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Abstract: Ecoacoustics examines the interactions between soundscapes, ecological pro-
cesses, and anthropogenic disturbance. Acoustic communication is crucial for wildlife,
making noise pollution a key factor in shaping biodiversity, though its effects are also
modulated by habitat characteristics. In this work, we assess the influence of highway
noise and vegetation structure on the soundscape and avian distribution of the Moriano
oxbow lake (Bereguardo, PV, Italy), a Site of Community Importance in the Ticino Valley Re-
gional Park. A two-week monitoring campaign (April 2022) used eight recorders arranged
in a grid to analyze soundscape dynamics through eight ecoacoustic indices (ACI, ADI,
AEI, BI, NDSI, H, DSC, ZCR). Vegetation surveys quantified tree diversity and structural
parameters such as basal area, height, stem density, biomass, and leaf cover. Correlation
analyses revealed that Quercus robur abundance and tree diversity significantly influenced
the acoustic environment, while bird richness correlated positively with vegetation biomass
and Quercus robur presence. Highway proximity was a key structuring factor, with indices
(ADI, H, NDSI, ACI) increasing with distance. These findings underscore the dual role of
noise and vegetation in shaping soundscapes and highlight the importance of incorporating
habitat features into ecoacoustic assessments to better understand biodiversity patterns in
anthropized landscapes.

Keywords: ecoacoustics; soundscape; traffic noise; vegetation survey; habitat structure;
bird community

1. Introduction
Sound is a fundamental yet often overlooked component of ecosystems, shaping the

behavior, distribution, and interactions of organisms that produce and perceive it. How-
ever, increasing anthropogenic noise is altering natural soundscapes worldwide, posing
emerging threats to biodiversity and ecosystem function. Soundscape ecology has therefore
emerged as a crucial field to investigate these dynamics, analyzing the interplay between
biological, anthropogenic, and geophysical sound sources across spatial and temporal
scales [1]. In this context, the concept of soundscapes has become an essential tool to under-
stand how human activities disrupt natural acoustic patterns and interact with biotic and
abiotic components of ecosystems, with implications for species communication, habitat
selection, and ecosystem resilience. This multidisciplinary approach makes it possible to
monitor the health of ecosystems, identify sources of acoustic stress, and assess the impact
of sound dynamics on the organism’s present [2]. Understanding how vegetation mediates
the effects of anthropogenic noise is essential for biodiversity conservation, especially in
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fragmented or peri-urban forest ecosystems that are increasingly exposed to human pres-
sures. Birds in particular rely heavily on acoustic communication, and chronic exposure to
noise can disrupt mating, territorial defense, and foraging behavior, ultimately leading to
shifts in community composition. Identifying how landscape structure can mitigate these
effects provides crucial insights for developing more effective management strategies in
the face of increasing anthropization.

The soundscape of a place is shaped by a series of factors. For instance, vegetation has
a crucial role in modulating the sound environment, influencing not only sound propaga-
tion but also the interactions between living organisms [3]. Several studies have shown
that vegetation structure, tree cover density, and diversity can significantly model the
soundscape of an area, modifying the refraction and absorption of sound waves [4]. The
interaction between anthropogenic noise and vegetation structure is crucial in shaping the
soundscape. Vegetation not only affects sound propagation but also modulates the impact
of noise on biodiversity, particularly for species like birds that depend on acoustic signals
for communication. In addition, vegetation should be considered as it plays a crucial role
in providing nesting and feeding sites for bird communities; these roles need to be taken
into account when assessing the impact of anthropophonic noise on bird communities.
Studying soundscape dynamics in anthropized landscapes presents unique challenges
due to the overlap of natural and anthropogenic sound sources, the spatial and temporal
variability of human activities, and the heterogeneity of land use. These factors make it
difficult to isolate biotic acoustic patterns and often obscure the ecological signals of interest.
In addition, anthropogenic noise can mask or alter important biological sounds, making it
difficult to assess ecosystem health or species abundance using passive acoustic methods.
Addressing these issues requires careful study design at an appropriate scale and a robust
methodological framework capable of disentangling overlapping signals. However, the
relationships between soundscape and vegetation are complex and differ significantly
according to the environmental contexts, including the presence of anthropogenic distur-
bances. Indeed, a better understanding of the anthropogenic component impacts requires
local-scale studies to be adequately dimensioned to consider the landscape role. Despite
increasing attention to the role of vegetation in shaping the acoustic environment, previous
research has largely focused on either sound propagation mechanisms or biodiversity
responses, often neglecting the integrated analysis of forest structure and anthropogenic
noise. Furthermore, few studies have investigated these dynamics at the local scale, where
landscape heterogeneity and human pressures interact in complex ways. This study aims
to address this gap by combining ecoacoustic metrics with detailed structural vegetation
analysis to investigate how forest characteristics influence soundscape composition and
the spatial distribution of avian communities in anthropized forest ecosystems.

To deal with this complexity, the use of ecoacoustic indices has gained popularity in
recent years. These quantitative metrics simplify the analysis of the soundscape, focusing on
different sound characteristics [5], allowing for the assessment of specific acoustic features
and providing a more comprehensive picture of the environment’s complexity [6]. In fact,
the use of multiple indices allows the acquisition of more specific information regarding
different aspects of sound, such as sound pressure, sound quality, and directionality; it
enables the adaptation of analyses to specific application needs, such as the assessment
of environmental noise or sound quality; and it reduces the likelihood to obtain a non-
exhaustive or biased interpretation of the sound environment [7].

The main objective of this study is to investigate how vegetation structure modulates
soundscape composition in forested ecosystems exposed to different levels of anthropogenic
disturbance, with a particular focus on the spatial distribution of avifauna. By integrating
ecoacoustic indices with forest structural variables, this research aims to identify patterns
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and potential thresholds in noise–vegetation–fauna interactions. These findings can inform
future ecoacoustic assessments by highlighting the importance of considering vegetation
attributes when interpreting acoustic data, especially in contexts where human activity
is present. Ultimately, the study contributes to the development of more accurate and
context-sensitive tools for biodiversity monitoring and conservation planning.

The structure of the paper is organized to reflect the logical flow of the research.
Section 2 outlines the study area and the methods used for data collection and analysis.
The ecoacoustic survey is described first, including instrumentation, index calculation,
and statistical analyses. This is followed by the vegetation assessment, which details the
estimation of structural parameters and tree biomass, as well as the analysis of vegetation
variables. The final part of the Section examines the correlations between acoustic indices
and vegetation metrics. Section 3 presents the main results, while Section 4 discusses
the results in the context of the existing literature. Section 5 concludes the paper by
summarizing the main findings and implications of the study.

2. Materials and Methods
2.1. Study Area

The study area is located near the Moriano oxbow lake, within the Ticino Valley Re-
gional Park, near Bereguardo (PV). The Moriano oxbow lake is a meandering wetland
formed by the natural evolution of the Ticino River. Although partially isolated from the
current river flow, it remains hydrologically and ecologically connected to the surround-
ing river system. Oxbow lakes such as Moriano are important for the conservation of
biodiversity as they provide refuges for aquatic and semi-aquatic species and contribute
to the ecological complexity of riverine landscapes. The area is set in the north-western
Pavia province, along the left bank of the Ticino River, at the end of the Naviglio canal of
Bereguardo (Figure 1a). This region covers a surface area of approximately 39 hectares
and includes a significant portion of the floodplain, as well as the Ticino valley depression
and the adjacent low plain. The main anthropogenic element influencing the area is the
A7 highway (Figure 1a, in red), known as the “Autostrada dei Giovi”, which is one of
the principal arterial roads connecting two main urban centers: Milan to Genoa. This
infrastructure has a significant impact both acoustically and ecologically, contributing to
noise pollution and fragmentation of the natural habitat [8].
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Figure 1. (a) Map of the study area at the Moriano oxbow lake in the Ticino Valley Regional Park,
Bereguardo, highlighting the A7 highway (in red) as the main source of anthropogenic disturbance.
(b) Study area divided into three spatial bands: band A (sites 1, 2, 3) and band B (sites 4, 5, 6) located
within the oxbow, and band C (sites 7, 8, 9) positioned nearer the highway. The pink and orange dots
represent different recording instruments, while the red dot indicates the instrument lost during the
monitoring campaign.



Sustainability 2025, 17, 4204 4 of 29

The area is part of the Site of Community Importance (SIC) IT2080014 “Basso Corso e
Sponde del Ticino”, designated for its valuable natural habitats and the presence of species
of community interest. In particular, the area supports a mosaic of habitats including
riparian woodland, gravel bar vegetation, dry grassland, and aquatic and hygrophilous
herbaceous communities. These habitat types support a wide range of fauna including
amphibians, birds, and invertebrates of conservation concern. The ecological heterogeneity
and transitional nature of the oxbow lake environment reinforce its role as a biodiversity
hotspot within the Park. These habitats and species are vital for preserving biodiversity at
the European scale. Conservation measures focus on protecting these habitats, restoring
species populations, and promoting sustainable ecosystem management in accordance
with the European Commission’s Habitats Directive (92/43/EEC) [9].

