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Abstract — Urbanization has intensified the complexity of acoustic environments, necessitating a more
comprehensive understanding to support urban acoustic planning for healthier living spaces. Traditional
noise monitoring, primarily based on sound pressure level indices, is insufficient for capturing the full scope
of these environments. This study investigates whether a diverse set of acoustic metrics can improve the
characterization of acoustic environments and examines their stability across different land use types. We
analyzed 1 year of time-series data from acoustic monitoring stations in Bochum, Germany, calculating psy-
choacoustic, ecoacoustic, and complex network indices. Our goals were to: (1) identify interdependencies
among selected metrics, (2) uncover temporal patterns in acoustic measurements, and (3) relate them to
their respective locations. Methods included correlation analysis, DBSCAN (Density-Based Spatial Clus-
tering of Applications with Noise) clustering, principal component analysis, and descriptive statistics with
diurnal aggregation. The findings demonstrate that acoustic indices of eight distinct dimensions, along with
eight individual metrics, reveal crucial temporal, spatial variations of the acoustic environment and the in-
terplay of individual sound sources overlooked by conventional sound pressure level (SPL) metrics. In par-
ticular, the study identifies the maximum Sharpness (Aures method), Link Density, the Bioacoustic Index,
and the Amplitude Index as the most effective predictors of land use types, achieving the highest Adjusted
Rand Index values (0.25, 0.17, 0.13, 0.13). Incorporating such indices into acoustic monitoring practices
offers a refined, site-sensitive framework to identify more nuanced qualities of the acoustic environment,
therefore, potentially laying the groundwork for targeted urban interventions that could promote health.

Keywords. Acoustic indices, Temporal patterns, Acoustic monitoring, Urban acoustic environments,
Environmental acoustics

1 Introduction interventions that not only mitigate the negative effects of
sound but also foster the creation of spaces with restora-
tive qualities, ultimately contributing to positive health

outcomes [1].

The fast spread of urban areas is a continuous process
that leads to greater environmental impacts [1]. Noise

pollution, for example, affects over 95 million EU citi-
zens who are exposed to levels considered harmful [2].
Addressing the challenge of creating healthier and more
livable cities requires a strong focus on understanding
the acoustic environment (AE). This is essential not
only because noise pollution poses a significant health
risk but also because the AE offers valuable informa-
tion on various urban subsystems, such as biodiver-
sity, traffic, and the built environment [3-5]. A deeper
understanding of these dynamics can inform targeted
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While traditional noise abatement measures have
focused mainly on reducing sound pressure levels (SPL)
to improve AE, they often fail to account for the diverse
events where specific sound sources that follow specific
frequency patterns stand out and shape the real-life audi-
tory experience of residents and its effects [6, 7]. The
European noise directive (2002/49/EC) emphasizes noise
mapping to guide urban development by displaying noise
hotspots, for example, but these maps often fall short in
reflecting the diversity of urban AE since they focus only
on the main noise sources (road traffic, train, aircraft and
industry) [6].
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The acoustic environment (AE), as experienced by
humans, is multifaceted: while certain AEs can be detri-
mental to health, others can promote psychological
restoration. This duality makes acoustic design a pow-
erful tool for enhancing urban well-being by minimiz-
ing harmful noise and amplifying beneficial sounds [8].
Understanding how these qualities manifest in real-life
settings is critical for urban planners. Various tools
for assessing perceived acoustic qualities exist and have
been standardized, involving residents directly, as “local
experts” through both surveys and observations and pro-
viding deeper insights into their individual experiences.
However, such participatory methods can be financially
expensive, time-consuming, are limited to small areas and
susceptible to biases [9)].

To capture the complexity of the urban acoustic envi-
ronment, monitoring systems play a crucial role. This is
not only common in urban contexts but also in ecoa-
coustics [10], where passive acoustic monitoring (PAM)
has proven effective in ecosystem assessment [11]. Recent
advancements include noise monitoring techniques for
predicting acoustic comfort through sound event detec-
tion [12] and citizen science approaches to noise mon-
itoring, which combine mixed-model predictive model-
ing with public participation [6, 13]. Such methods have
also been applied in large-scale data collection efforts,
like those tracking temporal sound patterns at fixed
monitoring points in cities [14].

Psychoacoustics plays a central role in bridging the
gap between cost-intensive processes and sound qual-
ity prediction by linking specific acoustic properties to
human auditory perception [15]. Psychoacoustic param-
eters are modeled on the basis of empirical evidence
to offer a more nuanced understanding of how sound
is experienced beyond simple loudness levels [16, 17].
For instance, these parameters can help identify time-
variant patterns and qualities correlated with the per-
ceived timbre of the acoustic environment, which might
correlate with natural sound sources [18]. Fostering
the presence of this type of sound can be benefi-
cial for general well-being in contrast to technologi-
cally produced sounds that are often perceived as more
annoying [19].

