster (a=0.05), with “a” representing
the most cohesive group. The Basins strategy consistently fell
within group “a” across dimensions, reflecting higher struc-
tural coherence, whereas Landcover and SLIC showed more
dispersed groupings (e.g., “c”, “d”), suggesting greater vari-

ability in response to landscape and design factors
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also showed strong alignment for both Basins and
Halfbasins strategies.

In contrast, Landcover and SLIC methods often
produced larger Wasserstein distances, especially
when using Poles as sampling points. For exam-
ple, in Andean Urban, Landcover (Poles) yielded a
Wasserstein distance of 6.36, reflecting substantial
divergence from the full distribution. These findings
suggest that, although all strategies generally pre-
serve landscape-level patterns, SLIC and Landcover
may introduce higher spatial error and variability
compared to watershed-based approaches (Table 3).

Discussion

Our findings demonstrate that spatial sampling
strongly drives the representativeness of ecoacous-
tic spatial patterns across heterogeneous landscapes.
Stratified tessellation-based approaches, particularly
Basins and Halfbasins, consistently outperformed
the most common alternatives: random and thematic
(i.e., landcover-based) alternatives. Evidence of this
can be found in stronger sample size-performance
correlations, lower dispersion across sub-samples,
and closer alignment with full dataset distributions
(Figs. 4, 5, 6). Our results further support an idea
often overlooked in large-scale acoustic monitoring:

Table 3 Distributional similarity between complete samples and stratified sub-samples: Kolmogorov—Smirnov and Wasserstein

comparisons across localities

Locality Method Origin KS statistic KS p-value Wasserstein
Andean Rural Basins Examined 0.0942 0.9826 0.8905
Poles 0.1455 0.7980 1.0103
Halfbasins Examined 0.0953 0.9746 0.5412
Poles 0.1898 0.4651 1.1506
Landcover Examined 0.1103 0.9662 1.5187
Poles 0.1304 0.9240 2.1962
SLIC Examined 0.0464 1.0000 1.0884
Poles 0.1770 0.5516 1.9799
Andean Urban Basins Examined 0.0333 1.0000 0.4825
Poles 0.1244 0.7549 2.0794
Halfbasins Examined 0.0129 1.0000 0.0745
Poles 0.1038 0.8909 1.3909
Landcover Examined 0.2705 0.1393 5.9396
Poles 0.2890 0.1056 6.3556
SLIC Examined 0.0548 0.9996 1.3889
Poles 0.1244 0.7548 2.0804
Plains Basins Examined 0.0839 0.9194 4.6849
Poles 0.1870 0.1395 4.1158
Halfbasins Examined 0.0256 1.0000 3.2485
Poles 0.0752 0.9519 3.0323
Landcover Examined 0.1793 0.2869 5.984
Poles 0.1628 0.4134 6.1022
SLIC Examined 0.0539 0.9976 3.382
Poles 0.1693 0.1698 4.9078

Comparison of each stratified sampling strategy’s ability to replicate the distribution of the soundscape derived from the full
landscape sample, using Kolmogorov—Smirnov (KS) statistics and Wasserstein distances. Lower KS values indicate higher overlap
between empirical distributions, while lower Wasserstein distances reflect minimal divergence in shape and central tendency. Results
are shown for two types of sampling point origin, “Poles” (pole of inaccessibility) and “Examined” (nearest original recorder),
across three localities. While no KS comparisons reached statistical significance (all p>0.1), substantial differences in Wasserstein
distances suggest that watershed-based methods (Basins, Halfbasins) better capture landscape heterogeneity than Landcover or SLIC,

particularly when using the examined points
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not only sample quantity matters, but also the spa-
tial logic (Wang et al. 2012).

One reason tessellation-based strategies may
have outperformed other designs is their ability to
adapt sampling units to the physical heterogeneity
of the landscape. In our case, the watershed-based
approaches (Basins and Halfbasins) applied the
r.watershed algorithm to a continuous landscape
proxy derived from satellite imagery. Rather than
delineating real hydrological watersheds, this
procedure partitions the landscape into spatially
coherent units that follow gradients in the input
data. By treating pixel values as a virtual surface,
the algorithm generates irregular regions that
are internally more homogeneous with respect
to the proxy used, which may better preserve
the landscape heterogeneity that researchers
often aim to represent when deploying acoustic
recorders. This does not imply that such units
necessarily contain homogeneous soundscapes,
but it does provide a landscape-informed basis
for sampling design. Other landscape units could
also be appropriate depending on the study
objective, but watershed-based segmentation may
be especially useful when the goal is to capture
continuous landscape gradients while avoiding rigid
boundaries, in line with spatial sampling principles
that emphasize spatial autocorrelation and the
avoidance of clustered sampling points (Wang et al.
2012; Sun 2015).