2.2. Ecoacoustic Measurement Campaign

Nine measurement sites distributed along a regular grid and covering different habitat
types were chosen as the study area, highlighting the importance of environmental hetero-
geneity [10]. The disposition of the sites was designed to align the measuring instruments
parallel to the main source of disturbance, represented by the A7 highway. This spatial
subdivision makes it possible to capture both the environmental variability and the gradual
transition between the environments closest to the anthropogenic disturbance and those
located within the oxbow. To minimize the potential effects of spatial autocorrelation,
the sites were selected not based on spatial proximity, but rather to represent a gradient
of anthropogenic disturbance and vegetation types. This approach allowed for a more
robust analysis of soundscape dynamics while reducing the risk of spatial redundancy and
ensuring variability across the sampling points.

The measurement grid comprises three distinct bands (Figure 1b): Band A (sites 1, 2,
and 3), situated within the oxbow; Band B (sites 4, 5, and 6), also within the oxbow but
farther from the river; and Band C (sites 7, 8, and 9), positioned outside the oxbow near
the highway. This configuration allows for a more precise assessment of the impact of
anthropogenic noise generated by vehicle traffic on the surrounding ecosystem. The exact
coordinates of the sampling sites, recorded in WGS84 format, are provided in Table 1.

Table 1. Geographic coordinates and habitat characteristics of the sampling sites in the study area
(WGS84 format).

Site ID Latitude (◦N) Longitude (◦E) Habitat Characteristics

Sito 1 452′371′234 90′229′544 Fragmented patch of exotic bamboo species
Site 2 452′380′494 90′239′421 Mixed broadleaf vegetation, near a clearing
Site 3 452′387′879 90′246′892 Mixed broadleaf vegetation, near a clearing
Site 4 452′363′020 90′261′236 Dense mixed vegetation structure
Site 6 452′377′732 90′273′191 Sparse oak woodland
Site 7 452′353′633 90′288′446 Closest to the oxbow lake
Site 8 452′360′432 90′294′009 Near forestry area
Site 9 452′368′756 90′298′826 Near forestry area

From the acoustic point of view, temporal sampling was structured on long-term
monitoring periods, distributed over several seasons. For each season, recordings were
made for two consecutive weeks, according to the following scheme: 1 min of continuous
recording; 5 min of break.

In the context of this article, the data analyzed derive from the 2022 spring campaign,
which took place from April 13th to 27th. Parallel to the acoustic recordings, field surveys
were conducted to characterize the forest structure.
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2.3. Measurement Devices

Nine audio recording devices were used for the study, in particular: eight Song
Meter Micro (SMM, measurement sites no. 1–8) by Wildlife Acoustic and a Soundscape
Explorer Terrestrial (SET, measurement site no. 9) developed by Lunilettronik. Both types
of recorders were programmed to operate at a sampling rate of 48 kHz.

SMM recorders have a single microphone with a maximum sampling frequency of
96 kHz. The sensitivity of the entire signal transmission chain (i.e., microphone, amplifier,
and analogue-to-digital converter) is 2 dBV ± 4 dBV relative to 1 Pa at 1 kHz Full-Scale,
measured using a gain of +18 dB. Although this type of device is suitable for long-term
recordings in natural environments, it has a non-linear frequency response, which can
affect the accuracy of acoustic analyses. During a spectral analysis of the recordings, a
Direct Current (DC) offset was found in the SMM devices, with the exception of the device
installed at site 6. This problem, which introduces a DC component into the audio signal,
can alter the waveform and affect the spectrographic analysis of the signal. In particular,
the offset creates a peak in the first frequency bin, distorting the spectral energy distribution
and affecting the calculation of ecoacoustic indices. The removal of the DC offset was
essential to ensure the correctness of subsequent analyses; this was achieved by calculating
the mean value of the audio signal and subtracting the offset from each sample, realigning
the waveform around the ideal mean value of zero [11]. This procedure aligns with the
mean estimation method, one of the most commonly employed strategies for DC offset
correction in periodic-discrete signals [12]. The adoption of this technique guarantees
adherence to established IEEE signal processing standards and has been validated for
ecoacoustic applications in studies such as Potenza et al. (2023) [11].

The SET device, on the other hand, is a programmable recorder equipped with two
microphones with a maximum sampling frequency of 48 kHz and 192 kHz, respectively,
and several environmental sensors (capable of measuring parameters such as humidity,
temperature, brightness, and atmospheric pressure), having a near-flat frequency response
up to 6 kHz. The microphone has a sensitivity of −28 dBV ± 3 dBV relative to 1 Pa at
1 kHz.

As regards the vegetation area, a Canon EOS model M50 MARK II camera equipped
with a fisheye lens was used to assess the leaf coverage of the measurement area.

2.4. Soundscape Characterization
2.4.1. Calculation of Ecoacoustic Indices

Ecoacoustic indices were used to monitor the soundscapes and quantify acoustic dy-
namics within the study area. These indices facilitate the distinction between natural and
anthropogenic sounds, providing concise and reliable metrics to assess the relationships be-
tween the soundscape and the biological and ecological components of the environment [13].

In this study, the calculation of ecoacoustic indices was carried out using the R pro-
gramming language, through the packages ‘tuneR’, ‘seewave’, and ‘soundecology’, tools
specially designed for the analysis of audio data in the scientific domain [14]. The spectral
analysis of the signals was performed using the Fast Fourier Transform (FFT), with a win-
dow of 1024 points. This provides a spectral resolution of 46.87 Hz, which is considered
optimal for obtaining a detailed and accurate analysis of the recorded acoustic components.

Considering the complexity of sound ecosystems, the use of a single ecoacoustic in-
dex would be insufficient for an exhaustive understanding of the studied environment.
Therefore, a multi-index methodology was adopted in this research, including eight ecoa-
coustic indices, each capable of capturing different aspects of the soundscape [7]. The
indices selected are: the Acoustic Complexity Index (ACI) [15], the Acoustic Diversity In-
dex (ADI) [16], the Acoustic Evenness Index (AEI) [16], the Bioacoustic Index (BI) [17], the
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Normalized Difference Soundscape Index (NDSI) [18], the Acoustic Entropy (H) [19], the
Dynamic Spectral Centroid (DSC) [15], and the Zero Crossing Rate (ZCR) [20]. We selected
these acoustic indices due to their frequent application in recent ecoacoustic studies, across
a variety of contexts including general soundscape research [21], natural ecosystems [22],
and urban environments [23]. This choice reflects their proven ability to capture comple-
mentary dimensions of acoustic complexity, biodiversity, and anthropogenic disturbance in
different ecological settings.

The parameters used to calculate them, such as minimum and maximum frequency
and sound intensity threshold (dB), were chosen to focus the analysis on the biophonic
component of the soundscape [24]. The methodological process involved the selection of a
day with suitable meteorological conditions, in which there was no significant precipitation
and the wind speed was moderate, to avoid meteorological interference on the recordings.
Subsequently, the analysis was divided into three specific time bands: dawn, character-
ized by increased bird activity; sunset, a period associated with courtship behavior or
territorial defense of certain species; and an intermediate time band to compare acoustic
variations [25].

To identify the minimum biophonic frequency (corresponding to the maximum fre-
quency of the anthropogenic noise), we examined the spectrograms of the recordings using
the frequency visualization property of the Kaleidoscope software. This frequency was
determined based on the presence of only anthropogenic noise, thus eliminating all traces
of biophony.

The maximum frequency was determined through the identification of the avifaunal
species present in the field, using the limited distance point count method [26]. The songs
of each species were obtained from the Xeno-Song database [27], and the maximum species-
specific frequencies were identified using Audacity [28]. The highest frequency found
among the detected species was chosen as the maximum value for the calculation of the
ecoacoustic indices.

For the processing of the ADI and AEI indices, the original scripts [29] were modified
to include the minimum frequency as a parameter, in line with the approach used for
other indices, such as ACI, BI, NDSI, and DSC, which already take this parameter into
consideration. This improved the sensitivity of the indices to changes in the soundscape,
resulting in a more accurate representation of ecoacoustic dynamics.

The acoustic diversity and uniformity indices also require the inclusion of a sound
intensity threshold, i.e., dB_threshold, which establishes a minimum decibel level above
which sounds are considered relevant for analysis. To define this parameter, the focus was
placed on the analysis of the biophonic vocalizations in the recordings, considering even
the most distant and weakest ones. Using the same day and time periods, the spectrograms
were examined with Kaleidoscope [30], allowing the intensity level of the less prominent
vocalizations to be estimated and the “dB_threshold” to be established accurately.

Since different types of recorders were used, it was necessary to equalize the recordings
to obtain a frequency response comparable to that of a sound level meter. This step
resulted in uniform sound levels and ecoacoustic indices derived from the recordings.
To achieve this, the recorders’ frequency response was compared with the sound level
meters, and a corrective filter was subsequently generated to ensure equivalence between
the two instruments.

