
Article Not peer-reviewed version

Enhancing Soundscape

Characterization and Pattern Analysis

Using Low-Dimensional Deep

Embeddings on a Large-Scale Dataset

Daniel Alexis Nieto-Mora * , Leonardo Duque-Muñoz , Juan David Martínez-Vargas

Posted Date: 12 August 2025

doi: 10.20944/preprints202508.0808.v1

Keywords: autoencoders; deep learning; ecoacoustics; embeddings; feature projections; soundscape

patterns; unsupervised learning

Preprints.org is a free multidisciplinary platform providing preprint service

that is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0

license, which permit the free download, distribution, and reuse, provided that the author

and preprint are cited in any reuse.

https://sciprofiles.com/profile/3414342
https://sciprofiles.com/profile/3042630
https://sciprofiles.com/profile/3445546


Article

Enhancing Soundscape Characterization and Pattern
Analysis Using Low-Dimensional Deep Embeddings
on a Large-Scale Dataset
Daniel Alexis Nieto-Mora 1,* , Leonardo Duque-Muñoz 1 and Juan David Martínez-Vargas 2

1 Instituto Tecnológico Metropolitano - ITM, Laboratorio de Máquinas Inteligentes y Reconocimiento de Patrones MIRP,
Medellín 050034, Colombia

2 EAFIT University, School of Applied Sciences and Engineering, Medellín 050022, Colombia
* Correspondence: danielnieto@itm.edu.co

Abstract: Soundscape monitoring has become an increasingly important tool for studying ecological
processes and supporting habitat conservation. While many recent advances focus on identifying
species through supervised learning, there is growing interest in understanding the soundscape as
a whole considering patterns that go beyond individual vocalizations. This broader view requires
unsupervised approaches capable of capturing meaningful structures related to temporal dynamics,
frequency content, spatial distribution, and ecological variability. In this study, we present a fully
unsupervised framework for analyzing large-scale soundscape data using deep learning. We applied
a convolutional autoencoder (Soundscape-Net) to extract acoustic representations from over 60,000
recordings collected across a grid-based sampling design in the Rey Zamuro Reserve, Colombia.
Dimensionality reduction methods (UMAP and PaCMAP) were used to project the learned features,
followed by clustering with KMeans and DBSCAN to explore latent acoustic structures. To inter-
pret and validate the resulting clusters, we combined multiple strategies: spatial mapping through
interpolation, analysis of acoustic index variance to understand cluster structure, and graph-based
connectivity analysis to identify ecological relationships between recording sites. Our results demon-
strate that this approach can uncover both local and broad-scale patterns in the soundscape, providing
a flexible and interpretable pathway for unsupervised ecological monitoring.

Keywords: autoencoders; deep learning; ecoacoustics; embeddings; feature projections; soundscape
patterns; unsupervised learning

1. Introduction
In recent years, the study of soundscapes has emerged as a powerful tool for ecological monitoring

and environmental assessment. A soundscape is defined as the collection of biophonic, geophonic,
and anthropophonic sounds that characterize a given environment [1]. Through passive acoustic
monitoring, researchers can gather continuous, non-invasive, and cost-effective information about
ecosystems, including biological activity, species richness, and anthropogenic disturbance [2]. Unlike
traditional biodiversity surveys that are often limited by spatial or temporal constraints, acoustic
methods enable long-term sampling across large areas and can reveal patterns that would otherwise
remain undetected. These advantages have contributed to the growing adoption of soundscape
analysis in conservation programs, landscape-scale monitoring efforts, and biodiversity assessments [3].
As acoustic technologies and computational tools continue to improve, soundscapes offer increasing
potential for understanding the dynamics and health of ecosystems on spatial and temporal scales.

Recent developments in machine learning have significantly improved the ability to analyze
ecoacoustic data [2,4], particularly in tasks involving species detection and classification. Supervised
learning techniques, especially those based on deep neural networks, have enabled the automatic
identification of animal vocalizations from large volumes of acoustic recordings [4,5]. Notably, tools
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such as BirdNET [6], which use convolutional neural networks trained on expert-labeled datasets, have
achieved high accuracy in the identification of numerous species of birds in different environments.
These models have facilitated large scale biodiversity monitoring and made it possible to study
specie specific patterns with high temporal resolution [7,8]. Despite these advances, many existing
approaches focus primarily on taxonomic classification, often ignoring the broader acoustic structure
of the landscape and the contextual information embedded in non-biological or unclassified sounds.
This narrow focus limits the ecological interpretation of soundscapes and restricts the ability to assess
ecosystem-level properties. However, the acoustic environment encodes more than just the presence
of species or vocal activity. Soundscapes reflect the structure and function of ecosystems as a whole,
including spatial patterns, temporal dynamics, and environmental stressors [9–11]. Attributes such
as habitat connectivity, land-use heterogeneity, and ecosystem degradation can be inferred from the
composition and variability of acoustic signals over time and space. These broader patterns are essential
for understanding ecological processes, especially in landscapes undergoing rapid change. Yet, studies
that treat the soundscape as a complex and integrated ecological signal remain relatively scarce. Most
existing research has prioritized species-level outcomes, leaving a gap in our understanding of how
acoustic patterns relate to landscape structure and ecosystem health. In this study, we address this
gap by comparing multiple methodological pipelines that combine dimensionality reduction and
unsupervised clustering for large-scale soundscape characterization. Our goal is to explore how these
approaches reveal spatial organization in the acoustic environment and to provide tools for interpreting
the composition and distribution of clusters from an ecological perspective.

Our work is based on and motivated by recent efforts to explore soundscape patterns through
unsupervised analysis. For example, [12] used acoustic indices to perform spatial exploration of
soundscapes within the same study area examined here. Their work emphasized the value of un-
supervised learning and evaluated clustering outputs through comparisons with species detections,
spectrograms, and the spatial distribution of acoustic indices, highlighting how soundscape-level
structure can emerge without relying on taxonomic annotation. Similarly, [13] proposed an unsuper-
vised framework that leverages passive acoustic monitoring data and network inference to examine
acoustic heterogeneity across landscapes. By characterizing biophonic patterns through the use of
sonotypes they constructed site level profiles and applied graphical models to infer ecological interac-
tions. Their graph-based approach allowed them to represent similarities among sites and capture
acoustic diversity in heterogeneous environments.

On the other hand, although autoencoders have been widely adopted in other fields such as
bioinformatics [14], cybersecurity [15], anomaly detection [16], and even remote sensing and landscape
monitoring applications [17,18], they remain relatively underused in ecoacoustics. Notable exceptions
include the work by [19], who proposed a vector-quantized autoencoder for generating synthetic
audio of underrepresented species, and [20], one of the earliest studies to explore autoencoders as
an alternative to acoustic indices for clustering short audio recordings. Additionally, in our previous
work [21], we evaluated unsupervised learning using a variational autoencoder in comparison with
cepstral coefficients and a convolutional architecture known as KiwiNet, highlighting the potential of
deep unsupervised representations for soundscape analysis. However, our current work distinguishes
itself from the studies mentioned above and from our previous research in several key aspects: (i) we
conduct an in-depth evaluation of the dimensionality reduction and clustering stages, emphasizing the
importance of parameter selection through both quantitative metrics and qualitative analyses; (ii) we
thoroughly assess the relationship between the discovered patterns and ecological attributes derived
from metadata, particularly emphasizing spatial structure; and (iii) we propose a novel methodology
to identify acoustically connected geographic locations based on the similarity of their recordings, an
aspect that, to our knowledge, has not been explicitly addressed in previous ecoacoustic studies.
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2. Materials and Methods
2.1. Dataset Description

The dataset used in this study was obtained from passive acoustic recordings collected within the
Rey Zamuro and Matarredonda Private Nature Reserve, located in the village of La Novilla, San Martín
municipality, Meta Department, Colombia (approximately at 3◦34′40′′N, 73◦26′49′′W). Established in
1993, the reserve spans an area of 6,000 hectares, predominantly composed of natural savannas and
introduced pastures (around 60 %), while the remaining 40 % consists of forest cover [12]. The area is
part of the tropical humid foothill biome of the Meta region, with elevations ranging between 260 and
300 meters above sea level. It lies near the confluence of three hydrographic basins: Caños Cumaral,
Chunaipo, and Camoa [22].

The reserve harbors a variety of ecosystems. Forested areas include gallery or riparian forests that
line streams and rivers, functioning as critical biological corridors and refuges for fauna within the
savanna matrix. In particular, approximately 1,200 hectares of dense, well-conserved forest are found
in the Matarredonda sector. Seasonally flooded forests of the várzea or igapó type are also present and
are ecologically important, especially for primate species that frequently utilize canopy strata between
12 and 18 meters in height [23].