Watershed segmentation reflects key spatial
sampling principles by interpreting pixel values as
elevation to generate homogeneity-based, adaptively
shaped segments (Wang et al. 2012). This method
leverages spatial auto correlation to ensure uniform
coverage, reduce analytical uncertainty, and prevent
point clustering, achieving effects similar to those
of precise sampling. Although the SLIC algorithm
is based on similar principles, it is less adaptive
and relies on rigid, axis-aligned segmentation,
especially in the configuration used here (Neubert
and Protzel 2014; Nowosad and Stepinski 2021).
These limitations may explain its lower performance
in representing soundscape indicators and landscape
heterogeneity.

Both Landcover and Random sampling designs
showed the lowest performance among the evaluated
methods. In the case of Landcover, it is important
to note that the sampling strategy was derived from

a specific landscape proxy, constructed through a
particular segmentation process. While this approach
served our analysis, it represents only one possible
interpretation of landscape heterogeneity under the
label “landcover.” Therefore, the results may reflect
the limitations of this specific implementation and
do not necessarily generalize to all landcover-based
sampling frameworks.

More broadly, we point out that both discrete
and continuous proxies represent aggregations of
ecotopes, but they differ in how spatial heterogeneity
is expressed. Discrete proxies define ecotopes as
landcover patches with predefined boundaries
and variable sizes, whereas continuous proxies
represent ecotopes as equally sized raster units,
whose resolution depends on the pixel size. Our
results are consistent with the expectation that
gradient-based, continuous proxies may better
capture spatial heterogeneity relevant for sampling
design, particularly for methods such as watershed
segmentation. However, we emphasize that this
interpretation is inferential rather than directly
tested here, as resolution effects were not explicitly
manipulated in our analyses.

While several studies have shown that soundscape
patterns exhibit spatial associations with landscape
composition and configuration, these associations are
neither consistent nor strictly linear (Fuller et al. 2015;
Scarpelli et al. 2021). Recent work also suggests that
acoustic patterns can display emergent properties
that only partially correspond to the physical
landscape, highlighting the need for more nuanced
approaches that incorporate temporal variability
and scale-dependent decoupling, that is, changes
in landscape—soundscape correspondence across
frequency bands and temporal windows (Guerrero
et al. 2025; Rendon et al. 2025). Additionally, it is
important to note that the soundscape indices used
here predominantly reflect biophonic activity within
the audible spectrum, which in tropical and Andean
ecosystems is largely driven by birds, insects, and to a
lesser extent amphibians. Therefore, the interpolated
spatial patterns represent aggregated acoustic activity
from multiple sources (biological and non-biological)
rather than taxon-specific ecological processes.

Because our aim was to evaluate the spatial rep-
resentativeness of sub-sampling strategies, rather
than to infer specific community composition, this
level of aggregation is appropriate for assessing how
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«Fig.7 Proposed workflow for spatial sampling design in
ecoacoustic studies. The workflow integrates landscape proxy
selection, tessellation, central point extraction, and statistical
validation. It compares each Sub-sampling strategy against
a reference full-grid scenario using both the Kolmogorov—
Smirnov test (for statistical similarity) and the Wasserstein
distance (for distributional divergence). Landscape proxies
can be discrete (e.g., landcover) or continuous (e.g., vegetation
gradients), and tessellation methods include vector-based seg-
mentation, SLIC, and Watershed (Basins). The complete meth-
odological protocol and decision rules are described in Supple-
mentary Information S10 (Colab file). The full-grid scenario
shown in the workflow represents an idealized reference used
exclusively for comparative evaluation and is not intended as
a recommended sampling scheme for practical implementation

well landscape-informed sampling designs capture
broad spatial patterns in acoustic activity. Nonethe-
less, this implies that the ecological meaning of the
soundscape surface depends on both biotic and non-
biotic sound dominating the analyzed frequency
range. Importantly, we observed highly consistent
patterns between audible and ultrasonic analyses,
indicating that the relative performance of spatial
sampling strategies is robust across acoustic fre-
quency domains. In ecosystems where ultrasonic
taxa (e.g. bats or orthopterans) or low-frequency
species play a dominant role, different frequency
bands may reveal distinct spatial structures. Thus,
while our methodological approach is taxon-inde-
pendent and can be applied to any acoustic metric
or frequency band, the ecological interpretation of
representativeness must be contextualized by the
biological groups contributing most strongly to the
soundscape within the chosen spectral window.

Our findings are not just consistent with previous
interpretations of landscape representation, but also
reinforce a key principle often overlooked in large-
scale acoustic monitoring: spatial logic is as critical
as sample size (Wang et al. 2012). Random sampling,
regardless of size, yielded unstable correlations and
unpredictable performance. This illustrates that even
large sampling efforts, when applied randomly, do not
guarantee representativeness (Nuifiez-Penichet et al.
2022). In fact, random designs may create a false
sense of coverage while undermining the reliability of
ecological inferences.