The procedure adopted consists of three main steps: I. the measurement of a white
noise using both a sound level meter and the recorders in the field; II. the generation of a
filter in the frequency domain, calculated based on the ratio between the Power Spectral
Density (PSD) of the recordings made by the sound level meter and the recorders; III.
the application of the obtained filter to all the recordings acquired during the measure-
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ment campaign. The technical details of this procedure are described in the study [11],
where the MATLAB (R2023a) script for implementing the technique is available in the
Supplementary Materials.

2.4.2. Statistical Analysis

To identify which ecoacoustic indices perform a predominant role in the characteri-
zation of the soundscape of the study area, the Principal Component Analysis (PCA) was
applied. This approach reduces the dimensionality of the data, highlighting the variables
that better explain the total variance, facilitating the interpretation of the relationships
between the indices and the monitored sites [31]. Before performing the PCA, the data
were subjected to a scaling pre-treatment using the ‘prcomp’ function in the R software,
setting the option ‘scale = TRUE’. This step normalized the data, ensuring that each variable
(the ecoacoustic indices) had a mean of zero and a standard deviation of one. Scaling was
crucial to prevent indices with different ranges of values from excessively influencing the
PCA results, while keeping the information content intact.

The analysis focused on the average values of ecoacoustic indices calculated for
each site during the period one hour before and two hours after sunrise, when birdlife is
particularly active. Subsequently, graphs were generated in R to visualize which ecoacoustic
indices contribute most to the first two principal components (PC1 and PC2). These graphs
provide a visual representation of the distribution of the variables and show which indices
have the greatest influence in explaining the total variance of the dataset. To visually
identify which variables contribute most to each of the principal components, the function
“fviz_contrib” from the “factoextra” package in R was used [32]. This function creates a bar
graph representing the contribution of each variable to the selected components. A dashed
reference line is drawn on the graph, indicating the expected contribution in the case of a
uniform distribution of the variables. Columns above this line represent variables with an
above-average contribution, suggesting that they have a particularly strong influence on
determining the first dimensions of the PCA. This approach allows us to focus on the most
significant ecoacoustic indices to explain the principal components, facilitating a clearer
understanding of the sound dynamics of the studied area.

A temporal descriptive analysis was performed on the average values of ecoacoustic
indices for each site. Boxplots of the average indices for different time frames (diur-
nal/nocturnal) were created to refine the analysis and facilitate comparisons between the
conditions.

2.5. Vegetation Assessment
2.5.1. Data Collection and Vegetation Index Calculation

To analyze the forest structure, field surveys were carried out in 9 plots, each associated
with a soundscape recording site. Following standard protocol, starting from the central
tree on which the recording instrument was placed, a square area with a side of 30 m was
delimited [33]. The delimitation was performed using a measuring wire and a compass to
ensure maximum precision. In each plot, data were collected regarding the site, the date
of the survey, the operators involved, the habitat type, the percentage of herbaceous and
shrub cover, the ground necromass, and the presence of standing dead trees and stumps.
For each tree within the plot, the height and circumference of the trunk were recorded
using a telemeter to measure the height and a meter to measure the circumference at a
height of 1.30 m above the ground.

These measurements allowed the calculation of structural parameters that are funda-
mental to describe the vegetational structure of the site:

• H (Height): height measured with the telemetric laser.
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• DBH (Diameter at Breast Height): diameter of the trunk measured at a standard height
of 1.30 m above the ground, derived from the ratio of circumference (C) and pi.

• SD (Stem Density): density of woody biomass per unit area, obtained by dividing the
total number of trees by the plot area. The results were converted to trees per hectare
(trees/ha) to ensure comparability with literature data.

• BA (Basal Area): cross-sectional area of the trunk measured at 1.30 m from the ground.
This parameter provides a volumetric indication of the space occupied by the tree
biomass, which is useful to evaluate the structure of the site and predict its evolution.

From these parameters, indices describing the structure of the vegetation were calculated:

• RSD (Relative Stem Density): expressed as a percentage, was calculated as the ratio
between the density of the species under consideration and the total density of the
plot [34].

• RD (Relative Dominance): dominance of a tree species based on its basal area, calcu-
lated as the ratio between the basal area of the species under study and the total basal
area of the plot.

Lastly, the following biodiversity indices were used to characterize ecological diversity:
species richness, proportion of individuals per species, Shannon index, and Evenness.

To optimize the vegetation analysis in the various plots, a pivot table was created to
quickly obtain an overview of the tree species present and the values of the vegetation
indices for each species. This approach facilitated large-scale data processing, allowing
the index values for each plot to be summed up accurately and efficiently. Subsequently,
the aggregated data were organized into a comprehensive database, showing the sum
of the indices for each species present in the analyzed plots. This provided a clear view
of the differences between the areas studied, allowing a direct comparison of vegetation
structures and ecological dynamics within the various plots.

2.5.2. Tree Biomass Calculation and Allometric Equations

To estimate the epigeal tree biomass and enrich the vegetation database, allometric
equations were used in accordance with the 2003 IPCC guidelines [35]. In forestry, allometry
refers to the statistical relationships that link the different structural dimensions of trees.
Plants belonging to the same population, growing under similar environmental conditions,
maintain consistent proportions between more easily measurable parameters (such as
diameter and height) and more complex variables (such as volume or biomass). These
relationships provide an accurate estimate of biomass from simple measurements by
applying allometric equations [36].

The IPCC guidelines recommend the use of species-specific allometric equations or
expansion factors to estimate the amount of carbon stored in trees. In the present study,
biomass was calculated through allometric relationships based on basic dendrometric
parameters such as diameter at breast height (DBH) and tree height (H), where available;
where height was not measured, only diameter was used.

The selection of appropriate allometric equations was carried out through the Glob-
AllomeTree [37] platform, an international resource developed by FAO, CIRAD, and the
University of Tuscia (UNITUS). This platform provides access to a large database of allo-
metric equations, allowing the selection of the most suitable ones for biomass calculation in
different geographical areas.

For each tree species identified in the study plots, the most suitable allometric equation
was selected, shown in Table 2, following the specific criteria:

• Geographical proximity of the equation to the study area, preferably within the same
Country or climatic region.
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• Presence of both dendrometric variables (height and diameter) to ensure accurate
biomass estimation.

• Details on the components analyzed, such as bark, dead branches, gross branches
(D > 7 cm), thin branches (D < 7 cm), leaves, large roots, fine roots, medium roots,
stump, trunk-underbark, and fruit/seed.

Table 2. Selected allometric equations for each tree species present in the study plots, following the
specific criteria explained above.

Tree Species Allometric Equation

Carpinus betulus 0.0485 ∗ (DBH)2 ∗ H + 5.4
Gleditsia triacanthos 0.05138 ∗ (DBH)2.739 ∗ 1.1117

Pinus sylvestris 0.05138 ∗ (DBH)2.739 ∗ 1.1117
Quercus robur −1.0906 + 0.031073 ∗ (DBH)2 ∗ H
Populus Nigra 0.0662 ∗ (DBH)2 ∗ H + 4.9

Ostrya carpinifolia 0.0662 ∗ (DBH)2 ∗ H + 4.9
Alnus glutinosa 0.00079 ∗ (DBH)2.28546

Fraxinus excelsior 10−2.4598+2.4882∗LOG(DBH)

Populus alba 0.0662 ∗ (DBH)2 ∗ H + 4.9
Prunus padus 10−0.06657+1.7041∗LOH(H)

Populus canescens 0.0662 ∗ (DBH)2 ∗ H + 4.9
Ulmus minor 2.04282 ∗

(
DBH2)1.25462

Robinia pseudoacacia 4.13741 ∗
(

DBH2)1.08876

Tree biomass was quantified by applying these equations to trees with a diameter at
breast height (DBH) greater than 5 cm.

Subsequently, the biomass values for each species were aggregated, generating an
overall biomass value for each plot. This approach provided an overall view of the tree
biomass distributed in the various habitats, being useful for subsequent ecological anal-
yses and for understanding the contribution of different species to the structure of the
forest landscape.

2.5.3. Data Acquisition Using Remote Sensing Techniques

The last two indices analyzed to enrich the vegetation database are the Plant Area
Index (PAI) and the Vegetation cover fraction (FCover). The PAI represents the amount
of foliage in a plant ecosystem relative to the underlying land area, providing a measure
of the density and leaf cover of the vegetation. FCover, on the other hand, indicates the
fraction of land area covered by vegetation, proving particularly useful for monitoring
changes in vegetation cover over time. In this study, hemispherical photography was used
as a proximal sensing technique to estimate these parameters. Although not strictly remote
sensing, this ground-based approach provides valuable structural information on canopy
characteristics through the analysis of in situ fisheye images.

To estimate these parameters, hemispherical images were acquired using a Canon EOS
M50 MARK II camera with a fisheye lens. Five images were taken at each study site: one
directly under the tree housing the acoustic recording instrument, and the other four at a
distance of five meters, diagonally across the vertices of a square [38].