The savanna complex consists of multiple formations, including ecologically significant
morichales—wetlands dominated by the palm Mauritia flexuosa—which are known to support a wide
variety of fauna. Acoustic monitoring was also conducted in other non-forest habitats such as dense
shrublands, grasslands, and pasturelands. The ecological interface between open savanna habitats
and forest patches, particularly the gallery forests that cut across the landscape, is regarded as a key
component in sustaining regional biodiversity and ecological functionality.

The climate in this region is classified as humid tropical, with a mean annual temperature of
25.6 ◦C and an average annual precipitation of approximately 2,513 mm. Sunrise occurs around
6:06 a.m., and sunset around 6:05 p.m., resulting in roughly 12 hours of daylight year-round.

The acoustic recordings were obtained through a grid-based sampling design, deploying 94 Au-
dioMoth devices (versions 1.0.0 to 1.2.0) spaced 200 m apart. Devices were mounted at a standardized
height of 1.5 m above ground, enclosed in Ziploc bags for protection, and powered by AA alkaline
batteries, using 32 GB Sandisk Extreme memory cards for data storage. Recordings were captured in
mono at a sampling rate of 192,000 Hz, covering various habitats including forest interiors, edges, and
open areas [12].

Figure 1 shows the geography of the study site and the points where the acoustic recorder units
were located.

2.2. Methods

To characterize the soundscape of the Zamuro and Matarredonda dataset, we employed three sets
of features derived from distinct methodological approaches: acoustic indices, embeddings extracted
from the VGGish neural network, and a convolutional autoencoder architecture previously proposed
in our earlier work [24]. This methodology builds upon our previous study regarding the charac-
terization and clustering of large-scale ecoacoustic datasets. While the general processing pipeline
remains consistent in terms of feature extraction and representation, the present work introduces key
improvements in the projection stage, incorporating more recent dimensionality reduction techniques
and optimized parameter configurations. The primary contribution of this study lies in the enhanced
analysis and interpretation of results, particularly in revealing spatial and compositional patterns of
the acoustic landscape.

All analyses and feature extraction methods were implemented using Python 3.10 with the
following key libraries: scikit-maad v1.3 [25], TensorFlow v2.8 for VGGish embeddings, and PyTorch
v1.13 for autoencoder implementation.
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Figure 1. Geographic location of the Rey Zamuro and Matarredonda Private Nature Reserve showing the
distribution of 94 AudioMoth recording devices across different habitat types. The map illustrates the sampling
grid with 200m spacing between devices across forest, savanna, and pasture areas.

2.2.1. Acoustic Indices

Acoustic indices are computational descriptors extracted from audio signals to summarize ecolog-
ical, biological, and anthropogenic patterns within soundscapes. In this study, we computed a total
of 60 acoustic indices using the scikit-maad toolbox [25], which provides a comprehensive suite of
features derived from different analysis domains.

The indices were calculated using a sliding window approach across each audio file. For each
window, all indices were computed and then averaged across time, resulting in a single representative
value per index for each recording. This approach ensures robustness and comparability across the
dataset.

The indices span three main categories: temporal, spectral, and time-frequency. Temporal indices
are derived directly from the audio waveform and describe amplitude-based dynamics over time,
such as envelope variation, energy, and entropy. Spectral indices focus on the distribution of signal
energy across frequency bands and are calculated from the signal’s frequency representation, capturing
properties such as spectral entropy, centroid, and bandwidth. Time-frequency indices combine both
temporal and spectral information, and are computed via the Fast Fourier Transform (FFT), which
enables the construction of spectrograms and the analysis of complex acoustic structures, such as
modulations and transients.

These indices are particularly useful for large-scale ecoacoustic monitoring because they offer
a compact and interpretable way to quantify soundscape dynamics without the need for manual
annotation. For instance, the Acoustic Complexity Index (ACI) is often used to estimate the level of
biological activity in an environment by detecting variations in intensity over short time scales. The
Normalized Difference Soundscape Index (NDSI) distinguishes between biotic and anthropogenic
sound components, while the Acoustic Diversity Index (ADI) reflects frequency band occupancy,
potentially serving as a proxy for species richness. By combining multiple indices, it is possible to
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generate multidimensional acoustic signatures that can reveal spatial and temporal patterns related to
biodiversity, habitat quality, and ecological change.

2.2.2. VGGish Embeddings

The second method relies on the use of VGGish, a convolutional neural network pre-trained on
the large-scale AudioSet dataset [26]. VGGish operates on log-mel spectrogram representations and
extracts 128-dimensional feature embeddings that are known to capture perceptually relevant infor-
mation from environmental audio. Each audio segment was transformed into a log-mel spectrogram
and fed through the VGGish model to extract compact and transferable feature representations for
downstream analysis. VGGish processes audio in 0.96-second segments with 50% overlap, generating
log-mel spectrograms with 64 frequency bins covering 125-7,500 Hz. The pre-trained weights from
AudioSet provide robust feature extraction for environmental audio analysis.

2.2.3. Autoencoder Feature Extraction

Autoencoders are a class of deep neural networks designed for unsupervised feature learning
by compressing input data into a lower-dimensional latent space and then reconstructing it. In our
analysis, we reused a previously proposed architecture tailored for the characterization of soundscapes.

Let x ∈ RD be an input vector, representing a spectrogram segment. The encoder function
ϕθ : RD → Rd maps x into a latent vector z, where d < D. Conversely, the decoder function
ψθ′ : Rd → RD reconstructs the input, producing x̂ = ψθ′(ϕθ(x)).

The objective of the model is to minimize the reconstruction error between the input x and its
approximation x̂, typically through the Mean Squared Error (MSE) loss function. The training process
involves optimizing the encoder and decoder parameters (θ, θ′) such that:

θ∗, θ′∗ = arg min
θ,θ′

1
n

n

∑
i=1

∥∥∥x(i) − ψθ′

(
ϕθ(x(i))

)∥∥∥2

2
(1)

This formulation ensures that the latent representation z captures the most informative patterns
from the input data in a compact form. Once trained, the encoder is used to extract feature embeddings
from the entire dataset, enabling subsequent dimensionality reduction and clustering analysis.

In our case, we used the same convolutional autoencoder architecture proposed in our previous
work [24]. The network comprises a symmetric structure: four convolutional layers in the encoder
and four deconvolutional layers in the decoder, each followed by ReLU activation functions, except
for the final layer, which uses a sigmoid function. The latent space has a dimensionality of 5.184,
corresponding to 64 × 9 × 9, derived from the number of output channels and the residual spatial
dimensions after the encoding path.

2.2.4. Feature Projection and Dimensionality Reduction

To explore and visualize patterns in the high-dimensional feature spaces, we employed two widely
used dimensionality reduction techniques from the state of the art: Uniform Manifold Approximation
and Projection (UMAP) and Pairwise Controlled Manifold Approximation and Projection (PaCMAP).
Both methods are nonlinear manifold learning techniques that aim to preserve relevant structural
relationships from the original feature space in a lower-dimensional embedding, typically R2 or R3.

UMAP is based on Riemannian geometry and fuzzy topological representations [27]. It constructs
a high-dimensional weighted graph where each edge represents the probability that two points are
connected, then optimizes a low-dimensional embedding by minimizing the cross-entropy between the
high- and low-dimensional fuzzy simplicial sets. Formally, the optimization minimizes the following
loss:

LUMAP = ∑
(i,j)

w(h)
ij log

w(h)
ij

w(l)
ij

+ (1 − w(h)
ij ) log

1 − w(h)
ij

1 − w(l)
ij

, (2)
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where w(h)
ij and w(l)

ij represent the edge weights in the high- and low-dimensional graphs, respectively.
PaCMAP [28] is a more recent technique that has shown improved performance in preserving

both global and local structures, particularly in dense datasets. It introduces a more balanced approach
by defining three types of pairwise relationships: near pairs, mid-near pairs, and further pairs. The
method minimizes a loss function combining these distances with dynamically adjusted weights:

LPaCMAP = ∑
near

d2
ij

d2
ij + a

+ wmid ∑
mid

d2
ij

b + d2
ij
+ wfar ∑

far

1
c + d2

ij
, (3)

where dij is the Euclidean distance between points i and j in the low-dimensional space, and a, b, and c
are fixed constants that shape the contribution of each term. The weights wmid and wfar are updated
over iterations to emphasize local or global structure during different phases of optimization.

PaCMAP has shown to be especially effective for ecoacoustic data, yielding compact and well-
separated groupings even in highly dense datasets, thereby facilitating the identification of latent
structure in soundscape representations.