Another important consideration is that our
analysis focused exclusively on soundscape indices.
Future research should explore how spatially

optimized sampling designs influence the detection
and interpretation of ecologically meaningful
patterns, such as biodiversity or species-specific
acoustic signals. Further studies could also assess
how different segmentation approaches, when
applied across diverse ecosystems and remote sensing
inputs, affect sampling efficiency for other ground-
based monitoring systems. Additionally, although
we used a fixed radius of 200 m (based on Bicudo
et al. 2023) to define the tessellation scale, this
value should not be interpreted as a strict estimate of
biological detection distance. Instead, it represents
an operational spacing threshold selected to maintain
spatial independence among recorders and to stabilize
variogram estimation during interpolation, used here
to compare between different sampling sizes. We
also kept a constant radius to ensure methodological
consistency; however, this methodology is flexible
and can accommodate different radii in future
applications depending on habitat structure, taxa of
interest, or specific monitoring objectives. Thus, the
scale of A; should be understood as a spatial design
parameter, and not necessarily as a proxy for acoustic
propagation or perceptual range.

Finally, to consolidate our findings and support
their practical application, we developed a structured
workflow for ecoacoustic sampling design based on
landscape heterogeneity. We remark that this work-
flow is not intended to prescribe exhaustive grid-
based sampling in real-world applications. Instead,
the full-grid scenario used here represents an ideal-
ized reference condition, employed solely as a com-
parative benchmark to evaluate how well alternative
sub-sampling designs preserve spatial patterns. By
using this reference as a common baseline, the frame-
work allows researchers to identify sampling strate-
gies that most closely approximate the spatial struc-
ture of the landscape while substantially reducing
sampling effort. The framework integrates landscape
proxy selection, tessellation, sampling point place-
ment, and statistical validation to guide a priori sam-
pling design decisions, rather than to replicate com-
plete sampling campaigns. In this sense, the workflow
offers a scalable tool for optimizing spatial sampling
in ecoacoustics and other spatially explicit ecological
studies (Fig. 7). The detailed procedure is available in
Supplementary Information S9.

While our workflow focuses on maximizing
the structural representation of the landscape
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heterogeneity through segmentation and spatial
logic, alternative frameworks such as Generalized
Random Tessellation Stratified (GRTS) sampling
have proven effective in population-level ecological
monitoring (Stevens and Olsen 2004; Kermorvant
et al. 2019). However, GRTS is designed primarily
for probabilistic  inference and  population
representativeness, whereas our approach is tailored
for landscape-based applications where the goal is
to preserve spatial patterns with minimal sampling
effort. In this context, our method emphasizes how
to tessellate the landscape meaningfully, providing
a structural foundation that can be paired with
various sampling schemes depending on the research
question. For instance, while our workflow uses the
Kolmogorov—Smirnov and Wasserstein distance to
quantify structural alignment, users seeking statistical
inference could adapt the resulting tessellations
within a GRTS framework or other probability-based
strategies.

Conclusions

The aim of our study was to examine how spatial
sampling design influences the representativeness
of soundscape information in ecoacoustic research
across heterogeneous landscapes. Specifically, we
evaluated how different spatial sampling strategies
affect data reliability under varied environmental
conditions. This allowed us to show that data
reliability is not an inherent property of the sensors,
but a product of the spatial logic applied to their
deployment.

Our study has identified stratified tessellation-
based methods, particularly Basins and Halfbasins,
as consistently outperforming random and thematic
approaches. The results of this investigation show
that these spatially structured designs yielded higher
precision, lower dispersion, and stronger correlations
with sampling effort. The most important finding
from this study is that sampling performance is not
solely dependent on sample size, but critically on
the spatial configuration of the sampling scheme. In
contrast, Landcover and Random designs resulted in
greater variability, reduced structural alignment, and
higher spatial error.

Based on the results of this study, we propose
a “Workflow for Sampling Design in Ecoacoustic
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Studies” that aligns with the principle of prioritizing
spatial logic in ecological monitoring. Our approach
provides a structured method for improving
the representativeness of ecoacoustic data in
heterogeneous landscapes. These findings have
significant implications for the development of
soundscape-based monitoring strategies and may be
particularly relevant to researchers in conservation,
biodiversity assessment, and spatial ecology.

In conclusion, spatially explicit and ecologically
informed sampling designs offer a powerful
foundation for advancing ecoacoustic research. By
aligning sampling frameworks with the underlying
structure of the landscape, researchers can improve
data reliability, economize resources, reduce spatial
bias, and support more effective ecological inference
in different environments.
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