The images obtained were analyzed using the CAN-EYE software, developed by
the Environnement Mediterranéen et Modélisation des Agro-Hydrosystèmes (EMMAH)
and the French National Institute of Agronomic Research (INRAE) [39]. CAN-EYE is an
advanced canopy structure analysis software that extracts information from the vegetation
cover through RGB images acquired with traditional or fisheye lenses.
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The analysis phase required an initial pre-processing of the images, during which:

• The photographs were configured as RGB colour hemispheric images, oriented upwards;
• Configuration parameters such as day of the year and latitude (45◦ N) were entered,

as well as camera-specific calibration parameters.

Subsequently, an image classification phase (both automatic and manual) was per-
formed, in which the pixels associated with the sky cover were distinguished from the
pixels referring to the vegetation (Figure 2).
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Figure 2. Image processing procedure: (a) The original image is imported into the analysis software;
(b) automatic classification starts, where the pixels are separated into “sky” (in blue) and “vegetation”;
(c) the classification is manually refined, correcting the wrongly classified pixels and converting them
back to “sky”; (d) improving the distinction between sky and vegetation, increasing contrast and
saturation for better visualization, iterating the previous steps.

2.5.4. Vegetation Variables Analysis

To describe the forest structure in a general way, the surveyed tree species were divided
into different diametric classes based on DBH. Nine diametric classes were defined, with
intervals of 10 cm each. For each survey plot, the total number of individuals per diametric
class and species was counted [40]. These values were subsequently converted to a hectare
basis to standardize the data.

For each plot, the following parameters were reported: (1) the number of individuals
per diametric class for each species; (2) the total number of individuals per species; and
(3) the total number of individuals in the plot (obtained by summing the individuals of all
species present). These data permitted the analysis of the specific composition of the com-
munity and the assessment of the size structure distribution of the tree population for the
different species. The vegetation indices were subjected to a principal component analysis
(PCA) to reduce complexity and identify which variables contribute most to explaining
the variance in the data. In particular, through the examination of variable loadings for
each component, we could determine which vegetation indices were most correlated with
the first and second dimensions, providing key insights into the predominant variables
in the characterization of vegetation structure. Given the structural interdependence of
certain vegetation parameters (e.g., basal area, stem density, biomass and vegetation cover),
some degree of multicollinearity is to be expected. However, the application of PCA is
particularly appropriate in this context, as it reduces redundancy by transforming corre-
lated variables into orthogonal components, thereby mitigating the potential inflation of
variance due to collinearity [41].

To further support the use of PCA as a dimensionality reduction method, we also
computed a Spearman correlation matrix among the vegetation variables. This analysis con-
firmed moderate-to-high correlations between structurally related parameters, as expected
in forest ecosystems. The matrix is provided as Supplementary Figure S1.



Sustainability 2025, 17, 4204 11 of 29

2.6. Soundscape and Vegetation Correlations

To further analyze the data, several specific distances were calculated using QGIS
software [42]. Distances between the sampling points and specific ecological and anthro-
pogenic elements of the study area were measured. In particular, the following distances
were considered:

• Dist_A7: Distance from the A7 highway to assess the influence of road noise and
landscape fragmentation.

• Dist_la: Distance from the oxbow edge to examine the effect of water proximity on
vegetation and bird species.

• Dist_ra: Distance from the clearing, an open area within the forest, to investigate its
impact on local biodiversity.

• Dist_fi: Distance from the river, to explore its influence on vegetation composition and
biodiversity based on moisture and riparian habitat characteristics.

• Dist_ba: Distance from a dense bamboo plot, an artificial structure, or a distinctive
feature in the study area.

• Dist_mb: Distance from the forest edge, to understand the ecological gradient between
the forest interior and more open areas.

First, a preliminary check of the data distribution was conducted using the Shapiro–
Wilk test [43] to assess the normality of the variables. This step was necessary to determine
the correct statistical approach to be taken in the next phase. Based on the test results,
variables were categorized as normally or non-normally distributed. Pearson’s correlation
was used for normal variables, while Spearman’s coefficient was applied for non-normal
ones, ensuring robust analysis. These analyses were performed in R, and significance was
set at p ≤ 0.05.

Due to the accidental loss of the recording device at Site 5, data from this location were
excluded from the analysis, resulting in a total of eight sampling sites. While this number
ensures spatial representation of the oxbow and surrounding areas, we acknowledge that
the limited sample size reduces statistical power. Consequently, results from statistical
tests should be interpreted with caution. Given the small sample size, the Shapiro–Wilk
test for normality may not be fully reliable. For this reason, Spearman’s correlation, which
is less sensitive to non-normality, was preferred in borderline cases to ensure robustness.
This approach is consistent with recommendations in the literature that emphasize the
robustness of Spearman’s when normality assumptions are questionable or when sample
sizes are too small to support parametric methods [44].

Correlation Between Arboreal Size and Avian Richness

To assess the relationship between tree size and avian richness, vegetation variables
were analyzed, focusing on the ecological role of large trees. These provide nesting sites
and food resources for birds, particularly arthropods found in bark, woody tissues, and
epiphytic layers on higher branches [45]. The analysis included both primary cavity nesters,
such as woodpeckers, which create their own cavities, and secondary cavity nesters, such
as titmice and creepers, which utilize existing cavities [46]. Habitat preferences were
considered, with primary nesters favoring mature forests and woodpeckers adapting to
fragmented landscapes, to account for variations in forest structure and maturity.

In the study area, the dominant tree species, selected based on size and presence
across all sampling plots, was identified and considered for further analysis. To obtain an
accurate estimation of avian species richness, acoustic data were processed using Raven
Pro software [47], which facilitated the identification of bird species through the analysis of
vocalizations recorded between dawn and dusk (06:00–18:00). For species identification,
a specific day was selected for analysis, corresponding to a public holiday with optimal
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meteorological conditions (i.e., absence of strong winds or precipitation) to minimize
environmental variability. The species were then classified with the support of the BirdNET
library [48], comparing the results with the Ticino Park lists.

Subsequently, the correlation between bird species richness (obtained via BirdNET)
and the percentage of individuals of the dominant tree species per diameter class was
calculated. Correlation analysis was performed using Spearman’s correlation coefficient
due to the non-parametric distribution of the data. All statistical analyses were carried out
in the R environment, using the stats package [49].

To strengthen the analysis, the same procedure was applied to a younger and more
abundant tree species in the study area to test the hypothesis that there was no significant
correlation between smaller tree species and bird richness.

3. Results
3.1. Soundscape Values Characterization

The results indicate a maximum anthropogenic frequency of 1700 Hz for bands A and
B, and 1750 Hz for band C. The value of 1750 Hz was selected as a representative threshold
for the entire study area.

Spectral analyses revealed that traffic noise predominantly occupies low-frequency
ranges, with negligible variations among spatial bands. The aural inspection of recordings
confirmed this pattern, showing a persistent presence of low-frequency noise that can be
traced back to the highway.

The maximum biophonic frequency identified was obtained by investigating the fre-
quencies emitted by birds present in the study area. Thus, the frequency range attributable
to local avian species was found to be between 1.75 kHz and 9 kHz.

Lastly, regarding the dB threshold, the relative dB values across three different time
slots (6:00 a.m., 12:00 p.m., and 7:00 p.m.) were initially averaged to consider the vari-
ability of biophony throughout the day. Specifically, the threshold levels were found to
be −71 dB for the early morning period (5:00–8:00 a.m.), −73 dB for the midday period
(11:00 a.m.–2:00 p.m.), and −72 dB for the evening period (6:00–9:00 p.m.). These values
were then averaged, resulting in a final threshold of −73 dB.

3.1.1. Statistical Analysis

A PCA was performed to reduce the dimensionality of clustering variables while
preserving the significance of the statistical metrics describing the index distribution. In
line with the widest possible variance of the original variables, we selected the first two
dimensions because they have a cumulative percentage of explained variance, V, given
by V1 + V2 = (68.5 + 17.3)% = 85.8%. The value V ≥ 80% is commonly used as a cut-off
to decide which principal components to keep [41]. In our case, we use the first two
components (or eigenvectors, referred to here as dimensions) of the PCA to reduce the total
number of variables.

The contributions of the two dimensions are shown in Figure 3. The red threshold
corresponds to the expected mean value of the contribution if all variables contributed
uniformly to the variance explained for that dimension. Specifically, this threshold is
calculated as 1/n × 100%, where n is the total number of variables considered. The
variables with the largest contributions to Dim-1 were found to be H, ZCR, AEI, ADI, and
BI (Figure 3a), all with contributions above the significance threshold of 12.5%.
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3.1.2. Temporal Trends of Ecoacoustic Indices

Following the PCA, we examined the variables that contributed mostly to the first two
dimensions by producing mean time trends and boxplot graphs. Specifically, the variables
H and ZCR were analyzed for the first dimension, and NDSI and ACI for the second
dimension. These variables were chosen because they represent the main components of
variation within the studied soundscape (Figure 3). Specifically, H and ZCR describe the
global structure of the soundscape, with an emphasis on spectral and frequency variation,
while NDSI and ACI provide a direct measure of ecoacoustic dynamics, highlighting
acoustic complexity and the relationship between biophonic and anthropogenic sounds.
This choice allows us to capture both general characteristics and more specific ecological
aspects of the soundscape.