Driven by the fact that the combination of the
mentioned indices scarcely has been used for a long-term
analysis of acoustic data, this study seeks to apply and
interpret a set of acoustic indices within a longitudinal
noise monitoring project denominated SALVE (Acous-
tic Quality and Health in Urban Environments) in which
PAM procedures where used in the urban realm. By inte-
grating a large number of acoustic indices into time-series
analyses, we aim to explore how they perform relative
to traditional SPL indices and examine how a selected
array of key representative metrics varies across differ-
ent locations and environmental conditions, particularly
looking at diurnal patterns, as seen in similar studies
like [14] and [20]. A clustering analysis is used to better
understand how these indices correlate with non-acoustic
criteria, such as land use categories, thereby offering

insights into the diversity and complexity of the acoustic
environment.

The core objectives of this paper are articulated
through the following research questions:

1. Do acoustic indices capture additional informa-
tion about the acoustic environment beyond noise
measures?

2. Which acoustic indices capture similar information
about the acoustic environment?

By addressing these questions, this study aims to con-
tribute to a more comprehensive understanding of urban
acoustic environments and the potential of specific acoustic
indices to improve acoustic monitoring and analysis. To this
end, we applied a series of statistical procedures, including
correlation clustering to uncover similarities among com-
monly used acoustic indices, dimensionality reduction to
streamline a structured analysis of the data, and cluster val-
idation to confirm the practical relevance and performance
of the selected indices (overview on Fig. 1).

2 Material and methods
2.1 Acoustic monitoring framework and audio data

To address the research questions, data from the
SALVE study is further analyzed [21]. Since this dataset
covers a wide range of urban residential areas and a
few large forested and designed green spaces, it is well-
suited to our research aims. It contains data that was
collected using 23 PAM-devices that created 3-minute
recordings every 26 min, resulting in 50 recordings per
day per device. Our selected data subset was collected
from May 2019 to the end of May 2020 — a time span of
more than a year (see Fig. 2). Each file was logged by
a Wildlife Acoustic SMJ4 recorder with a SMMA2 micro-
phone with a sampling frequency of 44.1 kHz and a 16-bit
depth. The data has undergone several plausibility checks
and has already been used in a number of publications
[20, 22]. We used the existing features calculations, in
particular the feature collection of ecoacoustic indices [23]
and the Frequency-Correlation-Matrix (FCM)-based fea-
ture Link Density [24] and complemented this by adding
differently weighted sound pressure levels and psychoa-
coustic parameters that were calculated for each audio file
using the HEAD acoustics ArtemiS SUITE version 15.1.
The data set finally amounted to 416,095 observation
points of 98 calculated indices.

2.2 Indices

Psychoacoustic metrics are used to quantify the
human perception of sound. At the heart of psychoacous-
tic modeling is loudness, which takes into account phys-
iological ear mechanisms, such as frequency-dependent
hearing and masking processes [15]. Based on the loud-
ness model, additional indices such as Sharpness, Rough-
ness, Fluctuation Strength, and Tonality were derived
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Figure 1. Methods used and outcome produced to address the research questions, the numbers in the brackets indicate the
dimensions of the data structure, the first two steps we took in order to understand numerical overlap of the predefined set of
indices, later we used PCA to select non-arbitrary indices as cluster representatives. This set of uncorrelated indices was then
checked regarding sensitivity and response to the land use type where the device was positioned through a statistical procedure
that included common clustering methods and the calculation of a validation metric.

and made accessible to the public in a standardized form
(e.g., ISO 532-1, ECMA 418-2, DIN 45692).

We selected these psychoacoustic parameters to align
closely with those used in established studies and stan-
dards in the field. For the sharpness parameter, we
included two different versions: the standard metric
defined in DIN 45692, and a loudness-weighted version
proposed by Aures [25]. The latter is based on the idea
that a higher overall loudness increases the perceived
sharpness of a sound.

To face the variant character of sonic events, per-
centile values such as the 5th, 50th, and 95th percentiles
are used. They provide insight into the distribution of
these frame-based calculated psychoacoustic metrics over
time. For example, the 95th percentile of Sharpness or
Loudness captures the values above which only 5% of the
observations occur, thereby, representing the louder, more
prominent sound events within a measurement period
26, 27).

Furthermore, we decided to integrate the mean based
on the root mean square of the signal samples since
higher values are weighted using this procedure, the
outcome is presumably closer to time-variant loudness-
perception [28].

Our dataset also includes the Psychoacoustic Annoy-
ance (PA) metric which combines multiple psychoacoustic
parameters (Loudness N5!, Sharpness, Roughness, and
Fluctuation Strength) into a single measure, reflecting the
general (psychoacoustic-) annoyance potential of a sound
environment [15]. By weighting each parameter according
to its contribution to perceived annoyance, the PA index
is supposed to provide a comprehensive annoyance score,
which could be more reflective of human perception than
any single metric alone.

1 N5 is the 95th percentile of loudness; the reverse designa-
tion is a convention in psychoacoustics. In this publication,
we do not follow this convention, and in the following, P95 is
referred to as the higher value.
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Figure 2. Overview of daily count of recordings for each

device. The breaks between the dots represent a period of

missing data, non-blue dots represent days with a total count
of recordings <50.