2.3. Evaluation of Embeddings projections

To quantitatively evaluate the quality of the low-dimensional representations obtained through
UMAP and PaCMAP, we used the trustworthiness metric [29]. This metric assesses how well the local
structure of the original high-dimensional space is preserved in the lower-dimensional embedding.
Unlike clustering or classification metrics, trustworthiness does not require ground-truth labels, making
it especially appropriate for ecoacoustic datasets where annotations are often unavailable [30].

Mathematically, given a dataset with n points, let X = {x1, x2, ..., xn} denote the original high-
dimensional data and Y = {y1, y2, ..., yn} its low-dimensional embedding. For each point xi, define the
set of its k-nearest neighbors in the original space as NX

i , and similarly NY
i for the embedding space.

The trustworthiness T(k) is defined as:

T(k) = 1 − 2
nk(2n − 3k − 1)

n

∑
i=1

∑
j∈Uk

i

(ri,j − k) (4)

where:

• Uk
i = {j : j ∈ NY

i and j /∈ NX
i } is the set of points that are among the k nearest neighbors of yi in

the embedding but not among the k nearest neighbors of xi in the original space.
• ri,j is the rank of point xj in the ordered list of distances from xi in the original space.

Intuitively, trustworthiness penalizes points that are neighbors in the embedding but not in the
original space, weighting the penalty according to how far these points actually are in the original
space. A value of T(k) = 1 indicates perfect preservation of neighborhood structure up to k, while
lower values indicate distortions.

2.3.1. Clustering Methods

To analyze the structure of the low-dimensional embeddings generated via UMAP and PaCMAP,
we employed two clustering techniques: K-Means and DBSCAN (Density-Based Spatial Clustering of
Applications with Noise). K-Means is a partitioning algorithm that divides the dataset into k clusters
by minimizing the intra-cluster variance. The optimization criterion for K-Means is defined as:

LKMeans =
k

∑
i=1

∑
x∈Ci

∥x − µi∥
2, (5)

where Ci denotes the i-th cluster, x a data point assigned to that cluster, and µi the centroid of Ci.
While K-Means is efficient, it assumes isotropic clusters and requires prior knowledge of the number
of clusters k, which may not align with the complexity of large ecoacoustic datasets.
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In contrast, DBSCAN is a density-based clustering algorithm that identifies clusters as regions of
high point density. It defines clusters based on two main parameters: a neighborhood radius ε > 0,
and a minimum number of points MinPts required to form a dense region. Given a dataset D, the
ε-neighborhood of a point p ∈ D is defined as:

Nε(p) = {q ∈ D | ∥p − q∥ ≤ ε}, (6)

where ∥p − q∥ is typically the Euclidean distance between p and q. If the cardinality of this
neighborhood satisfies |Nε(p)| ≥ MinPts, then p is considered a core point. A cluster is formed by
connecting all core points that are density-reachable either directly or indirectly through chains of
neighboring core points. Points not reachable from any core point are labeled noise or outliers.

Given the size and nature of our dataset, consisting of approximately 53.000 projected feature
vectors, DBSCAN offers notable advantages over K-Means. Its ability to discover arbitrarily shaped
clusters and to automatically ignore outliers makes it particularly effective for high-density het-
erogeneous data. These conditions are often met in ecoacoustic datasets, especially when using
dimensionality reduction techniques like PaCMAP, which tend to create compact and dense groupings
in the embedded space. In this context, DBSCAN can robustly identify natural groupings without
requiring the specification of the number of clusters beforehand.

Although HDBSCAN, a hierarchical extension of DBSCAN, was considered in early stages of
the study, it was ultimately excluded due to its high computational cost. Moreover, HDBSCAN did
not produce significantly different clustering results from DBSCAN when qualitatively evaluated by
visual inspection of the projections. As such, DBSCAN was chosen as the most suitable density-based
clustering method for this analysis.

For the dimensionality reduction and clustering stages, we performed an exhaustive grid search
over the parameter space of each method. For the projection techniques (UMAP and PaCMAP), we
varied parameters such as the number of neighbors and ratios to far and mid-near pairs. For clustering
algorithms (K-Means and DBSCAN), we explored a range of values for k (number of clusters in
K-Means), ε (neighborhood radius), and MinPts (minimum points for DBSCAN). This optimization
process was guided by metadata available in the dataset, including the time of recording, time-of-day
categories (e.g., morning, afternoon, night), and geographic location of each recording unit. These
metadata served as surrogate labels to qualitatively assess the coherence of clusters and separability in
the projected spaces.

To further refine the selection of optimal parameters for DBSCAN, we implemented the use of
reachability plot, a diagnostic tool derived from the ordering of points based on density-connectivity.
This plot helps to visualize the density structure of the data set and identify potential cluster bound-
aries.

Mathematically, the reachability distance between a point p and a core point o is defined as:

ReachDistε(p, o) = max(CoreDistε(o), ∥p − o∥), (7)

where CoreDistε(o) is the distance from o to its MinPts-th nearest neighbor. For all points in the
dataset, the reachability distances are computed relative to the order in which the DBSCAN algorithm
visits them.

The reachability plot then displays these distances along the traversal order. The valleys in the
plot correspond to dense regions (i.e., potential clusters), while the peaks indicate sparser areas or
boundaries between clusters. By inspecting this plot, we identified appropriate values for ε and MinPts
that revealed consistent and interpretable cluster structures, especially in combination with the dense
groupings produced by the PaCMAP projection. This approach provided an intuitive and data-driven
way to optimize clustering parameters in complex high-density ecoacoustic datasets.
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2.3.2. Density Peak-based Validation of Clusters (DPVC)

To support the evaluation of DBSCAN clustering results in the low-dimensional PaCMAP space,
we developed a custom validation approach inspired by density peak clustering principles, which we
term Density Peak-based Validation of Clusters (DPVC). This metric quantifies the compactness of each
detected cluster by measuring the average distance of its members to the most locally dense point
within the cluster, referred to as the density peak.

Let X = {x1, x2, . . . , xn} denote the set of embedded data points, and let C = {C1, C2, . . . , Ck}
represent the k clusters obtained by DBSCAN, excluding noise. For each point xi ∈ X, we estimate its
local density ρi as the average Euclidean distance to its k nearest neighbors. Formally,

ρi =
1
k

k

∑
j=1

d(xi, xij), (8)

where xij is the j-th nearest neighbor of xi, and d(·, ·) denotes Euclidean distance.
For each cluster Cj, we identify its density peak pj as the point with the smallest local density:

pj = arg min
xi∈Cj

ρi. (9)

Then, we compute the mean distance of all points in Cj to the density peak pj:

DPVCj =
1

|Cj| ∑
xi∈Cj

d(xi, pj). (10)

Finally, the overall DPVC score is defined as the average of the per-cluster scores:

DPVC =
1
k

k

∑
j=1

DPVCj. (11)

This score captures the internal compactness of clusters relative to their densest region, making it
well-suited for validating density-based clustering outcomes in non-linear embedding spaces. Lower
DPVC values indicate tighter and more coherent clusters.

2.3.3. Connectivity and graph construction

To explore the relationships between acoustic recordings and their spatial origins, we constructed
two types of graphs: one based on the proximity of audio embeddings, and another representing
connections between recording devices.

First, a k-nearest neighbors graph was created using the low-dimensional PaCMAP projection
of the acoustic features. Given a set of n acoustic samples {xi}n

i=1 embedded in Rd, a graph Gaudio =

(V, E) was constructed such that each node vi ∈ V corresponds to a sample xi, and an undirected edge
(vi, vj) ∈ E exists if xj is among the k = 1 nearest neighbors of xi in Euclidean space.

Each acoustic sample is associated with a recorder identified by a label li ∈ L, where L is the
set of unique recorders. Using the sample-level graph Gaudio, we defined a recorder-level graph
Grec = (L, E′), where each node corresponds to a recorder, and an edge (li, lj) ∈ E′ was added if there
exists at least one edge in Gaudio connecting samples from recorders li and lj. The weight wij of each
edge was the count of such cross-recorder edges:

wij =
∣∣{(xp, xq) ∈ E | lp = li, lq = lj, li ̸= lj}

∣∣. (12)
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To normalize edge strengths, a softmax transformation was applied per node. The softmax
normalization was only applied to nodes with at least one neighbor. For a node li with neighbors
N (li), the weights {wij} were transformed as:

w̃ij =
ewij

∑lk∈N (li) ewik
. (13)

Finally, all edges with w̃ij < 0.75 were removed to retain only the strongest normalized con-
nections. This resulted in a sparsified graph representing dominant acoustic similarities between
locations.