Temporal analysis of the H-index shows significant differences between sites in relation
to their distance from the highway (Figure 4a). In sites far from the infrastructure (1, 4,
and 6), H has higher values during diurnal hours, reflecting a more balanced distribution
of sound frequencies and greater biophonic complexity. The peaks recorded in the early
morning hours can be attributed to the intense songbird activity. In contrast, at sites closer to
the highway (7, 8, and 9), H is reduced, highlighting the prevalence of anthropogenic noise,
which is characterized by a less diverse energy distribution. Among these, site 9 exhibits the
lowest values, highlighting the dominance of a single-frequency band caused by acoustic
pollution from the highway. During the night-time hours, the H-index tends to decrease at
all sites, with a more pronounced reduction at sites near the highway: at sites most exposed
to vehicular traffic noise, the anthropophilic component becomes predominant, leading to
a further reduction in entropy values.

The ZCR index trend (Figure 4c) confirms the role of road traffic as a source of continu-
ous, monotonous sound. In the sites close to the highway, ZCR values are lower, reflecting
the lower variability of the sound signal. At sites farther away (1, 4, and 6), ZCR shows sig-
nificantly higher values, due to the presence of sounds characterized by frequent crossings
of the zero time axis, typical of complex bird vocalizations. At night, ZCR tends to decrease
at all sites, with occasional increases due to the activity of some nocturnal bird species.
Comparison between sites shows that the points closest to the highway (7, 8, and 9) exhibit
a shifted downward trend, in line with the influence of vehicular traffic, while generally
higher values are observed at distant sites.

The NDSI (Figure 4b) shows a marked dominance of anthropogenic noise at sites near
the highway, with values close to −1, indicating a soundscape dominated almost entirely
by human activity. At the farther sites (1, 4, and 6), significant daily variations are observed,
with higher values during the day due to the presence of the biophonic component. In
contrast, at sites 7 and 8, the NDSI increase during the day is limited. Despite its proximity
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to the highway, site 9 exhibits higher values, indicating a partial balance between biophonic
and anthropogenic contributions.
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Lastly, ACI (Figure 4d) shows a trend consistent with daytime biophonic activity,
which is particularly evident at sites farther from the highway. ACI values peak during
the day, especially in the morning, coinciding with bird song activity and other biophonic
sounds. At night, ACI decreases dramatically, reflecting reduced biological activity and
the prevalence of anthropogenic or stable sounds, such as traffic. At sites 1 and 4, ACI
reaches particularly high values, indicative of greater species richness, whereas at sites
closer to the highway, values remain lower, reflecting the influence of road noise on the
acoustic environment.

The mean hourly boxplots of the ecoacoustic indices (H, ZCR, NDSI, and ACI) show
trends consistent with the temporal analyses, highlighting the differences between sites
and time slots (Figure 5). The H index reveals a clear distinction between sites close to
the highway and those farther away (Figure 5a). Sites 1, 4, and 6 exhibit higher medians
with wider interquartile ranges, indicating greater frequency variability and a broader
acoustic diversity. Conversely, at sites near the highway (7, 8, and 9), H values are sig-
nificantly lower, with a more concentrated distribution and fewer outliers. This trend
reflects reduced frequency variability, which is characteristic of environments dominated
by anthropogenic noise.

Regarding the ZCR index (Figure 5b), the boxplots show greater variability at sites
farther from the highway, with higher medians and a wider data distribution. At sites
exposed to traffic noise (7, 8, and 9), the medians are lower, indicating reduced acoustic
complexity associated with continuous road noise. The diurnal time bands exhibit greater
variability than the nocturnal ones, consistent with increased acoustic activity during the
day, as observed in the temporal data.

NDSI displays a strongly negative distribution at sites near the highway (Figure 5c),
with very low medians (close to −1), indicating a soundscape predominantly shaped by
anthropophony. At sites 1, 4, and 6, the boxplots show greater variability and slightly
more positive values, especially during daylight hours, indicating a stronger presence of
biophonic signals. However, even at these sites, the values remain negative on average,
reflecting a persistent influence of human-generated noise.

Finally, the ACI boxplot reveals a clear distinction between diurnal sites near and
far from the highway (Figure 5d). Sites 1, 4, and 6 have higher ACI values with a wider
interquartile range during the daytime hours, reflecting greater acoustic diversity and
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wider frequency occupancy. In contrast, at sites closer to traffic (7, 8, and 9), boxplots
show lower median values with a narrower distribution, indicating reduced frequency
occupancy by biophonic signals. Additionally, ACI values increase during daylight hours,
particularly at dawn, when bird song activity is at its peak.
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3.2. Vegetation Assessment
3.2.1. Vegetation Parameters and Forest Structure

The aggregate analysis of the data shows a clear predominance of certain tree species
in terms of basal area and relative density. In particular, in plots P1 and P4, Quercus robur
showed a significantly higher presence than other species, indicating the presence of large
mature individuals. The dominant species determined by BA and DBH include Carpinus
betulus, Quercus robur, Populus nigra, and Ulmus minor, with variations in their distribution
between plots (Table 3). In particular, Quercus robur recorded the highest BA values in
plots P2 and P5 with 814.90 cm2 and 839.10 cm2, respectively. HS, which assesses overall
biodiversity, ranged from 0.194 to 2.022 across the plots: plot P7 showed the highest HS
value (2.02), indicating a more even distribution of species and potentially richer acoustic
diversity. In contrast, plots P6 and P8 had lower HS values (0.15 and 1.12, respectively),
reflecting less diverse plant communities, which influence the complexity and richness of
the local soundscape.

Table 3. Forest and biodiversity indices. The values of the variables were summed for each species in
each plot.

Plot BA [tree/ha] SD [ha] SR HS

1 19.61 433.3 39 1.49
2 8.67 244.4 22 1.18
3 26.97 300 27 0.22
4 44.06 288.9 26 2.15
6 20.83 233.3 21 0.96
7 14.87 577.8 52 2.02
8 1.64 611.1 55 1.12
9 43.05 1666.7 150 1.25
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SD varies considerably between plots, with the lowest value recorded in P6
(233.3 trees/ha) and the highest in P9 (1666.6 trees/ha). Plot P9, with the largest number
of individuals, shows a higher density of broadleaf species, which contribute significantly
to the overall biomass of the area. The BA shows similarly marked variations, with the
highest values in P9 (43.1 m2/ha) and the lowest in P8 (1.6 m2/ha). These data indicate
that plot P9 hosts larger trees than the other sites, confirming the importance of this site
for the conservation of large tree specimens. The Shannon index varies from a minimum
of 0.23 in P3 to a maximum of 2.02 in P7, highlighting significant differences in species
distribution and composition. In particular, the high biodiversity in P7 is indicative of
a well-structured mixed deciduous habitat. On the other hand, the evenness of species
distribution, represented by the evenness index E, is lower in P3 and P6, indicating the
presence of a lower number of species in these areas (Table 3).

Forest structure was analyzed based on the distribution of tree species within diameter
classes. The graphs (Figure 6) show the number of individuals per species in each plot
(P1–P9), highlighting different vegetation configurations and forest structure and maturity.
The Table S1 in the Supplementary Materials show the percentage of individuals per species
by diameter class.
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Figure 6. Number of individuals per species in the different plots (P1–P9), divided by diameter
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3.2.2. Aboveground Tree Biomass and Vegetation Cover Fraction

The allometric equations, calculated for each individual in each plot according to the
equations given in Table 2, were used to estimate tree biomass. The biomass values for each
species were then aggregated to give a unique biomass value for each plot. These results,
presented in Table 4, showed a difference in the distribution of biomass between the plots.

To quantify the vegetation cover and the amount of foliage in the different plots, the
Plant Area Index and Fcover were calculated. The results, presented in Table 4, show
differences in the cover fraction between the plots. In particular, plot P7 has the highest
Fcover value, indicating a higher vegetation density than the other plots analyzed. This



Sustainability 2025, 17, 4204 17 of 29

result highlights a greater vitality and robustness of the plant community in P7, which has
a direct impact on the acoustic biodiversity and ecological integrity of the area.

Table 4. Aboveground Tree Biomass, PAI, and Fcover Indices for the Different Plots.

