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Abstract

Accurate wind turbine noise (WTN) measurements are essential for environmental com-
pliance and noise impact assessments. However, these measurements are often polluted
by background biological noise, especially from insects. Insect noise is typically assumed
to be irrelevant due to frequency separation. This study challenges this assumption by
demonstrating that insect sounds, specifically those of the cricket Oecanthus pellucens, can
overlap with turbine noise in the 2.5 kHz band and introduce significant measurement
bias at low wind speeds. The featured application is a machine learning-based method-
ology to filter confounding biological sounds (e.g., insect calls) from wind turbine noise
measurements. By correcting for these acoustic contaminants, which typically lead to
an overestimation of turbine noise at low wind speeds, the method enables more accu-
rate environmental noise impact assessments. This directly supports the development of
evidence-based regulatory policies and guidelines. Using long-term acoustic monitoring
and an unsupervised Gaussian Mixture Model (GMM) clustering approach, we classified
and excluded insect noise from recorded data. We found that the presence of cricket calls
can increase measured wind turbine sound power levels (WTSPL) by more than 3 dBA at
wind speeds below 6 m/s, with peak deviations reaching up to 10 dBA. These findings have
significant implications for rural or low-wind regions where turbine operation at partial
load is frequent. Our results underscore the importance of insect noise filtering when
performing WTN assessments to ensure regulatory accuracy, particularly when long-term
average noise modeling is used for compliance. The presented methodology provides a
robust framework for distinguishing insect noise and can improve the consistency and
credibility of WTN measurements under real-world environmental conditions.

Keywords: wind turbine noise; biological noise filtering; long-term monitoring; renewable
energy; Gaussian Mixture Model (GMM)

1. Introduction

Over the past decade, numerous studies have investigated the attributes of wind
turbines, including visual impact, noise levels, economic benefits, and environmental
impacts [1-4]. Historically, the primary objective in wind turbine development was maxi-
mizing energy performance. Now, however, there is a growing emphasis on other aspects,
such as the generated noise.

The rotation of wind turbine blade radiates sound that mainly consists of aerodynamic
and mechanical components [5,6]. This noise emitted by wind turbines represents one of
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the most important problems affecting the quality of life of residents near wind farms [7,8],
limiting the large-scale diffusion of wind energy [9]. While the root cause, airfoil noise, can
be predicted [10,11], regulatory purposes require that wind turbine noise (WTN) must be
measured on-site. This requirement introduces a significant challenge: accurately assessing
WTN in the presence of varying background noise conditions. Regulatory frameworks in
several countries (including Italy, France, the U.K. and New Zealand) require that measured
WTN levels be compared against contemporaneous background noise under identical meteo-
rological conditions [12,13]. However, because background noise itself varies strongly with
wind speed and other environmental factors, establishing a single, universally valid limit is
inherently difficult [14]. Reliable background noise measurement often requires a temporary
shutdown of turbines and a long-term monitoring campaign (typically around three weeks)
to capture variability in weather and other events. Measurements taken at different times
or distant locations can introduce errors, especially if wind-induced turbulence at the micro-
phone and vegetation noise are not adequately filtered out [13]. Furthermore, it is emphasized
that measurements should include collecting weather data, conducting environmental noise
monitoring, filtering out spurious events (e.g., anthropogenic and animal noise), and perform-
ing iterative data analysis to ensure accurate results [15]. A procedure has been proposed for
simultaneously estimating immission and background noise components, emphasizing the
importance of accurate background noise measurement in WIN assessments. This is because
background noise sources are closely related to wind speed and contribute to overall environ-
mental noise levels [16]. A conservative criterion advocates for retaining only measurements
with signal-to-background ratios of at least 6 dB, which yields errors below 1 dB in computed
WTN levels [17]. It is similarly recommended to measure the background noise (Lgs) during
turbine shutdowns and then compare it to the operational equivalent level; this methodology
sets a normal tolerability limit at 3 dB for WTN [18]. Furthermore, “true” background noise
must exclude all sounds originating from the wind farm or other installations, advocating for
measurements to be taken outside the immediate area of interest [19].

¢ Background and WTN measurements should be conducted at the same location and
under similar meteorological conditions (time of day, wind speed/direction).