3. Results and Discussion
For experiments, we processed the dataset using only recordings without rainfall. Noisy data and

recordings with significant rain content were removed using the methodology described in [31]. This
pre-processing step ensured that subsequent analyses focused only on biologically and ecologically
informative acoustic content, avoiding to find patterns and clusters biased by noisy data. After
removing rainfall data, as part of the pre-processing pipeline, we implemented a custom data loader
that resamples the original recordings from 192,000 to 22,050 Hz. This sampling rate was chosen
because it encompasses the range of human-audible frequencies and retains most of the ecologically
relevant acoustic information present in typical soundscapes. Each recording was then segmented into
five non-overlapping 12-second clips. For each segment, a spectrogram was computed following the
procedure illustrated in Figure 2.

Convolutional ReLU

Fully-connectedDeconvolutional

515x515x1

170x170x8

9x9x64

515x515x1

55x55x16

18x18x32

1x1x5184
9x9x64

18x18x32
55x55x16

170x170x8

Original Signal (192000 Hz)

Downsampling (22050 HZ) Audio Segmentation (12 seconds)

Spectrogram Computation

Autoencoder Neural Network

Figure 2. Audio processing pipeline before feature extraction. The original audio recordings are downsampled
from 192,000 Hz to 22,050 Hz. Each recording is then segmented into five 12-second segments. For each segment,
a spectrogram is computed. Batches of these spectrograms are subsequently fed into the autoencoder network.
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We performed feature extraction using the baseline methods: VGGish embeddings and acoustic
indices, according to the methodology described in Section 2.2. These two approaches served as
standardized representations for capturing the spectral and temporal properties of the soundscape.

For autoencoder feature extraction, we trained a vanilla convolutional autoencoder using 20% of
the dataset among ten epochs. The architecture, illustrated in Figure 2, consists of an encoder with four
convolutional layers interleaved with Rectified Linear Unit (ReLU) activations, followed symmetrically
by a decoder comprising four transposed convolutional (deconvolutional) layers, also with ReLU
activations, except for the final layer, which uses a sigmoid activation to produce the reconstructed
output.

To evaluate the performance and generalizability of the model, we monitored the Mean Squared
Error (MSE) on a subset of tested held out during training and visually inspected the reconstructed
spectrograms. The embedding space was obtained by flattening the output of the final convolutional
layer in the encoder, producing a representation of 5184 dimensions (64× 9× 9), where 64 corresponds
to the number of filters and 9 × 9 to the spatial resolution after the encoding stages. This low-
dimensional representation served as the input for subsequent clustering and projection analyses.

The analysis of the experimentation and results was structured into the following components:
feature projection, clustering, acoustic component identification through indices, spatial pattern analy-
sis, and finally, evaluation of data connectivity. While the primary focus of this work is unsupervised
exploration, the reliability of such analysis fundamentally depends on the ability of the model to
extract meaningful and interpretable features. To assess the representational quality of the extracted
features, we conducted a supervised learning evaluation using habitat cover type labels as a reference
standard, allowing a comparative assessment of the described feature extraction methods.

Multiclass classification using cover type and time metadata as labels

For the Rey Zamuro dataset, three habitat cover classes were defined: forest (19.4%), pasture
(57.7%), and savanna (22.7%). This classification task presents two main challenges: the multiclass
nature of the problem and the class imbalance, particularly due to the overrepresentation of pasture
samples. Although forest and savanna are relatively balanced with respect to each other, the dominance
of pasture introduces bias in the learning process.

To assess the discriminative power of the feature representations extracted from each method,
we conducted a supervised classification task using a Random Forest (RF) classifier. The dataset was
partitioned into two non-overlapping subsets: 80% of the total samples were allocated for training,
and the remaining 20% were reserved exclusively for testing. This partitioning was performed using
stratified sampling to preserve the class distribution across both sets. The training set was used to
fit the classifier and assess performance during model development, while the test set was held out
entirely during training and only used for final evaluation to measure generalization capability.

The Random Forest classifier was configured with a fixed maximum tree depth of 16 and a random
seed of 0 to guarantee reproducibility and consistency across experiments. Classification performance
was then quantified using standard evaluation metrics including accuracy, macro-averaged F1-score,
and recall, allowing us to systematically compare how well each representation captured ecologically
meaningful distinctions between landscape types.

Initially, the classification was performed on the entire dataset of 53.275 samples. Although this
approach is not computationally demanding, it lacks statistical robustness to assess generalization. To
address this, we implemented an alternative evaluation strategy by partitioning the dataset according
to the day on which each sample was recorded. This resulted in thirteen independent subsets, enabling
day-wise classification and allowing for the assessment of metric variability across temporal segments.
However, for each day-dataset, we conserved 80% of the data for training and 20% for evaluation. The
results, summarized in the box plot presented in Figure 3, show that the features extracted using the
autoencoder consistently achieved the highest scores in all evaluation metrics, thereby demonstrating
superior representational capacity and robustness.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 August 2025 doi:10.20944/preprints202508.0808.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202508.0808.v1
http://creativecommons.org/licenses/by/4.0/


11 of 35

Autoencoders VGGish Acoustic Indices

0.5

0.6

0.7

0.8

0.9

1.0

Sc
or

e

Accuracy
F1 Score
Recall

Figure 3. Performance comparison of feature extraction methods on habitat classification across thirteen sampling
days. The boxplots represent the distribution of (a) accuracy, (b) F1-score, and (c) recall obtained using Random
Forest classifiers trained on features extracted by acoustic indices, VGGish, and autoencoder embeddings. The au-
toencoder consistently outperforms the other methods, demonstrating higher median scores and lower variability,
indicating improved representational quality and robustness.

To quantitatively evaluate the differences in classification performance among the feature extrac-
tion approaches, we conducted non-parametric statistical tests on three evaluation metrics: accuracy,
F1 score, and recall. The Friedman test was used to assess whether there were significant differences
across the three methods—autoencoders (AE), VGGish (VGG), and acoustic indices (AI). When sig-
nificant differences were detected (p < 0.05), pairwise comparisons were further examined using the
Wilcoxon signed-rank test. Table 1 summarizes the results of these tests. The Friedman test revealed
statistically significant differences across methods for all three metrics (p < 0.001). Post hoc Wilcoxon
comparisons indicated that the autoencoder-based features significantly outperformed both VGGish
and acoustic indices in most cases, particularly in comparisons involving AE vs VGG and AE vs
AI. These results support the conclusion that the features extracted via autoencoders encode more
discriminative information relevant to the classification of habitat cover types.

Table 1. Statistical test results for performance metrics using cover types as labels in a multiclass classification
approach. Significant p-values are marked as * (p < 0.05), ** (p < 0.01), and *** (p < 0.001).

Metric Test Comparison Statistic p-value

Accuracy Friedman AE, VGG, AI 20.182 0.00004***

Accuracy Wilcoxon AE vs VGG 0.000 0.0010***

Accuracy Wilcoxon AE vs AI 1.000 0.0020**

Accuracy Wilcoxon VGG vs AI 0.000 0.0010***

F1 Score Friedman AE, VGG, AI 20.182 0.00004***

F1 Score Wilcoxon AE vs VGG 0.000 0.0010***

F1 Score Wilcoxon AE vs AI 1.000 0.0020**

F1 Score Wilcoxon VGG vs AI 0.000 0.0010***

Recall Friedman AE, VGG, AI 20.182 0.00004***

Recall Wilcoxon AE vs VGG 0.000 0.0010***

Recall Wilcoxon AE vs AI 1.000 0.0020**

Recall Wilcoxon VGG vs AI 0.000 0.0010***
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Similarly, we investigated the use of temporal metadata as classification labels, given that several
studies have demonstrated significant variations in soundscape composition across different times
of day. Temporal dynamics in acoustic environments are crucial for understanding species behavior,
activity patterns, and ecosystem processes [32,33]. For instance, diurnal and nocturnal shifts in vocal
activity influence the acoustic community structure, which can be effectively captured and analyzed
through time-resolved soundscape data [34]. Incorporating time-of-day information enables a more
detailed characterization of ecological patterns and enhances the interpretability of unsupervised
clustering and feature extraction methods.

Figure 4 presents boxplots summarizing the classification performance across thirteen sampling
days, segmented into three distinct time-of-day intervals: dawn (05:00–08:00), day (08:00–17:00), and
night (17:00–05:00). This temporal segmentation aligns with recent studies in Colombia [1,35], that
consider the equatorial location, which results in minimal seasonal variation in sunrise and sunset
times. This division captures relevant diel patterns in acoustic activity and aligns with ecological
processes and animal behavior commonly observed in neotropical soundscapes [34].