Plot Biomass [kg] PAI Fcover

1 15,621.26 2.21 0.45
2 6977.25 2.46 0.41
3 23,791.90 2.71 0.7
4 57,477.57 1.74 0.78
6 56,465 1.44 0.54
7 23,968.29 2.51 0.84
8 4316.78 2.3 0.83
9 45,877.20 2.71 0.7

3.2.3. Principal Component Analysis

The decision to include only the relative dominance of Quercus robur among the
species considered is justified by the fact that this species is present in all plots and is
the one with the largest size. Furthermore, Quercus robur is ecologically important as it
is the native species that characterizes the oak and hornbeam planiferous forests of this
region. Therefore, RD_qr provides a robust measure of the relative dominance of the most
representative tree species in the context of the observed vegetation, avoiding distortions
arising from the presence of less mature or sporadic species.

The first three dimensions together explain 81.3% of the total variance: the first
dimension (Dim1) explains 31.7%, the second (Dim2) 28.8%, and the third 20.8%. The
analysis of the contributions of the variables to the different dimensions showed that in the
first dimension (Dim1, Figure 7a), the variables that contribute most are Evenness, with a
contribution of more than 20%, followed by Biomass, Shannon index, and PAI. On the other
hand, BA and RD_qr show lower contributions, while Species Richness (SR) has a negligible
contribution. Regarding the second dimension (Dim2, Figure 7b), tree height was the most
significant variable, followed by the Relative Dominance of Quercus robur and Biomass.
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The loading plot (Figure 8) provides a visual representation of the relationships be-
tween the variables and the principal components. Along the horizontal axis (PC1), the
variables HS and E show a negative correlation with PC1 as they are positioned in the
second quadrant of the plot. To a lesser extent, PAI shows a positive correlation with PC1.
Along the vertical axis (PC2), the variables Biomass, h_tree, and RD_qr are negatively corre-
lated with PC2, as indicated by their position in the third quadrant. Finally, BA and Fcover
show respectively negative (third quadrant) and positive (second quadrant) correlations
with PC2. These patterns highlight the inverse relationships between certain variables,
such as PAI and BA, which are oppositely positioned in the principal component space.
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3.3. Soundscape and Vegetation Correlations

The values of the specific distances, shown in Table 5, allow a detailed analysis of the
measurements made for each monitoring point. These values were correlated with the
ecoacoustic indices and vegetation variables. The analysis revealed statistically significant
relationships (p-value ≤ 0.05), which are presented in Table 6, together with the calculation
methods used.

Table 5. Results of specific distances measured for each sampling point. Distances include Dist_A7
(distance to highway), Dist_la (distance to oxbow edge), Dist_ra (distance to clearing), Dist_fi (distance
to river), Dist_ba (distance to bamboo area, and Dist_mb (distance to forest edge).

Site Dist_A7 [m] Dist_la [m] Dist_fi [m] Dist_ra [m] Dist_ba [m] Dist_mb [m]

1 774.3 80.1 373.8 92.9 35.5 396.1
2 759.8 96.9 496.7 0 117.2 69.4
3 752.1 93.8 601.6 30.9 212.9 364.8
4 513.7 105 374.4 125.5 134.9 262.2
6 519.4 77.2 560.5 98.3 255.8 172.1
7 275.1 41.6 385.5 330.9 269.2 41
8 278.4 62 468.7 315.3 239.2 52.9
9 298.9 73.5 564.4 311.6 423.6 44.7

Table 6. Statistically significant correlations (p-value ≤ 0.05) between the variables studied. The third
column presents the types of correlations: A for acoustic indices, V for vegetation parameters, and D
for specific distances.

Variable 1 Variable 2 Type of Correlation Correlation p-Value Method

NDSI QUE A-V 0.73 0.04 Pearson
DSC RD_qr A-V 0.76 0.03 Pearson
DSC Fcover A-V −0.79 0.02 Pearson

BI SR A-V 0.76 0.03 Spearman
H Dist_ra A-D −0.73 0.04 Pearson

DSC Dist_A7 A-D 0.81 0.01 Pearson
DSC Dist_ra A-D −0.89 0.01 Pearson
ZCR Dist_ra A-D −0.81 0.02 Pearson
ZCR Dist_ba A-D −0.78 0.04 Pearson
ZCR Dist_mb A-D 0.72 0.01 Pearson
HS Dist_fi V-D −0.87 0.01 Pearson
E Dist_fi V-D −0.85 0.01 Pearson

FCover Dist_ra V-D 0.72 0.04 Pearson
FCover Dist_mb V-D −0.75 0.03 Pearson
FCover Dist_A7 V-D −0.75 0.03 Pearson
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The most significant correlations were divided into main groups, focusing on the
variables that showed significance in the principal component analysis (PCA). Pearson’s
correlation coefficient (r) was used for linear relationships and Spearman’s rank correlation
(rho) for non-linear relationships. The most significant correlations were divided into main
groups, focusing on the variables that showed significance in the principal component anal-
ysis (PCA). These results highlight the relationships between ecoacoustic and vegetation
parameters in the different habitats studied.

I. Correlations between ecoacoustic indices and vegetation variables
The NDSI shows a significant positive correlation with the weighted mean number

of Quercus robur in the highest diameter classes (r = 0.726, p = 0.041). Additionally, BI is
positively correlated with vegetation species richness (r = 0.762, p = 0.028). Conversely,
DSC exhibits a significant negative correlation with vegetation cover (r = −0.793, p = 0.018),
and is also positively correlated with the relative dominance of Quercus robur (r = 0.755,
p = 0.030).

II. Correlations between ecoacoustic indices and specific distances
The ecoacoustic indices that contribute most to the explanation of the first principal

component (PC1) show strong correlations with the distance from the surrounding land-
scape elements. In particular, ZCR shows a significant positive correlation with the distance
from the bamboo scrub (Dist_ba, r = 0.718, p = 0.045) and a negative correlation with the
forest edge (Dist_mb, r = −0.779, p = 0.023). Moreover, both ZCR and H display significant
negative correlations with the distance from the clearing (Dist_ra), respectively (r = −0.813,
p = 0.014) and (r = −0.731, p = 0.039). Even if DSC does not contribute the most to the PC1,
it correlates significantly with the distance from the highway (dist_A7, r = 0.81, p = 0.01)
and from the clearing (Dist_ra, r = −0.89, p = 0.003).

III. Correlations between vegetation indices and specific distances
The vegetation variables show significant correlations with the distances to the main

reference points (Figure 9). In particular, both HS and E, which are important contributors
to the PC1, show significant negative correlations with distance to the river (Dist_fi),
respectively (r = −0.867, p < 0.01) and (r = −0.852, p < 0.01) (Figure 9).
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Correlation Between Tree Maturity and Avian Abundance

The data show that Quercus robur is the only tree species characterized by larger
individuals, observed in all plots except Site 8. Most individuals of this species are found in
the higher diameter classes, ranging from class 45 to 85 (40 < DBH < 90 cm). The percentage
distribution of Quercus robur across diameter classes is shown in the histogram in Figure 10,
highlighting a greater concentration of large trees in plots P1, P4, P6, and P9.
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Figure 10. Percentage distribution of Quercus robur individuals by diameter class in the different
plots. The histogram only shows the highest diametral classes, between 40 and 90 cm, highlighting
the presence of mature trees.

The results from the Raven analysis reveal significant variation in avian richness
between sites (Figure 11). Specifically, sites P1, P6, and P9 exhibit a higher number of
species, including both primary and secondary cavity nesters. Furthermore, the presence
of avian indicator species, such as Poecile palustris and Certhia brachydactyla, at sites marked
with orange columns (P4 and P6) suggests a relationship between tree maturity and habitat
suitability for forest-specialist birds.

We subsequently analyzed the correlation between bird richness and the average
number of Quercus robur individuals weighted by diameter classes, obtaining a Spearman’s
coefficient (ρ = 0.73, p = 0.039), indicating a statistically significant relationship between the
variables analyzed. In plots 1, 4, 6, and 9, which are characterized by a higher proportion
of Quercus robur individuals with a diameter greater than 45 (DBH > 40 cm), a higher
bird diversity was observed, especially between primary and secondary cavity nesters.
The relationship between tree size and bird diversity is further confirmed by Figure 12,
which shows a clear positive relationship between these two variables. The regression
line shows that plots with a higher concentration of mature trees tend to support a greater
diversity of species, highlighting the crucial ecological role of large trees in the conservation
of bird species.

In contrast, Carpinus betulus, which is characterized by smaller individuals, shows a
predominant distribution in the lower diametric classes. After calculating the weighted
average of the percentages of tree individuals in the different diametric classes, the correla-
tion analysis showed a coefficient ρ = 0.5 (p = 0.07), confirming the absence of a significant
correlation with bird richness. These results confirm the key role of mature tree species
in promoting greater biodiversity, while younger individuals, such as those of Carpinus
betulus, appear to have minimal influence on the presence of bird species.



Sustainability 2025, 17, 4204 21 of 29

Sustainability 2025, 17, x FOR PEER REVIEW 21 of 30 
 

Figure 10. Percentage distribution of Quercus robur individuals by diameter class in the different 
plots. The histogram only shows the highest diametral classes, between 40 and 90 cm, highlighting 
the presence of mature trees. 