We incorporated well-established indices from the field
of soundscape ecology all calculated using the R pack-
age “soundecology” [23], including the Acoustic Diver-
sity Index (ADI) and the Acoustic Richness Index (AR),
which are designed to quantify the diversity and inten-
sity of acoustic signals within specific AE. Additionally,
indices such as the Normalized Difference Soundscape
Index (NDSI) and the Biocacoustic index (BIO) were
employed to analyze intricate AEs, that are supposed
to provide information about the composition of bio-
phonic (natural) and anthrophonic (human-made) sound
sources. To complete the set of ecoacoustic indices the
Acoustic Complexity Index (ACI) was integrated which
represents the mean band-variability of an acoustic signal.

From the ecoacoustic category we also utilized the
Amplitude Index (M), a relative metric that captures the
average dynamics of sound volume. This index is calcu-
lated as the ratio between the temporally weighted sound
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pressure level and its maximum values, providing infor-
mation on the temporal variability and dynamic range of
the AE.

To further enhance the quantification of spectral dom-
inance, we integrated FCM-based indices. Among these,
we used Link Density (LD) as a measure derived from
the complex network of the FCMs. Higher values of LD
indicate that an acoustic environment is more acousti-
cally saturated resulting in a less diverse tempo-spectral
outcome. This metric was also incorporated into our
study to assure and discuss compatibility with a previous
study [29].

Finally, we integrated widely used SPL indices. They
were adjusted according to the internationally stan-
dardized A- and C-weighting curves (ISO 389-7:2019),
which are inversions of equal loudness contours, estab-
lished to reflect the non-linear sensitivity of human
hearing. This inclusion also ensures consistency with
established methodologies and allows for comparisons
between studies.

Another quantity of or dataset is kurtosis which is
calculated as the 4th statistical moment of the amplitude
of an audio signal. This dimensionless quantity describes
the impulsiveness of a distribution relative to a normal
distribution. The greater the amount of kurtosis, the
more prominent impulse-like peaks are present in the
signal [30].

A description of each indicator can be found in the
supplementary material of [29] and [20].

2.3 Land use types

In order to carry out a location-based comparison of
the measurements, calculation and validation of the clus-
tering, we used land use types of the areas where the
selected devices were positioned. We took over the land
use definitions that where the result of a simple review
process where several people examined 360° photos of
the device locations separately. This approach was car-
ried out due to a possible peripheral acoustic influence
on the monitoring stations (Tab. 1). The procedure is
described in more detail in [31].

2.4 Statistical analysis

To streamline the analysis and gain deeper insights
from the dataset, the total number of indices was reduced
to a set of key representatives. This process, denominated
as data cleaning, involved the use of descriptive statistics,
correlation analysis, and applied data reduction methods.

2.4.1 Dimensionality reduction

First, basic descriptive statistics for each index were
reviewed (mean, median, percentiles, and standard devi-
ation). Any indices that showed zero variance, such as
the aggregated minimum values of all indices and certain
indices, were excluded from further analysis. To realize

Table 1. Land use categories from [24] with the respec-
tive color-codes and the total number of observations
(=valid recordings).

Device Land use Number of

ID type (LUT) Color-code observations
1 Small garden near house | 14.910
2 Small garden near house | 18.567
3 Residential area 18.090
4 Green space 18.769
5 Small garden near house | 18.716
6 Residential street 15.839
7 Main street | 18.842
8 Residential area 18.713
10 Residential street 18.740
11 Residential street 18.458
12 Green space 18.737
13 Commercial area | 16.003
14 Main street | 18.661
15 Main street | 18.497
16 Play- and sportsground 18.742
17 Urban agricultural land | 18.448
18 Small garden near house | 18.637
19 Urban agricultural land | 18.395
20 Urban forest | 18.501
21 Small garden near house | 18.187
22 Residential street 18.054
23 Commercial area | 18.730
24 Urban forest | 16.859

an identification of the principal dimensions, the dataset
underwent a standardization process [32], where each
value was scaled by subtracting the arithmetic mean and
dividing by the standard deviation. Then we correlated
these indices using Pearson’s r to identify the amount of
correlation between the acoustic indices (the full corre-
lation matrix can be found in Appendices B1.1, B1.2).
Following this, we employed DBSCAN (Density-Based
Spatial Clustering of Applications with Noise) to detect
clusters of similar indices. The DBSCAN algorithm iden-
tifies dense regions that meet this minimum density cri-
terion, distinguishing them from areas with a lower point
density [33]. To determine the best combination of param-
eter values for e (which is the maximum distance two
points can be from each other while still belonging to
the same cluster) and the minimum samples (the fewest
number of points required from a cluster), we iterated
through predefined value pairs (e from 0.1 to 2 with 30
steps, minimum points from 1 to 50) and calculated the
silhouette coefficient values, which is a distance metric
used to evaluate the independence of clusters with val-
ues ranging from —1 to 1 for each configuration indi-
cating overlaps between clusters [34]. We then selected
the most plausible pair of hyperparameters regarding
the number of clusters (1 < n < 98) and the fewest
noise points (¢ = 1.34, minimum samples = 2, silhou-
ette score = 0.39). One key advantage of DBSCAN is
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that it does not require any assumptions about the num-
ber of clusters beforehand, preventing the formation of
clusters from indices that may lack true similarity. This
stands in contrast to algorithms like k-means or hierarchi-
cal clustering, which require the number of clusters to be
predefined or inferred, potentially leading to forced classi-
fications even when the data does not naturally support
them. Next, we applied Principal Component Analysis
(PCA) to identify the representative indices for each clus-
ter which proved to be the most uncorrelated and best
in variance explanation. To do so, we analyzed indices
of each DBSCAN identified cluster separately. Follow-
ing this, we selected the index that exposed the high-
est loading value within its first component (the one that
explained most of the variance) as the key representative.
This approach should enhance the interpretability of our
findings, as directly analyzing the principal components
themselves can complicate the practical application of the
results.