Autoencoders VGGish Acoustic Indices
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Figure 4. Performance comparison of feature extraction methods on time-of-day classification across thirteen
sampling days. The classification was performed using three temporal segments: dawn, midday, and dusk. The
boxplots represent the distribution of (a) accuracy, (b) F1-score, and (c) recall obtained using Random Forest
classifiers trained on features extracted by acoustic indices, VGGish, and autoencoder embeddings.

A similar statistical evaluation was conducted for the classification performance across the three
temporal segments: dawn, day, and night. The results, summarized in Table 2, show a consistent
pattern with the habitat cover classification. The Friedman test again revealed statistically significant
differences among the feature extraction methods for all metrics (p = 0.00004). Subsequent Wilcoxon
signed-rank tests confirmed that autoencoder features significantly outperformed both VGGish and
acoustic indices across accuracy, F1 score, and recall. Of particular note is the AE vs AI comparison,
which yielded a Wilcoxon statistic of 1.000 and a p-value of 0.0020, indicating a nearly systematic
advantage of the autoencoder.
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Table 2. Statistical test results for performance metrics using three range of hours as labels. Significant p-values
are marked as * (p < 0.05), ** (p < 0.01), and *** (p < 0.001).

Metric Test Comparison Statistic p-value

Accuracy Friedman AE, VGG, AI 16.909 0.0002***

Accuracy Wilcoxon AE vs VGG 0.000 0.0010***

Accuracy Wilcoxon AE vs AI 0.000 0.0010***

Accuracy Wilcoxon VGG vs AI 20.000 0.2783
F1 Score Friedman AE, VGG, AI 15.273 0.0005***

F1 Score Wilcoxon AE vs VGG 0.000 0.0010***

F1 Score Wilcoxon AE vs AI 1.000 0.0020**

F1 Score Wilcoxon VGG vs AI 13.000 0.0830
Recall Friedman AE, VGG, AI 14.364 0.0008***

Recall Wilcoxon AE vs VGG 0.000 0.0010***

Recall Wilcoxon AE vs AI 1.000 0.0020**

Recall Wilcoxon VGG vs AI 18.000 0.2061

Low dimensional feature embedding and clustering

In this section, we detail the entire unsupervised procedure. As illustrated in Figure 5, the process
begins with data characterization using acoustic indices and embeddings which are then projected into
a low-dimensional space using state of the art methods that have demonstrated strong performance
across diverse data types. Clustering is subsequently performed to uncover patterns across multiple
dimensions and ecological aspects of the landscape. Finally, we analyze the results through multiple
strategies: first, by examining the spatial structure of each cluster via interpolation of features at each
sampling point; second, by interpreting the most relevant acoustic patterns using acoustic indices; and
third, by proposing a method to estimate connectivity between locations, using the connectivity of
individual recordings as a proxy. Each component of the process is described in detail below.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 August 2025 doi:10.20944/preprints202508.0808.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202508.0808.v1
http://creativecommons.org/licenses/by/4.0/


14 of 35

Data acquisition Featuring

Results and
Interpretability

Spatial Patterns Connectivity Acoustic Patterns

Feature Projection*

Autoencoders

UMAP

KMeansDBSCAN

PaCMAP

Clustering*

Acoustic Indices

* Optimized process

Figure 5. Overview of the proposed unsupervised methodology. Feature extraction is performed using autoen-
coders, with acoustic indices included as a comparative baseline. The resulting embedding spaces are projected
using PaCMAP and UMAP. These projections are then clustered by combining DBSCAN with PaCMAP and
KMeans with UMAP. Finally, the evaluation scheme comprises three main components: spatial pattern analysis,
comparative analysis using acoustic indices, and a novel connectivity approach based on acoustic similarity.

To investigate the underlying structure of the acoustic landscape, we employed two non-linear
dimensionality reduction techniques such as Uniform Manifold Approximation and Projection
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(UMAP) and Pairwise Controlled Manifold Approximation Projection (PaCMAP). These methods
have demonstrated robust performance in preserving both local and global topological structures in
high-dimensional data [28,36], making them particularly suitable for ecoacoustic applications where
temporal, spectral, and spatiotemporal patterns coexist in complex ways. We did not perform analyses
directly in the original feature space for several reasons: (1) recent studies emphasize the value of
low-dimensional visualizations for enhancing interpretability and facilitating expert-driven ecological
insights [37,38]; (2) processing in the original 5184-dimensional space significantly increases computa-
tional demands, reducing the feasibility of applying the method in practical or large-scale ecological
contexts; and (3) as demonstrated in our previous work [24], the difference in pattern detection per-
formance between using the original space and its low-dimensional projection is marginal, further
supporting the use of dimensionality reduction as a reliable and efficient alternative.

We placed particular emphasis on a thorough exploration of the parameter space for both di-
mensionality reduction and clustering, aiming to enhance the reliability and interpretability of the
low-dimensional embeddings. Unlike previous studies in ecoacoustics and bioacoustics, which often
apply default or minimally adjusted parameters in dimensionality reduction and clustering techniques
(e.g., [30,39]), we performed a detailed grid search to systematically assess how hyperparameter
choices affect the structure and separability of the resulting data representations. This is a critical
yet frequently overlooked aspect, as recent work has shown that parameter sensitivity in methods
like UMAP or PaCMAP can significantly influence the topology of the low-dimensional space and,
consequently, the ecological interpretations drawn from these embeddings [40].

For quantitative evaluation, Figures 6(a).I and 6(a).II present the quality assessment of low-
dimensional embeddings generated by UMAP and PaCMAP, respectively. We employed the trust-
worthiness metric, which evaluates the consistency between high-dimensional neighborhoods and
their representations in the reduced space without relying on class labels or prior clustering. This
makes it particularly appropriate for ecoacoustic datasets, where annotated ground truth is typically
unavailable or limited. For UMAP (Figure 6(a).I), the configuration with the highest trustworthiness
score used a neighborhood size of 75 and a minimum distance of 0.01. For PaCMAP (Figure 6(a).II),
the optimal configuration used a neighborhood size of 75, a mid-scale neighbor ratio of 0.5, and a far
neighbor ratio of 20.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 August 2025 doi:10.20944/preprints202508.0808.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202508.0808.v1
http://creativecommons.org/licenses/by/4.0/


16 of 35

a) Line plot of the Trustworthiness Metric

b) Projections of the Sub-Sampled Dataset

Figure 6. Evaluation and visualization of low-dimensional embeddings generated by UMAP and PaCMAP. (a)
Trustworthiness scores computed for a grid of parameter configurations in each method. The highest score for
UMAP was achieved with 75 neighbors and a minimum distance of 0.01. For PaCMAP, the optimal configuration
was 75 neighbors, a mid-scale neighbor ratio of 1.5, and a far neighbor ratio of 20. (b) Final low-dimensional
projections of the dataset (subsampled), using the selected hyperparameters.

To analyze latent structures in the low-dimensional embeddings, we applied two commonly used
unsupervised clustering algorithms, KMeans and DBSCAN, which offer complementary perspectives.
KMeans assumes spherical and evenly spaced clusters, optimizing intra-cluster compactness, whereas
DBSCAN identifies clusters based on local density, allowing it to detect arbitrarily shaped groupings
and exclude noise. Based on the geometric characteristics of the embeddings, we paired UMAP with
KMeans and PaCMAP with DBSCAN. UMAP tends to produce globally coherent layouts that align
with the centroid-based partitioning of KMeans, facilitating the separation of data into compact and
uniformly distributed clusters. In contrast, PaCMAP often results in high-density, tightly grouped
regions with flexible spacing, which aligns well with DBSCAN’s density-based detection mechanism.
This strategic pairing allowed us to better exploit the strengths of each clustering algorithm in accor-
dance with the topological properties induced by the respective projection method, yielding more
interpretable and ecologically meaningful groupings in the ecoacoustic dataset.