The results from the Raven analysis reveal significant variation in avian richness 
between sites (Figure 11). Specifically, sites P1, P6, and P9 exhibit a higher number of 
species, including both primary and secondary cavity nesters. Furthermore, the presence 
of avian indicator species, such as Poecile palustris and Certhia brachydactyla, at sites marked 
with orange columns (P4 and P6) suggests a relationship between tree maturity and 
habitat suitability for forest-specialist birds. 

 

Figure 11. Avian richness by site. The histogram shows the total number of avian species for each 
plot, with specific indications for primary cavity nesters (CNp), positioned above the columns 
corresponding to the sites where they were found, and for secondary cavity nesters, represented by 
the symbol ★. The orange columns highlight the sites (P4 and P6) where diversity indicator species, 
such as Poecile palustris and Certhia brachydactyla, are present, supporting the link between tree 
structure and avian biodiversity. 

We subsequently analyzed the correlation between bird richness and the average 
number of Quercus robur individuals weighted by diameter classes, obtaining a 
Spearman’s coefficient (𝜌 = 0.73, p = 0.039), indicating a statistically significant relationship 
between the variables analyzed. In plots 1, 4, 6, and 9, which are characterized by a higher 
proportion of Quercus robur individuals with a diameter greater than 45 (DBH > 40 cm), a 
higher bird diversity was observed, especially between primary and secondary cavity 
nesters. The relationship between tree size and bird diversity is further confirmed by 
Figure 12, which shows a clear positive relationship between these two variables. The 
regression line shows that plots with a higher concentration of mature trees tend to 
support a greater diversity of species, highlighting the crucial ecological role of large trees 
in the conservation of bird species.  

Figure 11. Avian richness by site. The histogram shows the total number of avian species for
each plot, with specific indications for primary cavity nesters (CNp), positioned above the columns
corresponding to the sites where they were found, and for secondary cavity nesters, represented
by the symbol ⋆. The orange columns highlight the sites (P4 and P6) where diversity indicator
species, such as Poecile palustris and Certhia brachydactyla, are present, supporting the link between
tree structure and avian biodiversity.
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4. Discussion
The present study addresses the complex interactions between soundscape and vege-

tation structure in a protected area impacted by anthropogenic noise through a multidis-
ciplinary methodology. Analyzing both the ecoacoustic indices and vegetation structure
allowed for a detailed characterization of the spatial and temporal variability of the oxbow’s
soundscape, highlighting how the proximity to the highway and the vegetation distribution
significantly influence the acoustic environment. These results underscore the importance
of vegetation as a key element in the attenuation and modulation of anthropogenic noise,
and highlight the need for multidisciplinary approaches to enhance the understanding of
soundscape patterns.

The methodology used in this study improves the discrimination of acoustic compo-
nents and emphasizes the need to optimize the employed ecoacoustic indices’ parameters
to ensure comparability of data across different studies [11,24]. The inclusion of a plurality
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of indices [50,51] allowed a more detailed view of the structure of the soundscape, en-
abling accurate discrimination between biophonic and anthropophonic components. This
approach was guided by the evidence reported in the literature, which emphasizes the
importance of using specific frequency bands to monitor distinct taxonomic groups. In
particular, Metcalf et al. [52] highlight this necessity in their recent publications, limiting
their use to a narrower set of indices, such as ACI and BI. Other works, such as the one
published by Bradfer-Lawrence et al. [53], also emphasize the aforementioned necessity,
albeit to a lesser extent than the other recommendations made in the study. Despite these
recommendations, a significant portion of the scientific community continues to use default
parameters for the calculation of acoustic indices, while others do not specify the criteria
behind the selected values [21,22], or these values are not reported at all [54,55].

Although spatial autocorrelation represents a potential problem in ecological acoustics
studies, our sampling scheme aimed to minimize its impact by selecting sites along envi-
ronmental and anthropogenic gradients, ensuring heterogeneity in vegetation structure
and exposure to noise sources. Furthermore, the same recording campaign was analyzed
by Benocci et al. (2025) [56], where we applied the Transfer Entropy Measure to the dataset
to investigate directional dependencies in the flow of acoustic information. Our results
confirmed the presence of spatial differentiation among sites and supported the hypothesis
of non-redundancy in the composition of the soundscape. Finally, the authors conducted a
direct listening analysis of the recordings [56], which highlighted perceptible differences
in acoustic content even between adjacent sites. These insights strengthen the ecological
validity of our spatial arrangement, while acknowledging the lack of formal tests of spatial
autocorrelation as a limitation to be addressed in future studies.

The trends observed in the ecoacoustic indices (H, ZCR, NDSI, and ACI) analysis
clearly reveal a spatial gradient in relation to distance from the motorway. The H-index
showed a clear reduction at the sites closest to the noise source, showing a lower sound
diversity. In contrast, at more distant sites, H recorded higher values, signaling greater
acoustic complexity, due to a richer presence of avian species. Similarly, the mean value
of ZCR at sites closer to the highway was significantly lower, reflecting the presence of
stable and unvarying acoustic signals, typical of continuous anthropogenic noise [57].
Contrarily, at sites further away, ZCR showed greater variability, associated with the
complexity of bird vocalizations. Finally, the NDSI and ACI indices revealed how the
balance between biophonic and anthropophonic components varies considerably along the
distance gradient. At the sites closest to the highway, the NDSI recorded extremely negative
values, suggesting an almost complete dominance of the anthropophonic component [58].
However, in some areas, such as site 9, the NDSI showed slightly higher values than the
other neighboring sites, suggesting the presence of some degree of biophony, despite the
anthropogenic influence. These results are corroborated by the ACI values, which confirm
greater biophonic activity in the early morning hours, particularly at sites further away
from traffic [59]. Similarly to our results, the study carried out by M. G. Khanaposhtani
et al. [60] in a floodplain forest in Wisconsin (USA)—an ecosystem comparable to the Lanca
del Moriano—exposed to the impact of two major highways, reported a significant inverse
correlation between ADI, NDSI, and AOI (Acoustic Occupancy Index) with the distance
from the road infrastructure. In addition, the inverse gradient between H with highway
distance observed at the Lanca del Moriano is in line with the studies carried out at the
Parco Nord of Milano, an urban Park also impacted by a highway [61]. These trends can all
be explained by the masking effect of traffic that shapes the distribution of local biophony,
according to the Acoustic Habitat Hypothesis [62] and other studies. Indeed, López-Bao
et al. (2017) confirm that road noise has a significant impact on wildlife, as it masks natural
sounds and interferes with the acoustic communication of animals [63]. These effects are
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also exposed by other in situ studies worldwide, such as [60], and noise effects on birds are
well documented in the literature [64].

Regarding highway noise in ecoacoustics studies, in [60] is highlighted a potential bias
in the application of NDSI in environments where noise attenuation occurs due to geomet-
ric divergence [60]. This phenomenon has already been documented by R. Benocci et al. in
a semi-natural area characterized by herbaceous layers of nemoral flora and a shrub layer,
typical of Parco Nord in Milan [61], and by R. B. Machado et al. in a Category V protected
area as defined by the International Union for Conservation of Nature (IUCN) [65]. How-
ever, the accuracy of the NDSI was improved by the methodological optimization of the
input parameters for the calculation of ecoacoustic indices [24], as proposed in the present
study. Similarly, cluster analysis further supported the existence of two distinct acoustic
configurations, indicating a clear dichotomy between sites dominated by a soundscape
rich in biophonic signals and those predominantly influenced by anthropogenic noise. The
geometric divergence bias in NDSI could also be present in other indices that present a
lower frequency limit (i.e., ADI in [60]), which has been bypassed in this study and in [60]
by adding it. On this matter, there is a need to adjust the ecoacoustic indices in the R
package “soundecology” to add this parameter, which is already adjusted in the Python
library “scikit-maad” [66].

The results regarding vegetation structure and composition reveal a complex land-
scape, characterized by significant differences between the analyzed plots. These differences
are particularly evident when comparing the forest structure and biomass of the sites in-
side the oxbow (P1–P6) to those near the motorway (P7–P9). This variation in vegetation
likely influences the bird community, as differences in habitat complexity and resource
availability can impact avian diversity and behavior [67], ultimately shaping the observed
sound dynamics [59]. Biomass is significantly higher at sites 4, 6, and 9, indicating a denser
vegetation structure and, potentially, richer biophonic activity in these areas [68]. Despite
its high biomass, site 9 is located near the highway and shows extremely negative NDSI
values, indicating a predominance of the anthropophonic component over the biophonic
one. These observations suggest that the masking effect of road noise reduces the ecological
benefits of dense vegetation, thereby negatively affecting faunal diversity and activity. This
is further supported by the reduced H-index observed at this site, highlighting the negative
impact of anthropogenic noise on the complexity of the soundscape [60].