2.4.2 Average LUT-stratified diurnal cycles

To display a clear and structured presentation of the
AE, diurnal cycles were aggregated according to land use
type. This approach was justified by the low intra-device
variability observed within each respective land use cate-
gory, as indicated by the standard deviations provided in
Appendices Al.1 and Al.2. However, for a more gran-
ular examination, plots showing individual device and
index variations are available in the supplementary mate-
rial (Appendix A1.3). The objective of this approach was
to uncover characteristic acoustic profiles typical of dif-
ferent land use categories and to evaluate whether a set
of acoustic indices could provide a more detailed and
nuanced picture of the AE. To do so, each index of the
reduced set (Fig. 3) was aggregated (arithmetic mean)
as diurnal cycles. We stratified our dataset by land use
type (LUT), hour, date, and day number, which resulted
ina N =~ 52-7-24-2 (weeks of the year, days, hours,
recordings per hour) array per LUT that was then aggre-
gated (using arithmetic average). This process produced
an hourly mean index that was visualized as a 2D plot
and used for subsequent exploratory analysis.

2.4.3 Clustering procedure

A hierarchical clustering procedure was employed to
group the average diurnal cycles, using the Ward method
as the linkage criterion to minimize variance within clus-
ters. That algorithm was contained in the python library
SciPy (scipy.cluster.hierarchy.linkage [35]). To determine
the clusters, the mazclust criterion algorithm was applied.
This method identifies a minimum threshold (m) such
that the cophenetic distance (the height of the dendro-
gram) between any two original observations within the
same flat cluster does not exceed m. The algorithm also
ensures that no more than ¢ flat clusters are formed. For
this analysis, nine clusters were selected, corresponding
to the total number of land use type categories. To eval-
uate the clusters in relation to land use, respective land

use types were integrated to the cluster dataframe and
treated as the “true” cluster labels.

The Adjusted Rand Index (ARI) was selected as an
external validity index to evaluate the performance of the
clustering [36, 37], which is our approach to assessing how
well the respective indices distinguish the land use types
of the locations. The ARI algorithm measures the similar-
ity between two sets of clusters, where one is designated
as the ground truth. Importantly, it disregards permu-
tations in cluster labeling. To calculate this metric, the
two cluster sets are transformed into a contingency table
that aggregates all possible pair of points belonging to
the same cluster. The table is then used to break down
the correct and incorrect assignments. In the subsequent
step, the probabilities of specific combinations occurring
by chance are accounted for. The ARI quantifies clus-
tering performance on a scale ranging from —0.5 (highly
discordant) to 1 (perfect alignment) [38]. While the met-
ric provides a robust evaluation, we had to keep in mind
that it could be less informative for smaller clusters in
data sets with unbalanced cluster sizes, as the agreement
for these clusters may be underrepresented [36].

3 Results

3.1 Dimensionality reduction

The best fit to the correlation clustering using
DBSCAN was with 8 clusters and 8 noise points (sil-
houette score = 0.39, see Fig. 3). The first and most
prominent cluster (with the highest number of indices)
mainly contains indices related to sound volume, while
the second is composed of kurtosis indices. The third clus-
ter includes sharpness indices with loudness weighting
(Aures method), and in the fourth group, spectral and
roughness-related indices as well as also the ecoacous-
tic NDSI fall into this category. Clusters five comprise
fluctuation strength indices and the Acoustic Complexity
Index, respectively, whereas cluster six is represented by
spectral entropy (Hf) and time/spectral entropy (H). The
seventh cluster comprises the Acoustic Diversity Index as
well as the Acoustic Evenness Index. The eighth cluster
is defined by the Bioacoustic Index (in its two forms).
Indices that did not cluster include Link Density, time-
domain entropy (Ht), spectral balance (L(C)eq—L(A)eq),
Acoustic Richness (AR), the max-values of both of the
sharpness indices, Number of Peaks (NP) and the Ampli-
tude Index (M). Based on their loadings on their first
principal component, the one that exposed the highest
amount of explained variances (wedges of Fig. 3), we
selected representative indices for each cluster. For a com-
prehensive overview of the PCA results, please refer to
the supplementary material (Appendix B.2). All deci-
sions were based on the highest loading value, besides
the A-weighted sound pressure level (with a 1s time-
weighting) as it played an important role in approaching
the articulated research questions. For the first cluster,
the root mean square aggregated loudness index (ISO
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Figure 3. Clustering outcome after applying DBSCAN to a
correlation matrix, resulting in eight distinct clusters of vary-
ing sizes indicated by their respective coloring, the numeric
value added to each feature wedge represents the loading to
the first principal component of the cluster that was sub-
jected to principal component analysis (PCA). The feature-
labels added to the legend were those being selected as key
representatives of the respective cluster exposing the highest
loading. Because of external validation reasons the A-rated
sound pressure level was added to the list.