To evaluate the clustering results, we used three internal validation metrics for the KMeans and
UMAP combination, i.e., Silhouette Coefficient, Davies–Bouldin Index, and Calinski–Harabasz index.
Following an initial global evaluation to identify promising parameter configurations, we performed
a per-day analysis to examine the consistency and reproducibility of the clustering structures across
different temporal subsets. This approach ensured that the selected combinations of the dimensionality
reduction and clustering methods yielded stable and interpretable groups throughout the entire
dataset. However, after a deeper analysis of the results, we found that the Silhouette Coefficient
and Davies–Bouldin Index did not consistently favor a specific cluster configuration throughout
the study days when observing temporal trends of the metrics versus the number of clusters. To
address this variability, we employed a boxplot-based visualization (Figure 7) to summarize the
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distribution of scores for each metric on all days. This visualization revealed a pronounced trend in the
Calinski-Harabasz index, which favored a larger number of clusters, while the Silhouette Coefficient
and Davies–Bouldin Index exhibited less consistent behavior, although these metrics displayed a
local optimum around 9 clusters, indicated by a local maximum in the Silhouette score and a local
minimum in the Davies-Bouldin index (where lower values reflect better-defined clusters). Notably,
the Calinski–Harabasz index also exhibited a sharp inflection after 9 clusters, suggesting this value as
a feasible choice for the number of clusters. This result was unexpected, as it suggests a higher degree
of ecological and acoustic heterogeneity compared to our previous assumption. Although ecoacoustic
features are known to reflect various spatiotemporal dynamics and frequency-dependent behaviors
associated with species composition and environmental structure (e.g., [7,39]), the emergence of 9
distinct clusters suggests that the learned acoustic representations are capturing latent ecological
patterns that transcend superficial spatial, temporal, or spectral distinctions. This underscores the
potential of unsupervised clustering on low-dimensional embeddings as a powerful tool for revealing
nuanced ecoacoustic structure within complex soundscapes.
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Figure 7. Summary of KMeans clustering performance across different numbers of clusters using internal
validation metrics. Each subplot shows a boxplot distribution of scores among days for a given number of
clusters. (a) Silhouette Coefficient, where higher values indicate more cohesive and well-separated clusters; (b)
Davies–Bouldin Index, where lower values indicate better clustering quality; and (c) Calinski–Harabasz Index,
where higher values suggest better-defined cluster structure.

For the evaluation of parameter configurations using DBSCAN with PaCMAP, we extended the
analysis beyond the internal metrics previously described by incorporating two additional methods
specifically designed for density-based clustering algorithms. The first was the reachability plot, a visual
tool commonly used with the OPTICS algorithm. This plot represents the reachability distances of
points in the order they are processed, allowing the identification of cluster structures as valleys or
drops in the curve, while flat regions typically indicate noise or transitions between clusters. Its main
advantage lies in offering a flexible exploratory view of the data’s density structure without relying on
a fixed density threshold.

In addition, we developed a custom procedure inspired by the principles of density peak clus-
tering, which we refer to as Density Peak-based Validation of Cluster (DPVC). This method begins by
estimating the local density of each point using the average distance to its k nearest neighbors. Then,
for each cluster, the density peak is identified as the point with the highest local density (i.e., the
smallest average distance to its neighbors). The DPVC score for a given cluster is computed as the
mean distance of all points in the cluster to this density peak. The final DPVC value is obtained
as the average of these scores across all non-noise clusters. This metric provides an indication of
within-cluster compactness and proved particularly useful for validating DBSCAN results in non-
linear spaces like those produced by PaCMAP, where traditional centroid-based metrics may fail to
accurately capture cluster organization.

As shown in Figure 8, the reachability plots for days 5, 6, and 7 show deep and well-separated
valleys, indicating the presence of well-structured groups. This is an important condition for the
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Figure 8. Reachability plots for PaCMAP-embedded data across different sampling days.

application of density-based clustering methods such as DBSCAN, as such valleys reflect dense
regions that are clearly separated by lower-density transitions. Additionally, for the selection of
the ε parameter based on reachability distance, it can be observed that the most prominent valleys
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consistently appear above a distance of 2, suggesting this as a feasible value. Consequently, we selected
ε = 2 for DBSCAN in our experiments. To support this choice, we also applied the DPVC (Density
Peak-based Validation of Clusters) metric, which confirmed that the selected configuration of ε = 2
and minPts = 300 produced compact and coherent clusters in the PaCMAP-embedded space. This
validation is consistent with recent advances in adaptive density-based clustering, which highlight
the importance of tuning parameters such as ε and minPts in datasets with heterogeneous density
structures [41]. Furthermore, modern reviews of density peak clustering methods support the use of
local density-based validation criteria such as DPVC to evaluate cluster cohesion [42].

The figure also shows the reachability plots for all sampling days. A consistent clustering
structure is visible on most days, with a clear anomaly in days 3 and 13. These deviations can
be explained by incomplete sampling, as these days correspond to the deployment or removal of
recording devices in the field. As a result, fewer audio samples were available, leading to sparser
representations in the PaCMAP space and fewer detectable clusters. This highlights the importance
of the completeness of the data when applying this methodology to spatial or temporal subsets. In
such cases, a reduced sampling rate can significantly alter the low-dimensional representation and,
consequently, the clustering outcomes.

Soundscape Spatial Pattern Analysis

From this point onward, we present the results analysis based on the previously described strate-
gies, using their respective optimal parameter configurations. The analysis is structured into three
main components. First, we conduct a spatial analysis based on the acoustic similarity revealed by the
clustering results, allowing us to examine how soundscape patterns are distributed geographically.
Second, in order to discern the specific acoustic patterns captured by each proposed method, we
perform an index-based analysis. This step identifies the dominant acoustic indices contributing to
the clustering structure and examines their ecological relevance. Lastly, we introduce an approach to
explore geographic connectivity by evaluating the acoustic similarity among locations, thus highlight-
ing potential ecological links or discontinuities in the acoustic landscape. This analytical framework
enables a multifaceted examination of soundscape structure and facilitates the interpretation of the
proposed methodology in relation to ecologically meaningful attributes. While the supervised classifi-
cation experiments demonstrate high discriminative power using available labels such as habitat cover
and time-of-day ranges, the core objective of the unsupervised framework is to uncover latent acoustic
patterns beyond predefined class labels. Nevertheless, in the final stage of the analysis (focused on
acoustic connectivity) we incorporate the habitat cover classes to interpret the similarity between
geographically distinct sites. This integration allows us to validate the ecological relevance of the
uncovered acoustic structures while preserving the exploratory nature of the unsupervised approach.

The clustering and projection analyses presented earlier were conducted with the objective of sup-
porting the subsequent study of soundscape patterns while reducing the uncertainty associated with
the configuration and parameterization of the methods. As demonstrated previously, these parameters
significantly influence the outcome and therefore the interpretation of the acoustic landscape. In this
section, we focus on spatial analysis, aiming to investigate whether the identified acoustic clusters are
geographically concentrated in specific areas or if they share similar soundscape features across the
landscape. This analysis leverages the design of the sampling protocol in the Zamuro Natural Reserve,
which was based on a structured grid layout. This design enables spatial reasoning and interpretation
by providing systematic coverage of the study area.

For spatial pattern analysis, we used the cluster assignments obtained from both proposed
methodologies, i.e., UMAP combined with KMeans, and PaCMAP combined with DBSCAN. For each
of the 93 recording sites, we computed the number of audio samples belonging to each cluster. This
allowed us to quantify the degree of association between each site and each acoustic group, revealing
the extent to which certain soundscape patterns dominate specific areas. Cluster-site associations
serve as the foundation for exploring spatial acoustic structure in the reserve. These proportions of
cluster membership, based on the number of audio samples assigned to each cluster per site, were
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used to represent the sampling points geographically and to perform an interpolation procedure. This
allowed us to visualize: (1) how the clusters are spatially distributed across the landscape, and (2)
the degree of similarity among locations based on their acoustic characteristics. In addition to the
two clustering approaches previously described, this interpolation analysis was also performed using
the characterization based on acoustic indices. The inclusion of this third approach aims to enhance
interpretability, as acoustic indices capture relevant temporal and spectral dynamics of the recordings
[43,44], thus providing a meaningful reference framework for the interpretation of emerging spatial
patterns, as noted in previous studies [45,46].

Figure 9 shows the resulting spatial distribution of the clusters using the PaCMAP projection
combined with DBSCAN clustering, we computed and represented the information as a heat map. In
the heat map, it is possible to observe both broadly distributed patterns across the landscape, such
as those represented by clusters 2 and 4, and clusters that are more concentrated in specific areas,
such as clusters 3, 6, and 9. These results suggest that certain acoustic patterns are widespread and
occur under a variety of environmental or habitat conditions, while others are limited to particular
zones, potentially linked to localized ecological features. This spatial contrast supports the idea that
the clustering approach captures both general and site-specific soundscape structures, providing
valuable insights into the acoustic organization of the study area. In addition, lateral patterns can
be observed in certain clusters, such as cluster 1, which is concentrated toward the left side of the
sampling area, and cluster 7, which appears more frequently on the right side. In contrast, no evident
trends appear along the vertical (north–south) axis of the grid. As mentioned previously, the sampling
design was implemented using a spatial grid, making this type of analysis appropriate for interpreting
how soundscape variation occurs longitudinally or latitudinally. In this case, the observed patterns
suggest stronger acoustic differentiation along the longitudinal gradient of the landscape.