*  The measurement procedure itself significantly influences results, as wind speed,
wind direction, sound propagation conditions, the presence of other noise sources,
and distances to obstacles all affect recorded noise levels [20].

*  The presence of vegetation, which varies seasonally, can influence outcomes. Measure-
ments taken in winter, for instance, may yield different results than those taken in summer.

While most studies focus on meteorological and anthropogenic noise sources, bi-
ological sounds, especially those produced by insects, can substantially bias WIN as-
sessments during warm seasons. An abundance of insects and birds has been observed
near wind farms, with initial studies focusing on flying insects in relation to bat feeding
activity [21-26]. However, the significance of terrestrial insects and their calling noises in
the context of WTN assessment has recently been highlighted [27-30]. In order to isolate
WTN accurately and evaluate its true impact on the environment and nearby populations,
great effort is needed. To mitigate this interference, researchers have
¢ Employed frequency filtering techniques to exclude insect communication noise from

WTN measurements [27-29].

*  Scheduled measurements during periods of minimal animal activity (e.g., cooler

months or morning hours) [31].

Despite these advancements, the specific influence of insect noise as a background
component has been explicitly addressed in only a few studies [32].
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Objective of the Study

Accurate measuring of WTN is fraught with complexities and challenges [13,14,16,
18,28,33-36]. A significant source of variability in these assessments are inconsistencies in
correcting for background noise levels, which can lead to differing conclusions about the
health impacts of WTN. Among the various factors contributing to this variability, biological
sounds produced by insects such as crickets are frequently overlooked or inadequately
addressed in WTN measurements and analyses [32]. This study aims to quantify how
insect-generated sounds bias wind turbine sound power level (WTSPL) measurements
under low-wind (<6 m/s) summertime conditions and to demonstrate that automated
GMM classification of long-term acoustic recordings can effectively identify and exclude
insect noise, thereby improving the accuracy of wind turbine noise assessments.

The remainder of this paper is organized as follows. Section 2 describes the methodol-
ogy, including the acoustic measurement protocol, instrumentation, meteorological data
acquisition, and the procedure for insect noise classification using Gaussian Mixture Model
clustering. Section 3 presents the results of the acoustic monitoring campaign, highlight-
ing the influence of insect vocalizations on measured wind turbine sound power levels.
Section 4 discusses the implications of these findings for environmental noise assessments.
Finally, Section 5 provides the main conclusions, as well as the study’s limitations and
directions for future work.

2. Methodology

All measurements were conducted at a single Enercon E-70 wind turbine (2.3 MW rated
power) with a 97 m tower and 71 m-diameter, three-bladed rotor. The measurement point
was placed 133.5 m from the tower (see Figure 1), based on turbine specifications and to min-
imize near-field effects. The azimuthal orientation was chosen according to annual wind-
rose data as proposed by [37], and the exact coordinates are 45°43/55.3"” N, 13°59'35.0" E.
Local vegetation and tree cover were also considered to ensure an unobstructed path for
sound propagation and to prevent additional noise from rustling leaves and branches,
with the microlocation chosen as a rock-free area that allowed stable placement of the
wooden board, as seen in Figure 2.
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Figure 1. Measurement point (microphone and anemometer) placement.
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2.1. Measurements and Equipement

Sound power levels were determined in accordance with Danish noise regulations as
presented in [38,39] IEC 61400-11. Danish noise regulations were chosen as the reference
standard because they are well established, scientifically robust, and widely recognized for
wind turbine noise assessment [14,40,41]. This ensures reproducibility and comparability
with prior studies. We employed a two-stage wind-screening system atop a ground-level
platform, as its importance was highlighted in studies [30,36,42—47]. The primary wind
screen was a 100 mm open-cell foam sphere mounted directly on the microphone capsule
and the secondary wind screen was a custom polyurethane (PU) foam dome (10 mm
thickness) lined with 1 mm felt to shed rainwater and prevent moisture saturation.

By placing the microphone on an 18 mm plywood base (1 m x 1 m), we further
reduced wind turbulence and structure-borne vibrations. A 10 mm rubber mat separated
the plywood from the ground to isolate floor vibrations (see Figure 2).