532-1 method — rms) was chosen as the representative
index. In the second cluster, mean values of kurtosis
exhibited the highest loading, making them the rep-
resentative index for this dimension. Similarly, in the
third cluster, rms-values had the highest loading, with
sharpnessaures_rms as selected index. However, the total
number of indices contributing to this component was
lower compared to the first dimension. For the forth
cluster, sharpnessdin_mean was selected as the represen-
tative index. In the fifth cluster, fluctuation_mean, a time-
domain index, was identified with its mean showing the
highest loading. The sixth cluster was represented by an
ecoacoustic feature H, which is a product of frequency
and time-domain elicited entropy, presumably highlight-
ing its combined focus on both temporal and spectral
information. In the seventh cluster, the representative
index was the Acoustic Diversity Index, an ecoacoustic
measure that captures variations in the spectral domain.
Finally, the eighth cluster was represented by the Bioa-
coustic Index, which measures energy components within
the spectral band ranging from 2 to 8 kHz, providing
insight into specific spectral energy distributions. In addi-
tion, in the following analysis, seven indices identified as
noise points (Fig. 3) are considered.
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3.2 Diurnal cycles

Figure 4 shows the time of day averages of the selected
main representatives. The data is stratified by LUT,
which were not uniformly distributed (not every category
occurs equally often). Although most indices demonstrate
plausible low value ranges, kurtosis stands out with sig-
nificant outliers, resulting in a large confidence interval.
This is less evident, especially for loudness-related fea-
tures. Despite being monitored with four devices, resi-
dential streets show a remarkable low inner variability,
underscoring the uniformity of their sound environment.
Across all plots, a clear distinction between day and night
periods is evident, emphasizing the temporal dynamics of
urban and peri-urban AEs.

Loudness-related indices (loudnessiso_rms and lev-
ela_eq_1) are most pronounced on main streets, and
exhibit both high values and low intra-variability. In addi-
tion, there are peaks visible with notable and consistent
difference compared to other land use types. Commercial
and residential streets showed comparable loudness values
although residential streets exhibited a distinctive peak
at midday (12 PM). The A-weighted sound pressure level
plot, however, does not reveal variations, compared with
the other loudness index. Kurtosis emerges as a index
with idiosyncrasies, as it shows distinctive patterns com-
pared to the other indices, with urban forests ranking
highest, albeit with considerable variability, while com-
mercial areas rank lowest and show minimal day-night
differences. Sharpness (Aures) mean values reveal signif-
icant differences between areas: urban forests exhibit the
highest values, particularly at night, whereas commercial
areas show consistently low values with almost no tempo-
ral variation. Main streets show lower sharpness at night
than during the day. Peaks are visible in urban forests
early in the morning (5 AM) and evening (8 PM), as well
as similar but less pronounced increases observed in green
spaces and residential areas.

A comparable trend is noted for mean sharpness val-
ues based on the DIN 45692 method. However, unlike
the Aures method, residential streets do not experience
an increase in sharpness during the day, highlighting the
influence of loudness weighting in the Aures approach.
Furthermore, differences between day and night peri-
ods are more distinctly recognizable in the DIN 45692
method. ADI values are highest in urban forests, with
greater values observed at night. Main streets, on the
other hand, show higher ADI values during the day-
time, often surpassing even those recorded in urban
forests. The playground area exhibited the lowest ADI
values, with local peaks occurring in the morning hours.
Agricultural land covers a broader range of ADI val-
ues, indicating variability in acoustic diversity depend-
ing on time and context. The Bioacoustic Index (BIO) is
highest on main streets, apparently reflecting the domi-
nance of anthropogenic and traffic-related sound sources,
whereas urban forests display significant day-night differ-
ences, with higher values typically recorded during the
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Figure 4. Diurnal plots of the main representatives, stratified by land use type, plotted with the 95% confidence interval and
total amount of devices that fall into each land use category, ADI = Acoustic Diversity Index, BIO = Bioacoustic Index, H =