Similarly, we extracted heat maps for the clustering methodology using UMAP and KMeans, as
well as for the characterization based on acoustic indices. As a result, we identified several spatial
patterns that were shared between the deep embedding-based methods (i.e., Soundscape-Net repre-
sentations) and the clustering derived from acoustic indices. This finding is relevant in two main ways.
First, it confirms that the deep neural network embeddings effectively capture landscape-level patterns
that are also perceptible through classical ecoacoustic approaches. Second, this alignment contributes
to enhancing the interpretability of the results, thereby supporting interdisciplinary collaboration with
biologists and ecologists by bridging data-driven acoustic representations with ecologically meaningful
indicators.

Figure 10 shows a direct comparison of spatial heat maps derived from the clustering outputs
of the three evaluated methods. The columns correspond to the three approaches: autoencoder
embeddings with KMeans–UMAP, autoencoder embeddings with DBSCAN–PaCMAP, and acoustic
indices with KMeans, while each row displays a representative cluster selected from each method.
Several clusters exhibit similar spatial patterns across the methods. For example, in the first row, a
cross-shaped pattern appears in the upper left part of the grid (covering rows 3 to 6 of the recorder
layout) and is consistently detected by both autoencoder-based methods and the acoustic index-based
approach. Moreover, the lower central region of the grid shows activity for the same clusters, with
a higher degree of similarity between the two deep learning-based methods, although the pattern is
still observable in the acoustic indices. Similarly, in the second and third rows of Figure 10, shared
spatial patterns can also be observed. The second row displays a more consistent cluster distribution
across the three methods, indicating a stable acoustic pattern that emerges regardless of the feature
extraction or clustering technique applied. In contrast, the third row exhibits clusters with high spatial
variability, which shows less agreement between methods. This variability may reflect more complex
or localized acoustic dynamics, making the clusters in this case more sensitive to the characteristics of
the embedding space or the clustering algorithm used.

One key advantage of using UMAP in combination with autoencoders is that UMAP provides
a transformation that allows inverse mapping from the low-dimensional embedding back to the
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Figure 9. Spatial distribution of acoustic clusters across the Zamuro Natural Reserve using PaCMAP projection
and DBSCAN clustering. Each panel represents a heat map corresponding to one of the nine clusters. Color
intensity indicates the relative number of audio samples associated with that cluster at each recording site.

original feature space, unlike PaCMAP which does not have this functionality. This reversibility
function enables the use of the decoder component of the autoencoder to reconstruct representative
spectrograms for each cluster based on the corresponding embeddings, as can be seen in Figure 11. In
the context of ecoacoustic analysis, this capability is particularly valuable as it allows us to identify the
dominant frequency patterns associated with specific clusters and map them spatially. This offers a
direct link between abstract latent representations and their interpretable acoustic content, enhancing
both the explanatory power of the model and its ecological relevance.

Acoustic Indices Distribution Among Clusters

To gain deeper insight into the ecological patterns captured by each method, we computed
acoustic indices for all audio samples within each cluster. We then calculated the variance of each
index among clusters to identify which indices have more variability between the groups. This
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Figure 10. Comparison of spatial distributions between the different clustering pipelines. Red boxes highlight
areas where spatial overlap or similarity is observed between methods.

allowed us to determine which acoustic indices are most relevant for characterizing and discriminating
between soundscape clusters. Figure 12 shows the acoustic indices with the highest variance for both
autoencoder-based methods and the baseline method using purely acoustic indices, facilitating a direct
comparison. For autoencoder based methods, the Normalized Difference Soundscape Index (NDSI)
showed the highest inter-cluster variance. The NDSI quantifies the balance between biological and
anthropogenic acoustic activity by comparing the energy in biophonic frequency bands (typically
2–8 kHz) to that in anthropophonic bands (1–2 kHz) [47,48]. Higher values indicate a dominance of
natural sound sources over human-made noise, making it a strong indicator of ecological integrity. In
contrast, for the baseline clustering derived from acoustic indices, the Acoustic General Index (AGI)
exhibited the highest variance across clusters. The AGI is a composite metric that integrates spectral
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Figure 11. Spatial distributions and decoded spectrograms for four selected clusters derived from UMAP
projections and autoencoder embeddings. Each panel shows the heat map of cluster presence across the sampling
grid (left) and the corresponding representative spectrogram reconstructed from the autoencoder latent space
(right). This decoding enables the identification of dominant frequency bands associated with each cluster,
facilitating the interpretation of their ecological and acoustic significance.

entropy, signal-to-noise ratio, and frequency content to describe the overall complexity and richness
of the soundscape [49]. These results highlight how different features—whether derived from deep
embeddings or direct signal-based descriptors—emphasize the distinct ecological dimensions of the
acoustic environment.

Another index that consistently appeared among the highest variance features across all three
approaches was the Gamma Spectral Entropy (Hγ). This metric captures spectral entropy by modeling
the energy distribution of the signal using a gamma function, effectively reflecting the complexity
and irregularity of the frequency spectrum. Similar to the Normalized Difference Soundscape Index
(NDSI), which measures the proportion of biophonic to anthropophonic activity, Hγ is sensitive to
acoustic heterogeneity, and higher values typically indicate a richer, more diverse soundscape. The
presence of this index in both deep learning–based and traditional approaches suggests that it plays a
key role in capturing ecologically meaningful variations in soundscape composition.

Additionally, we observed specifically in the autoencoder-based clustering using DBSCAN that
there is an influence of highly correlated features. For example, pairs such as the Low-Frequency
Equivalent Level (LEQf) and the Total Equivalent Level (LEQt), which both measure sound energy at
different temporal or spectral resolutions, or entropy-based indices like the Frequency Entropy (H f ) and
Paired Shannon Entropy (HpairedShannon), often contributed simultaneously to inter-cluster variability.
This redundancy may affect the sensitivity of density-based clustering methods, as DBSCAN is
influenced by local density estimates that can be biased by overlapping information in the feature
space. These findings underscore the importance of considering feature redundancy and correlation
when combining handcrafted ecoacoustic metrics with unsupervised learning techniques.

Moreover, Figure 13 shows a heatmap of the mean values of the top ten acoustic indices for each
cluster and method. While the previous analysis identified the indices with the highest contribution to
the clustering process, this visualization helps to understand how these indices vary across clusters and
methods, providing more context for interpreting cluster composition. For example, the Normalized
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Figure 12. Comparison of the acoustic indices with the highest inter cluster variance for both autoencoder based
clustering (left) and baseline clustering using acoustic indices (right).

Difference Soundscape Index (NDSI) shows high values in most clusters, especially under the AE
DBSCAN-PaCMAP method. This suggests that many of these clusters represent soundscapes with a
high proportion of biophonic activity relative to anthropophonic noise. In contrast, the AI KMeans
method shows generally low values for most indices across all clusters, except for Cluster 2, where
all indices reach high values. This pattern indicates that Cluster 2 is acoustically distinct and may
represent a particular environmental condition.

Another relevant observation is related to the Background Noise Floor (BGNf), which remains
high in most clusters but is notably low in Cluster 2. This suggests a significant difference in ambient
noise levels for this cluster compared to the rest, which could be linked to differences in habitat type or
human presence (principal indices description is shown in the Appendix A, Table A1). In general, these
heat maps complement the variance-based analysis by showing how each index behaves in clusters,
helping to interpret the ecological meaning of each group more clearly. Together, these heat maps
offer an ecologically interpretable perspective on cluster composition, facilitating the identification of
acoustic signatures that characterize each group and strengthening the utility of unsupervised learning
in landscape-scale eco-acoustic monitoring.

Soundscape Connectivity Based on Audio Features

In this work, we approach the concept of connectivity from an engineering perspective, identi-
fying links between recording sites based on the similarity of their acoustic profiles. Locations with
comparable acoustic behavior are assumed to share key ecological and environmental characteristics,
such as vegetation structure, species assemblages, or proximity to hydrological elements detected
acoustically through geophonic signatures. Although landscape connectivity is traditionally defined
as the degree to which the landscape facilitates or impedes the movement of organisms among re-
source patches [46,50,51], our interpretation focuses on spatial consistency and propagation of acoustic
patterns, rather than species dispersal.