@ Measurement microphone
Primary wind screen
©Wooden surface
@Rubber mat

@ PU dome )
Secondary wind screen

® Felt fabric
@Ground

Figure 2. Secondary wind screen and placement of the microphone.

To verify compliance with EN 61400-11:2013 [48], the insertion loss of our thicker
PU-foam secondary wind screen was measured in an anechoic chamber. Although its
correction factors exceeded 3 dB between 3150 Hz and 20,000 Hz, the increase between
adjacent one-third-octave bands never exceeded 2 dB, satisfying the standard’s requirement.

Measurements were conducted using the Norsonic Nor140 sound level meter (measur-
ing range: —10 dB to 137 dB SPL; sampling: 48 kHz, 24-bit WAV files). Audio was stored
on an external SD card, yielding over 11,000 files (=80 GB). The study was conducted from
7 to 14 September under generally stable weather conditions with no rainfall, and tem-
perature was assumed to remain stable throughout this period. Effects of climate were
considered negligible. Frequency analysis for tonality was performed on recorded *.wav
signals using the LabVIEW 2021 software package. The Nor140 was field-calibrated (pre
and post campaign and at each battery change) against a reference source. Throughout
the campaign, calibration drift remained within 0.1 dBA, requiring no mid-campaign
adjustments. WTSPL were calculated per Danish regulations [38]. Measurements falling
into the reference wind-speed v, bins (5.5-6.5 m/s and 7.5-8.5 m/s at the reference height
Zref, Which is 10 m height, £15° downwind) were selected. The wind speed v, has been
measured at a height z above ground level. v, at a height of 10 m was calculated using
Equation (1) [38], taking the influence of the ground roughness zg into account.
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where z represents the height of the wind speed meter, z ¢ is the reference roughness of
0.05 m (specified value), and zj is the roughness of the ground surface, which is estimated
from Table 1.

Table 1. Roughness of several types of ground surfaces.

Type of Ground Roughness zyp [Meters]
Water, snow, sand 0.0001
Open plain, bare soil, mown grass 0.01
Cultivated agricultural land 0.05
Residential area; small town, area with 03

dense, tall vegetation

Wind speed and direction were recorded with a KVT 60A anemometer (0-50 m/s,
0-360°; accuracy £0.5 m/s, resolution 0.1 m/s for speed; +2.75°, resolution 5.5° for direc-
tion) mounted at 5.5 m height. Data were logged at 1 min intervals.

2.2. Acoustic Data Processing and Insect Classification

A high-quality insect call library was assembled from Xeno-canto (XC) WAV record-
ings (48 kHz, 24-bit). Files rated “A” or “B” and 20-90 s long were selected to cap-
ture complete vocalizations with minimal noise. The final library includes key species
(e.g., Oecanthus pellucens, and various grasshoppers) and serves as a training set for
classification. All audio (field and reference) was band-pass filtered (6th-order Butter-
worth, 2-4 kHz) to suppress low-frequency wind and traffic noise prior to segmen-
tation as proposed by [49]. Given the real-world origin of these recordings, they in-
clude a mixture of vocalizations from multiple species and ambient noises such as
wind and rain, presenting substantial challenges for sound segmentation and classi-
fication. As presented in [50], to effectively isolate insect vocalizations, endpoint de-
tection is crucial, enabling the extraction of clear, uninterrupted audio segments from
the original recordings marked with a green line in Figure 3. We performed a Short-
Time Fourier Transform (STFT) in LabVIEW on 1 s frames using a Hanning window
(50% overlap). For each frame, we computed spectral energy and identified contiguous
regions exceeding a noise-dependent threshold, yielding time-stamped call segments.

0.01

Sound pressure
@2500 Hz

-0.01 1 1 T 1

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14
Time [sec]

Figure 3. Endpoint detection diagram.