Entropy, NP = Number of peaks, M = Amplitude index, AR =

day. In commercial areas, daytime differences in BIO-
values are less pronounced, suggesting a more consistent
AE throughout the day. In small gardens, BIO values
tend to increase later in the day, reflecting an afternoon
increase in acoustic activity. Entropy (H) values are con-
sistently highest in urban forests and lowest in commer-
cial areas, highlighting the greater variety of acoustic
activity present in natural environments compared to the
relatively homogeneous AE of commercial zones. Across
all locations, entropy values dropped noticeably during
midday, likely due to reduced overall activity during this
period. Low-frequency content (L(C')eq — L(A)eq) is most
prominent in urban agricultural areas and is least pro-
nounced on main streets. A notable drop in low-frequency
content was observed across most sites in the early morn-
ing hours (around 5 AM), with values gradually build-
ing up again toward midday, reflecting diurnal changes
in sound sources, such as the onset of vehicular activ-
ity. The comparison of sharpness indices — Aures (max)
and DIN45692 (max) — reveals distinct patterns influ-
enced by the incorporation of loudness weighting. Main
streets exhibit the highest sharpness values when loud-
ness is accounted for (Aures method), highlighting the
dominance of high-energy, sharp sound sources in these
environments. Day-night differences in sharpness are less
pronounced across sites, although sharpness DIN (max)
rose earlier in residential areas, potentially indicating the
presence of different bird species active at dawn. Addi-
tionally, residential areas show a local sharpness peak at
4 PM, possibly reflecting a combination of human and
natural sound events during this period. The Number of
Peaks (NP) metric is highest at playgrounds and low-
est on main streets, with a significant margin separating
main streets from other land use types. This pattern is
almost inverse to that observed for loudness-related vari-
ables, indicating a distinct relationship between NP and

Acoustic richness, Ht = Temporal entropy.

overall sound energy. The M metric exhibits the high-
est values in commercial areas, highlighting their consis-
tently steady sound environment. Prominent peaks in M
are observed at residential streets (2 PM), main streets
(3 PM), and urban forests (9 AM), indicating temporal
variations in sound activity across these land use types.
Link Density is most pronounced on residential streets
and lowest in urban forests, showing a clear stratifica-
tion among land use types, with a notably high upper
offset at main streets. A significant dip in Link Den-
sity is observed on both residential and main streets
between 2:00 AM and 5:30 AM. Similar periodic pat-
terns are evident across all other LUTs, with generally
low activity levels at night. Regarding temporal variabil-
ity, green areas exhibited the highest values of Ht (tem-
poral entropy), indicating greater variability in their AE,
while gray urban areas showed the lowest values, with
a pronounced local minimum around 5 PM. While all
LUTs displayed a moderate drop in Ht during this time,
the decrease was most pronounced at the playground,
whereas the main street values experience a rise dur-
ing the same period. The Acoustic Richness (AR) met-
ric is notably high in commercial areas, closely followed
by forest areas. Peaks in AR are consistently observed
at 6 AM across nearly all locations, with the most pro-
nounced increases occurring in green areas, presumably
highlighting the morning activity of both natural and
anthropogenic sound sources.

3.3 Ward clustering

When examining ARI values in detail (see Fig. 5), a
general low clustering quality becomes evident. While no
single index fully represents the ground truth, four indices
stand out with higher values. For example, fluctua-
tion_mean yielded results that appeared random, whereas
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Figure 5. The Ward cluster labels of each device were
compared with the corresponding land use type (taken
from Tab. 1). The similarity between these two categories is
quantified using the ARI (as described in Sect. 2.4.3), which
is specified for each acoustic index.

sharpnessaures_maz consistently ranked as the most
accurate index. Sharpnessdin_max, the non-loudness-
weighted version of sharpness, received considerably lower
scores compared to the Aures method, further empha-
sizing the influence of weighting methodologies on this
metric’s performance. Link Density presents itself as the
second-best index, though with lower values than the best
predictor. Additionally, BIO and M indices perform at a
comparable level, both achieving relatively high scores
and marking a clear gap to the remaining indices.

Beyond these findings, no single feature category (e.g.,
FCM-based, ecoacoustic, psychoacoustic, or SPL-aligned
metrics) emerged as the dominant predictor of land use
types. Instead, the top four indices were drawn from all
categories, highlighting a distributed contribution across
the calculated indices.

4 Discussion

This study addressed two core research questions
related to the application of acoustic indices in urban
environments. First, we examined whether acoustic
indices provide additional information about the acous-
tic environment beyond traditional noise metrics such as
L(A)cq. The findings clearly indicate that they do: acous-
tic indices demonstrate internal variability, highlight
repetitive or periodic patterns, and demonstrate sensitiv-
ity to land use typologies, characteristics that SPL-based
approaches tend to overlook. Second, we explored which

acoustic indices convey similar or overlapping informa-
tion. Our analysis revealed notable overlaps between eco-
logical and psychoacoustic indices, particularly among
those emphasizing peak or higher amplitude events. This
insight contributes to the methodological refinement of
future studies by helping to reduce redundancy in index
selection. Collectively, the produced results merit further
critical examination, focusing on three key aspects closely
aligned with the research questions:

1. The Dataset Fingerprint: This section addresses the
shared information discernible in the averaged data
and explores its implications for understanding the
overall structure and dimensionality of the dataset.

2. A Colorful Mosaic of the Acoustic Environment: The
second focal point involves an interpretation of diurnal
patterns within urban contexts, providing insight into
the temporal dynamics of acoustic environments and
their variability at different times of the day.

3. Land Use Type Clustering Fit: Finally, this section
evaluates the functionality and suitability of the iden-
tified features, with particular attention to their role
in distinguishing land use types.