Recent studies have highlighted the ecological relevance of acoustic environments as indicators
of landscape integrity [46,52], and have shown that soundscapes can encode meaningful ecological
information, including structural attributes, biological diversity, and environmental processes [41,53].
From this perspective, the acoustic similarity between sites can reflect not only shared biological or
physical sources of sound but also deeper characteristics in the ecological configuration. This approach
complements classical notions of connectivity and enhances the potential of acoustic monitoring by
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Figure 13. Mean values of the top 10 acoustic indices per cluster for each analysis methodology.
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Day 4 Day 5

Day 6 Day 7

Figure 14. Examples of acoustic connectivity graphs for Days 4, 5, 6, and 7, constructed using PaCMAP projections
and a threshold-based nearest neighbor approach.

exposing spatial patterns within the biophonic, geophonic, and anthropophonic components of the
soundscape [45,54,55].

For the analysis of acoustic pattern similarity using connectivity, we leveraged the high-
dimensional embedding space generated by the autoencoder. In contrast to previous approaches
that built graphs directly in low-dimensional space, here we constructed connectivity graphs based
on nearest neighbors in the original feature space to preserve the intrinsic structure of the learned
acoustic representations. Using this high-dimensional representation, we constructed an undirected
graph by connecting each node to its nearest neighbor using a k-nearest neighbor graph (k = 1),
effectively capturing the most acoustically similar recordings. This process was performed both for
each individual day and for the entire dataset, allowing us to assess connectivity patterns at multiple
temporal scales.

To visualize these relationships, we applied PaCMAP with the parameter configuration previously
described, projecting the embeddings into a two-dimensional space. The resulting graph layout
retained the connectivity structure derived from the original high-dimensional space while enabling
spatial interpretation of similarity patterns across samples. This strategy allows us to explore acoustic
connectivity with greater fidelity, as the graph is informed by the full representation learned by
the neural network, while the PaCMAP projection provides an interpretable spatial embedding for
visualization and pattern recognition. Figure 14 shows the connectivity graphs for a selection of
sample days, illustrating how acoustically similar recordings are linked based on their proximity in
the original autoencoder feature space.

However, since interpreting the connections directly in the feature space can be difficult and
would require inspecting individual samples to understand their links, we used these connections as a
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proxy to explore how acoustic similarity is reflected in the physical space of the Rey Zamuro reserve.
Figure 15 shows the resulting graph, where recorder locations are represented as nodes and edges
indicate acoustic similarity derived from the high-dimensional autoencoder space. The background
includes the land cover classification, showing forest, pasture, and savanna, to provide ecological
context.

As expected, many connections appear between nearby sites with similar land cover types,
confirming the method’s ability to capture ecologically consistent acoustic patterns. However, we also
observed several long-range connections between sites with the same cover type, suggesting that this
graph-based representation is particularly effective in identifying spatial relationships that are not
constrained by geographic proximity. This offers a complementary perspective to the interpolation-
based approach presented earlier, which, while useful for highlighting general spatial trends, may
introduce interpretive bias by emphasizing local continuity. In contrast, the connectivity analysis
reveals both local and distant associations, providing a more direct view of the underlying acoustic
structure. Furthermore, connections between dissimilar land cover types (such as the link between
RZUA10 and RZUE12, and RZUH04 and RZUF12) illustrate that acoustically similar conditions can
emerge across heterogeneous environments, underscoring the capacity of this method to uncover
nuanced ecological dynamics across the landscape.

4. Conclusions
This work presents an unsupervised framework for soundscape analysis that integrates deep

representation learning, dimensionality reduction, clustering, and spatial exploration. One of the key
aspects of our approach was the careful and systematic optimization of parameters for both projection
and clustering methods. Rather than relying on default values, we performed an extensive grid search
to evaluate the impact of hyperparameters on the structure and interpretability of the results, an often
overlooked step in ecoacoustic studies.

A particularly striking result was the emergence of nine clusters across both unsupervised
pipelines (UMAP + KMeans and PaCMAP + DBSCAN), despite their methodological differences.
This consistency suggests that the acoustic landscape in our study area is structured around diverse
and well-defined patterns. Moreover, the number of clusters exceeds what could be expected from
an analysis based solely on spatial, temporal, or spectral properties, indicating that our method
captures a combination of multiple ecological and acoustic dimensions. We also proposed the use of
spatial interpolation to map the distribution of clusters across the landscape. Although interpolation
in soundscape studies can be controversial, our use of a grid-based sampling design provided the
spatial consistency needed to support this technique and interpret longitudinal and latitudinal trends
in acoustic variation. The inclusion of acoustic indices further enhanced our ability to interpret the
clusters, showing that macro-scale landscape patterns are associated with ecologically relevant features.
Notably, indices such as the Normalized Difference Soundscape Index (NDSI) and the H-Gamma
appeared consistently across methods and are linked to biophonic richness and biodiversity gradients.

On the other hand, we recognize the value that more detailed metadata or even species-level
annotations would bring to the interpretation and validation of our results. However, the datasets
available for this study do not include such granular ecological labels. This limitation is, in fact, a
common challenge in ecoacoustic research and one of the key motivations for developing and evaluat-
ing methodologies that leverage general metadata (such as time, location, and land cover) since they
are consistently available on ecoacoustic datasets. This approach also promotes broader applicability
and reproducibility on different ecological contexts. Nonetheless, the proposed methodology and
processing pipeline are openly available and designed to be adaptable. We encourage researchers
working with more detailed ecological datasets to build upon our framework. Such collaborations
may enhance the applicability and validation of the approach, contributing to the development of
more robust ecoacoustic analysis methods across diverse environmental contexts.
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Figure 15. Acoustic connectivity graph projected onto the physical layout of the Rey Zamuro reserve. Nodes
represent recorder locations, and edges indicate acoustic similarity based on high-dimensional autoencoder
embeddings. The background layer displays land cover types (forest, pasture, and savanna), providing ecological
context. While several connections occur between nearby sites with similar cover types, long-range links are
also present, revealing spatial acoustic patterns that extend beyond geographic proximity. This graph-based
approach complements interpolation methods by highlighting both local and distant acoustic relationships across
the landscape.

Finally, we introduced a novel method for analyzing acoustic connectivity, transitioning from
similarity graphs in a high-dimensional feature space to interpretable spatial connections among
physical recording sites. This allowed us to detect not only local relationships but also long-range
acoustic similarities that might reflect ecological structure or shared sound sources. By bridging
engineering-based techniques with ecological interpretation, this approach opens opportunities for
interdisciplinary analysis and supports the development of scalable tools for landscape monitoring.

Overall, our findings demonstrate that unsupervised deep learning, when combined with thought-
ful design and multi-layered analysis, can offer powerful insights into the organization of complex
soundscapes. This methodology contributes to the growing need for data-driven, label-free approaches
in ecoacoustics and provides a foundation for future work in biodiversity assessment, habitat monitor-
ing, and conservation planning.
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Appendix A

Table A1. More relevant acoustic indices found by the proposed methods in the results analysis and discussion.

Abbr. Full Name Description (Variants) Reference

ACI Acoustic Complexity Index Measures variation in intensity over time within frequency
bands; reflects biotic activity. Temporal and spectral vari-
ants exist.

[56]

ACTcount Active Segment Count Count of active segments in time/frequency. [57]

ACTfraction Active Fraction Proportion of signal above energy threshold. Exists in time
and spectral forms.

[57]

ACTspMean Mean Active Spectral Width Mean bandwidth of active spectral segments. Temporal
variant: ACTtMean.

[57]

AEI Acoustic Evenness Index Energy evenness using Gini index. [58]

AGI Acoustic Generalized Index Composite of multiple indices for biodiversity proxy. [25]

BGN Background Noise Ambient noise level. Estimated in time or frequency. [59]

ECU Entropy of Cumulative Spectrum Cumulative entropy across frequency bins. [25]

ENRF Spectral Energy Ratio Ratio of energy in frequency bands. [58]

EPS Entropy of Power Spectrum Entropy of power spectral density. Variants include
EPS_SKEW and EPS_KURT.

[60]

H_gamma Gamma Entropy Entropy modulated by gamma; measures distribution com-
plexity.

[61]

H_pairedShannon Paired Shannon Entropy Shannon entropy for co-occurring components. [61]

Hf Spectral Entropy Entropy of energy across frequencies. Time-domain variant:
Ht.

[61]

KURT Kurtosis Peakedness of amplitude/frequency distribution. Time and
frequency variants.

[25]

LEQ Equivalent Continuous Level Averaged sound pressure level. Variants exist in time and
frequency.

[60]
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Abbr. Full Name Description Reference

NDSI Normalized Difference Soundscape Index Compares biological vs anthropogenic energy.
Time/frequency variants exist.

[60]

RAOQ Rao’s Quadratic Entropy Biodiversity metric accounting for trait dissimilarity. [62]

SNR Signal-to-Noise Ratio Signal vs noise energy ratio. Temporal and spectral forms
exist.

[63]
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