For insect calls, we found that combining the 95th percentile threshold with a zero-
crossing method is highly effective for endpoint detection. The dominant frequency signal
is zero-leveled at the 95th percentile, and a unidirectional zero-crossing is executed. The use
of zero-crossing transforms the signal into a binary sequence of zeros and ones, indicating
the presence of signal peaks when crossing the zero value. An envelope is then created over
this binary data, and the zero-crossing of the envelope’s 0.5 value is designated as the start
and endpoint of an insect call. This method allows us to isolate only the insect calls from the
original audio. By doing so, we can compare the extracted feature values of these segments
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against our recordings, effectively minimizing environmental noise. This sets the stage for
precise species classification, using unsupervised techniques to identify species-specific
patterns. This approach not only supports the ecological study of insects but also deepens
our understanding of their acoustic behaviors within varied environmental contexts. Each
extracted segment was subdivided into non-overlapping clips of 200 ms (fine scale) and 5 s
(coarse scale). From the 200 ms frames, we extracted dominant frequency, spectral centroid,
bandwidth, and zero-crossing rate for onset/offset dynamics. From each 5 s window, we
computed the mean of dominant frequencies and the coefficient of variation of dominant
frequency. Two feature-vector datasets were created:

*  Insect reference: merged, species-specific call files from extracted segments,
*  Field recordings: continuous WTN recordings subject to classification.

To classify insect vocalizations within our wind turbine audio recordings, we applied
the GMM clustering algorithm to the multi-scale feature vectors extracted during prepro-
cessing. GMM clustering works on an assumption that the data consists of a combination
of two or more Gaussian distributions. Each Gaussian component represents a cluster,
characterized by its mean and covariance. It is a form of unsupervised learning, meaning it
does not require labeled training data, but can obtain the posterior probability of belonging
to a certian class, achieving “soft” classification. To enhance the accuracy and our under-
standing of the GMM clustering analysis shown in Figure 4, we augmented our dataset
with selected recordings from known species such as Oecanthus pellucens and various
grasshoppers from the Xeno-canto archive. The inclusion of these recordings provides
crucial reference points, shown as distinct dots among the clusters in the analysis graph,
enabling us to validate the clusters that represent authentic insect activity. This approach
not only improves our ability to discern genuine insect vocalizations but also ensures
our classification aligns with known patterns of insect sounds. The Bayesian information
criterion (BIC) was used to determine the optimal number of clusters, despite some prior
knowledge of the number of insect species present.

10.0 _ 6

7.51

5.01

2.3 1

0.0 1

Latent Dimension 2
Cluster

_25 i

_50 i

=7.51

-10.0 T T T T T T
-10.0 -75 =50 =25 0.0 2.5 5.0 1.5 10.0

Latent Dimension 1

Figure 4. GMM clustering results.
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As in [51], unsupervised learning, particularly through methods like GMM clustering,
is advantageous in ecological studies like ours where labeled data can be scarce or unreliable.
This approach can uncover hidden patterns and structures in the data without the need for
labeled examples. By analyzing the dataset in this manner, the algorithm can autonomously
identify clusters that likely correspond to different insect species, based on similarities
in their sound patterns. The datapoints from the six selected clusters are presented in
chronological order in in Figure 5, clearly showing different patterns of insect activity and
background noise over time.

6 v —_—— LI e 2 Bl e e =] Insect

5 ‘. ee . —s ' oem . — 4 e  s=| |NSect

4 " —— @™o Yy e w 0 « ¢« |Insect

1 I o " " @  @we . ¢ - "oowe . 1000 nicmED o camowm el 1e oam ¢ s tom| |NSECt

8 16 24 32 40 48 56 64 72 80 88 96 104 112 120 128 136 144 152

Day 1 Day 2 Day 3 Day 4 Day 5

Time [Hours/Days]

Figure 5. An example of GMM clustering result where classes 1, 4, 5, and 6 represent insect activity.

To facilitate subsequent noise exclusion in our wind turbine sound power analyses,
each one-minute recording block was labeled based on its cluster membership: any block
containing at least one feature vector from an insect related cluster was tagged “insect
activity,” whereas blocks with exclusively turbine-related cluster assignments were desig-
nated “insect-free”. This binary segmentation ensures that all potential insect interference
is identified and removed before computing wind turbine sound power levels. A man-
ual auditory inspection was performed to validate the unsupervised classification of insect
versus non-insect noise events. All recordings labeled as insect-dominant (Clusters 1, 4,
5, and 6) correctly contained audible cricket calls, yielding a 100% classification accuracy
for high-amplitude insect sounds. Among recordings labeled as non-insect (Clusters 2
and 3), 7% contained faint cricket calls detectable by human hearing but were below the
0 dB SPL threshold and spectrally unidentifiable. These events are considered acoustically
negligible. The overall validation accuracy was estimated at 96.5%, supporting the robust-
ness of the GMM model for automated classification and exclusion of biological noise in
WTN assessments.