4.1 The datasets fingerprint

The correlation analysis of the dataset reveals patterns
consistent with findings of previous studies conducted in
diverse contexts, including data with high spatial resolu-
tion [29], random 3D (ambisonic) audio samples [39], and
binaural soundwalk recordings [26].

Across these studies, a consistent conclusion emerges
regarding the first principal dimension: a group of
loudness-related indices, that primarily capture sound
volume, which also forms the most significant and cohe-
sive block within our dataset. These parameters exhibit
high internal consistency and are the dominant con-
tributors in clustering analyses, characterized by low
within-cluster variability. Psychoacoustic Annoyance is
also included in this block, suggesting that its loudness
weighting may be disproportionately emphasized for lon-
gitudinal analyses. To the authors’ knowledge, Psychoa-
coustic Annoyance (as defined by [15]) has not been previ-
ously calculated for longitudinal datasets, leaving limited
opportunities for comparative evaluation.

The second major feature block encompasses spectral
indices that capture frequency-related characteristics and
integrate a combination of spectral and temporal fea-
tures. This cluster highlights notable correlations between
psychoacoustic parameters, such as sharpness and ecoa-
coustic indices like NDSI. This correlation is likely due
to both measures being sensitive to high-frequency con-
tent, a phenomenon previously observed in related studies
[29, 40]. Furthermore, Sharpness demonstrates strong cor-
relations with Roughness within this dataset, which can
likely be attributed to the repeated occurrence of specific
sound sources characterized by rapid modulations in the
high-frequency range.



M. Schuck et al.: Acta Acustica 2025, 9, 66 9

Consistent with previous findings [29, 39], a distinct
cluster related to slow modulation features was identified.
Within this cluster, psychoacoustic indices like Fluctua-
tion Strength display strong similarities with ecoacoustic
indices, such as ACI. This correlation likely arises because
both algorithms respond to periodic changes in the time-
domain. ACI, for example, was specifically developed to
detect irregular biophonic activity.

Kurtosis, on the contrary, forms a separate and highly
distinct cluster, characterized by high internal variabil-
ity and demonstrating notable inconsistency in behav-
ior. Similarly, maximum sharpness indices diverge from
other measures, but with considerably smaller confi-
dence intervals underscoring their utility in longitudinal
analyses.

Notably, the majority of ecoacoustic indices do not
exhibit significant correlations with the primary clusters,
highlighting their independence and value as complemen-
tary metrics to typical loudness and spectral indices. At
this stage we can state that the structured interplay
among various acoustic dimensions reinforce the poten-
tial of different acoustic indices to offer valuable insights
into AEs.

4.2 Diurnal cycles as colorful mosaic of the acoustic
environment

The use of time of day averaged value diagrams
proves to be an effective and insightful method to rep-
resent the AE within urban areas. These visualizations
reveal patterns that are both intuitive and, at times,
less expected, offering a more advanced understanding
of urban AE. One prominent observation is the periodic
nature of certain acoustic indices, such as loudness indices
that probably caused by the traffic volumes. These pat-
terns are most pronounced on major roadways, empha-
sizing the dominant influence of vehicular noise on the
urban AE. Nevertheless, variation in these values could
as well be an indication of different road modalities such
as intersections, highways, speed limits or commuting
behavior, which could be investigated in future studies.
Despite this well-known relationship, several other indices
exhibit idiosyncratic patterns. Some align with expecta-
tions, while others appear counterintuitive. For instance,
the Bioacoustic Index, which is typically associated with
natural acoustic environments, reaches its highest values
along main streets. This counterintuitive finding, already
discussed in the literature [21], highlights that in urban
contexts, the notion of highlighting activities in higher
frequency bands, is not automatically linked to biophonic
activity. Mechanical sounds occupy the full frequency
spectrum, complicating straightforward interpretations of
this particular ecoacoustic index.

Similarly, the ADI has also produced unexpected
results. Prior studies have shown that ADI correlates neg-
atively with human speech and positively with vehicle
noise [41]. In our data, the forest site, where acoustic
diversity would typically be expected to peak, actually

exhibited higher ADI values during periods when bio-
phonic activity should be more pronounced, suggest-
ing a mismatch between index output and ecological
expectation.

An unexpected pattern emerges when analyzing
low-frequency prominence, measured as the difference
between C-weighted and A-weighted sound pressure lev-
els (L(C')eq — L(A)eq). Given that road traffic is the most
prominent low-frequency source in populated areas, it
would be reasonable to expect the highest values in loca-
tions with significant traffic presence. However, in this
study, the highest values were observed in agricultural
areas, where traffic noise is typically less dominant. This
discrepancy suggests that additional factors influence
the propagation and presence of low-frequency content.
One potential explanation is the role of air absorption
that counteracts the expected decrease in low-frequency
prominence with increasing distance from major roads.
The data also reveal distinct variations in commuting
patterns and traffic composition, with traffic volumes
peaking at specific times, such as early evening, and
decreasing by midday. While these temporal variations
are evident, more research is required to fully understand
the mechanisms underlying this distribution.