The Shannon index showed high values at sites 4, 1, and 2, indicating greater plant
diversity. Interestingly, site 7, located close to the highway, also recorded a high HS value,
which can be attributed to the presence of young trees of numerous plant species. However,
despite this phase of active habitat renewal, the site-specific ecoacoustic indices suggest that
anthropogenic noise associated with the highway influences the soundscape, as indicated
by the reduced values of H and ZCR.

The distribution graphs of the diametric classes in the areas closest to the motorway
exhibit decreasing curvilinear trends, indicative of an uneven-aged forest structure. This
pattern may reflect forest management practices, such as the introduction of new species,
which could explain the observed variability in forest composition and structure [69]. At the
same time, the scarcity of larger individuals in the sites closest to the motorway indicates
a low capacity to support high avian diversity, creating a sub-optimal environment for
forest-dwelling species. This result is consistent with that reported by López-Bao et al.
(2017), who discussed the negative impact of road networks on biodiversity, including
birds, highlighting how road infrastructure can fragment habitats and reduce ecological
resources for wildlife [70].

Correlation analysis revealed significant relationships between vegetation structure
and ecoacoustic indices. In particular, NDSI showed a positive correlation with Quercus
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robur abundance (QUE, r = 0.726, p = 0.041), which may indicate that mature trees contribute
a stronger biophonic signal to the acoustic environment. This could be related to their
structural complexity and ability to support a more diverse faunal community, particularly
birds and insects. Previous studies have highlighted how vegetation structure can influence
the balance between biophony and anthropophony in soundscapes [13]. However, further
research is needed to isolate the specific effect of tree composition from other potential
confounding variables such as landscape configuration or proximity to noise sources [19].
Similarly, BI was positively correlated with tree species richness (SR, r = 0.761, p = 0.028),
reinforcing the idea that diverse plant assemblages favor complex acoustic environments
by providing diverse habitats and resources for fauna. In contrast, DSC was negatively
correlated with FCover (r = −0.793, p = 0.018), suggesting that denser vegetation attenuates
high-frequency sounds, reducing sound propagation and contributing to a more stable
acoustic environment.

Significant relationships were also found between the ecoacoustic indices and the
spatial distribution of the sampling points. In particular, DSC showed a strong positive
correlation with distance from the motorway (Dist_A7, r = 0.814, p = 0.013), confirming that
increasing distance from traffic sources leads to a reduction in high-frequency noise levels
due to sound absorption by vegetation. In contrast, DSC showed a negative correlation
with distance from clearing (Dist_ra, r = −0.891, p = 0.002), suggesting that open areas
characterized by lower vegetation density allow greater sound propagation and higher
acoustic energy at high frequencies. Similarly, ZCR, an index of acoustic signal complexity,
was negatively correlated with both distance from the bamboo patch (Dist_mb, r = −0.717,
p = 0.049) and clearing (Dist_ra, r = −0.813, p = 0.014). This pattern may reflect higher
acoustic variability in transitional or edge environments, which often host a mix of vocal
species from both open and closed habitats [19]. However, since ZCR is sensitive to a broad
range of high-frequency and transient signals, further investigation is needed to clarify the
ecological drivers underlying these values.

Vegetation variables also showed significant correlations with specific distances from
sites. In particular, vegetation cover (FCover) was positively correlated with distance from
the clearing (Dist_ra, r = 0.718, p = 0.044), confirming that moving away from open areas
leads to higher forest density. In contrast, FCover was negatively correlated with both
distance from the highway and forest edge, suggesting that human disturbance limits
vegetation expansion. Furthermore, HS and E are negatively correlated with distance from
the river, highlighting the influence of water availability on vegetation structure.

While this study focused on local-scale distances from specific landscape features (e.g.,
highway, clearing, river), it is important to recognize that broader landscape structure [71],
including habitat connectivity and fragmentation across the Ticino Valley Regional Park,
likely plays an additional role in shaping avian assemblages. Fragmented landscapes
can limit dispersal, reduce nesting site availability, and isolate populations, while well-
connected habitats facilitate movement and support higher biodiversity [72,73]. Future
research integrating landscape metrics (e.g., patch size, edge density, connectivity indices)
derived from remote sensing or GIS analysis could further clarify how large-scale spatial
configuration modulates local soundscape and biodiversity patterns.

The positive correlation between NDSI and biomass suggests that vegetation structure
plays a fundamental role in shaping acoustic diversity. Forested environments with higher
biomass, characterized by well-developed vegetation layers, appear to promote a richer
and more complex biophonic component, likely due to their ability to support a greater
abundance and diversity of soniferous species [59,60]. This finding is consistent with
ecological theories linking habitat complexity to acoustic variability, as structurally rich
ecosystems provide enhanced niches and resources for bioacoustic activity [22,26,74].
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Furthermore, the observed positive correlation between biomass and bird species
richness reinforces the idea that productivity and structural characteristics of vegetation
influence the diversity and abundance of bird communities. High biomass levels typically
correspond to increased availability of resources, including food sources such as insects
and seeds, and nesting sites, which are critical for the persistence of specialized bird
species. In particular, mature forest stands dominated by large trees, such as Quercus robur,
contribute significantly to avian biodiversity by providing microhabitats that support a
diverse assemblage of species [67]. The structural complexity of these trees, including their
extensive canopies and the presence of cavities, provides essential ecological resources for
cavity-nesting birds, a group that is highly dependent on the availability of mature forest
elements [75,76].

In addition to their role as physical habitat providers, mature trees may also influence
the spatial organization of acoustic signals within forest ecosystems. The hypothesis
of acoustic habitat filtering suggests that certain structural features of the habitat may
favor species whose vocalizations are best transmitted or least masked in that particular
acoustic environment [77,78]. In this context, large individuals of Quercus robur, with their
complex tree architecture—such as irregular branch angles, cavities, and layered foliage—
may generate multiple sound reflections, absorptions, and diffusions. Such structural
complexity may lead to the formation of distinct spectral and spatial acoustic niches,
facilitating acoustic niche partitioning and enabling the coexistence of bird species that use
different frequency bands and calling strategies [79,80]. Our results support this framework,
suggesting that the ecological value of mature oak extends to shaping the acoustic landscape
in a way that supports diverse acoustic communities.

Conversely, Carpinus betulus, although a common tree species at some sampling sites,
did not show a significant correlation with avian species richness. This result suggests that
tree maturity, rather than mere presence, is a key determinant of avian diversity. Unlike
Quercus robur, Carpinus betulus lacks the structural characteristics necessary to support
specialized forest birds, particularly those that rely on cavities for nesting or require stable,
resource-rich environments [81]. Its lower ecological contribution may be attributed to its
comparatively limited ability to provide trophic and structural resources, reinforcing the
idea that forest stands dominated by older, larger trees are critical for maintaining complex
and ecologically functional bird communities.

5. Conclusions
In this study, we applied a multidisciplinary approach to investigate the interaction

between soundscape characteristics and vegetation structure within a protected area af-
fected by a nearby highway. Using eight ecoacoustic indices, we quantified the diversity
and complexity of soundscapes at eight sites, revealing a clear distinction between areas
exposed to anthropogenic noise and those immersed in denser vegetation. Sites with higher
biomass and structurally complex forests, such as sites 4 and 9, showed high acoustic
diversity indices, suggesting that mature forests not only provide critical habitat for diverse
faunal assemblages but also buffer the propagation of anthropogenic noise. In contrast,
areas characterized by simpler vegetation structures and lower biomass, such as sites 2
and 8, were associated with reduced biophony, highlighting the role of habitat quality in
shaping acoustic biodiversity.

These results highlight the ability of vegetation to modulate the soundscape by influ-
encing both noise propagation and ecological niche availability. Key structural attributes,
such as basal area, tree species richness, and biomass, emerged as primary drivers of
ecoacoustic variability, reinforcing the idea that the size of individuals of different habi-
tats plays a fundamental role in supporting biodiversity. In particular, the presence of
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large tree species, such as Quercus robur, was positively associated with avian species rich-
ness, supporting the hypothesis that structural complexity and individual size are critical
determinants of both habitat quality and acoustic complexity.

From a broader perspective, this study highlights the value of ecoacoustics as a non-
invasive and scalable tool to assess biodiversity patterns and the ecological impact of human
activities. Integrating soundscape analysis with vegetation structure assessments provides
a powerful framework for understanding ecosystem dynamics, offering new insights into
the interactions between biotic and abiotic factors. This approach has significant potential
to guide conservation planning, inform sustainable forest management, and mitigate the
effects of environmental degradation. Future research should extend these findings by
incorporating long-term monitoring strategies, assessing seasonal variations in ecoacoustics
models, and exploring the applicability of these methods in different ecological contexts.

By advancing our understanding of how vegetation modulates the soundscape, this
study contributes to a growing body of research that supports the conservation of mature
forests as a key strategy for maintaining acoustic biodiversity. In an era of rapid environ-
mental change, promoting interdisciplinary approaches that connect ecoacoustics, forest
ecology, and conservation science will be essential to safeguard the integrity and resilience
of natural ecosystems.

Supplementary Materials: The following supporting information can be downloaded at: https:
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