3. Results

Time-synchronization of the multi-sensor data was required before analysis, as each
sensor logged at a different rate. Figure 6A shows the wind turbine’s electrical output
(black) alongside the corresponding wind speed (pink). Although higher wind speeds
generally drive greater power production, deviations occur due to WT control. Figure 6B
plots one-third-octave band levels at 2.5 kHz (green) and 20 kHz (red). Notably, sounds
at 20 kHz do not depend on wind speed or WT operating power, whereas the periodic
occurrence of sound events at 2.5 kHz is more pronounced during lower wind speeds
and reduced WT operation. Field observations and expert consultation confirmed that the
2.5 kHz events correspond to cricket calls, most likely by Oecanthus pellucens. Figure 6C
illustrates the overall A-weighted sound level (LAeq) (blue) and the level at 2.5 kHz (green).
The frequency at 2.5 kHz, and consequently the sound of the cricket Oecanthus pellucens,
is a dominant sound source during measurement periods marked with red intervals. Since
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the wind speeds and WT output power during these periods were not zero, it was necessary
to perform corrections to accurately determine the sound power of the WT as a function of
wind speed and to remove sounds of biological origin from the measured signals.

25
22.5

:
17.5
15
12,5
10
7.5
5

2.5
0

Wind speed [m/s]
WT Output Power [0.1TMW]

Day 1 Day2 | Day3
60

50
40
30
20
10

—

SPL [dBA]

——

70
60
50
40 ' |

SPL [dBA]

30
20
10
0

0 24 48 72 96 120 144 168 192 216 240 264 288 312 336 360 384
Time [h]

Figure 6. Raw data: (A) WT output power (black) and wind speed (pink), (B) SPL @ 2.5 kHz (green)
and @ 20 kHz (red) and (C) comparison between LAeq (blue) and SPL @ 2.5 kHz (green). Intervals

marked with red showcase periods where Oecanthus pellucens is a dominant sound source during
measurements.

Such corrections of insect background noise are critical when WTSPL data is used for
modeling environmental noise. Understanding the statistical distribution of wind speed
and direction is vital in these models. In regions with dynamic changes of direction and
speed over days, weeks, months, and even years, WTs often operate at partial loads. An
overestimation of WTSPL as a function of wind speed can lead to overestimated noise
modeling results, potentially resulting in legal restrictions that prevent WT installation,
even if the actual noise levels would comply with regulatory limits. This issue highlights the
importance of consistent methodologies in background noise corrections across different
measurement practitioners. The inclusion or exclusion of insect noise can lead to varying
outcomes, contributing to the inconsistent results observed in studies evaluating the impact
of WIN on human populations.

To illustrate the temporal distribution of insect interference, Figure 7a—d plots wind
direction, wind speed, SPL at the measurement point, and turbine power, respectively,
with blue markers for “insect-free” and red for “insect-active” one-minute blocks. Insect
calls occur predominantly at night and during low wind speeds, when turbine and ambient
wind noise levels are low. Furthermore, Figure 7d illustrates the ouput power of the
WT during the measurement period, sourced directly from the turbine operator with a
time constant of 15 min. The difference in time constants was mended with applying
the same value of power output for 15 consecutive wind and SPL measurements. A
correlation between wind speeds and output power is evident, as expected. However, it is
notable that SPL exhibits less correlation with wind speed, particularly during nighttime
observations. This analysis sheds light on the complex relationship between environmental
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variables and their impact on recorded parameters, contributing significantly to the broader
understanding of the research objectives.
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Figure 7. Measurement data plotted against time: (a) wind direction, (b) wind speed, (c) sound
pressure level at measurement location, and (d) wind turbine output power.