The analysis of prominent peaks in the averaged
acoustic data suggests that site-specific sounds are
key contributors to the acoustic identity of urban
and peri-urban environments. These distinctive patterns
become more evident when examining time-specific or
modulation-dependent parameters (Fluctuation Strength
or M), highlighting the advantage of long-term acous-
tic monitoring. Unlike single-point measurements, which
capture only a snapshot of the AE, automatized mea-
surement periods reveal patterns and peculiarities that
are otherwise difficult to discover.

4.3 Land use type clustering fit

Land use types were chosen as the ground truth for
their ability to encapsulate the physical and functional
characteristics of the built environment, which affect the
AE. This classification should provide a structured frame-
work for assessing how different acoustic indices capture
the complexity and variability of the AE across diverse
spatial contexts.

We employed a hierarchical clustering approach, a
well-established method in the field, using Ward’s link-
age criterion, which has proven effective in previous
studies for forming meaningful clusters. These clusters
were intended to reflect the underlying land-use pat-
terns associated with the recording locations. Impor-
tantly, our primary objective was not to optimize pre-
dictive performance or to determine the most accurate
method for land-use classification. Instead, our focus was
on evaluating the responsiveness and suitability of a
selected set of acoustic indices in capturing variations
across different urban settings. For this reason, we did
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not refine the clustering procedure further or test multi-
ple linkage methods extensively, as doing so might have
risked overfitting the data and diverted attention from
our core research aim.

The ARI emerged as a reliable clustering metric in
the comparison of clustering procedures, as supported
by existing literature. However, in this study, ARI pro-
duced relatively low scores, likely due to the challenging
nature of the target classification: distinguishing among
a large number (9) of closely related land use categories.
Despite these challenges, the findings identified a subset
of acoustic indices as predictors of land use categories.

Indices such as Sharpness Aures (max), Link Density,
the Bioacoustic Index, and the median Amplitude Index
(M) demonstrated considerable predictive utility, likely
due to their strong correlations with dominant urban
sound sources, including road traffic and human activity.
In the case of Sharpness Aures, maximum values emerged
as the most effective aggregation method. This outcome
is expected, as the maximum values accentuate individual
acoustic events, which often serve as defining characteris-
tics of urban AE. By emphasizing peak occurrences, these
metrics provide quantifiable insights into the influence of
distinct sound events on the overall AE, which is probably
linked to land use patterns.

The strong performance of the M index is particularly
noteworthy, as it contrasts with the relatively poor pre-
dictive capacity of other dynamic features that capture
the temporal evolution of sound events — such as Fluc-
tuation Strength, Kurtosis, and Ht. These time-domain
indices, which highlight impulsive events or slow signal
modulations, appear unsuitable for this context. This dis-
crepancy may be attributed to the dominance of long-
term measurements, where transient or modulated events
do not stand out.

In particular, loudness measures underperformed,
probably because they fail to adequately emphasize the
unique characteristics of individual sound sources that
mark the specific land use. These findings suggest that
site-specific acoustic characteristics are more effectively
represented by fragments of the frequency spectrum, with
maximum values as prioritized metric to capture central
tendencies across a value series.

4.4 Limitations

Although the results demonstrate robustness and
external validity, the spatial resolution of the data,
limited to 23 monitoring stations, is insufficient for
comprehensive city-wide acoustic evaluations. Future
investigations should prioritize the deployment of a higher
density of passive acoustic monitoring systems, particu-
larly when examining extended temporal frameworks.

Our study cannot fully resolve what certain indices
specifically represent in urban settings when applied in a
time-series analysis. Although our findings suggest that
some ecoacoustic and psychoacoustic indices may cap-
ture general tendencies linked to land-use types, they do

not provide precise insights into specific sound sources
or biological activity and it cannot be explained why
indices such as Sharpness show particular patterns. More
research, especially through microscale investigations or
controlled laboratory /listening experiments, is needed to
clarify the ecological significance of these metrics in urban
contexts.

Moreover, inherent biases associated with PAM sys-
tems, as discussed in [42], necessitate the considera-
tion of equalization filter curves in future studies to
address potential discrepancies in data collection and
analysis. Additionally, the computation of psychoacoustic
parameters requires careful evaluation due to immanent
challenges. These calculations are computationally inten-
sive, require significant energy resources, and incur high
operational costs.

5 Conclusion

The purpose of this study was to assess whether incor-
porating a curated array of acoustic metrics improves the
characterization of acoustic environments beyond the typ-
ical noise measures. By expanding the analytical mon-
itoring framework with additional metrics, the research
sought to identify a set of indicators that offer a more
nuanced understanding of the complexity of AEs. Addi-
tionally, it examined whether specific acoustic parameters
exhibit numerical overlap and demonstrate consistency
concerning the land use types associated with acoustic
monitoring stations.

The findings underscore the limitations of traditional
loudness-based measures and highlight the significance
of frequency-specific and metrics that weight higher val-
ues in characterizing the AE — particularly the predic-
tive strength of Sharpness Aures (max), Link Density,
Bioacoustic Index and Amplitude Index for distinguishing
land use types.

Nonetheless these results suggest that an expanded set
of indices not only refines the analytical tools available
to researchers but guides towards actionable insights for
urban planners and designers.
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