Figure 8 depicts a scatter plot illustrating the correlation between recorded SPL and wind
speed. The data reveals a disparity in the relationship between these variables. Observations
within the dataset demonstrate instances where a wide range of SPL values, around 55 dBA,
are recorded across wind speeds spanning from less than 3 m/s to nearly 10 m/s. This variance
underscores the complexity of factors influencing SPL beyond wind speed alone. Higher
measured SPL values in recordings with insect noise are noticeable at lower wind speeds.

65

60

251 Without insect noise
With insect noise

20 L 1 1 1 1 1 1 L 1
0 1 2 3 4 5 6 7 8 9 10

Wind speed (m/s)

Figure 8. Scatter plot of SPL and wind speed data, with (red) and without (blue) insect noise.
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To quantify this influence across wind-speed bins, Figure 9 plots the mean SPL within
each 1 m/s interval, comparing insect-free and full datasets. The mean SPL difference
grows from <1 dBA at wind speeds above 6 m/s to over 4 dBA below 3 m/s. Long-term
(black) versus short-term (red) averaging further reveals that extended measurements
mitigate random wildlife noise but do not eliminate the low-wind bias.

Finally, Figure 10 correlates turbine power output ranges with corresponding SPL
statistics. Lower power outputs (partial load) coincide with larger SPL variances due to
insect noise, whereas higher outputs mask biological sounds under dominant aerodynamic
noise. These findings highlight that failing to correct for insect calls can overestimate Lden
in environmental models—potentially leading to overly conservative setback requirements
in regions where turbines frequently operate at partial power, such as Dolenja vas.
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Figure 9. Logarithmically averaged values of SPL (dBA) as a function of wind speed ranges regardless

of wind direction.
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Figure 10. Mean SPL values for different WT output power ranges.

This difference between SPL values from different WT output power ranges seems
small but is especially important for assessment of long-term noise Lden from modeling
at areas where wind turbines operate only with partial power output, as is the case in
Dolenja vas.
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4. Discussion

Our results demonstrate that insect vocalizations, particularly those of Oecanthus
pellucens, can substantially bias wind turbine sound power maps at low wind speeds.
Figure 11 shows A-weighted sound power spectra across wind speeds: when cricket calls
are excluded, the spectrum reflects only turbine emissions (left panel), whereas inclusion
of insect noise (right panel) elevates the estimated sound power by up to 4 dBA at4 m/s
and by approximately 1 dBA at 6 m/s. Above 8 m/s, insect contributions fall below
0.3 dBA and can be neglected. These wind-speed-dependent errors shown in Figure 12
directly translate into inaccuracies in predicted sound pressure levels (L,4) at receptor
locations when using standard propagation models (Equation (2) [38]).
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Figure 11. WT sound power map with eliminated influence of crickets (a), and with crickets (b).

6

Sound Power Error [dBA]

3 4 5 6 7

Wind speed [m/s]

Figure 12. Estimated error of WT sound power due to insect noise as a function of wind speed.

Having demonstrated through examples and simulations how crickets affect the
measured sound power values of wind turbines (WT), it is essential to further analyze their
impact on the estimated total noise levels at protected locations. This assessment is crucial
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because it determines whether a location is overburdened with noise and falls within the
WT’s noise influence zone.

Once the sound power of the WT is established, it is possible to invert equations to
calculate the expected sound pressure levels (Lj, 4) at any distance (/) from the wind turbine
to the reception point. In performing these calculations, it is important to consider the
characteristics of the acoustic environment. For outdoor noise propagation, factors such as
potential reflections (Ly,), terrain roughness (L), and air absorption (L,) must be accounted
for. The equation for calculating the sound pressure level at any distance from the center of
the turbine shaft is as follows (Equation (2) [38]):

Ly,a = Lw,aef — 10logy (I + h*) —11dB + ALg — ALy + ALy, )

where Ly 4 rr is the sound power of the wind turbine, / is the distance from the turbine to
the calculation point, & is the height of the wind turbine, from the ground to the rotor shaft,
OLg is the terrain correction (1.5 dB for onshore turbines and 3 dB for offshore turbines),
6Ly, is the correction for multiple reflections (0 dB for onshore wind turbines), and 6L, is
the air absorption, defined by the following equation.

AL, = a(fV12 + 12). 3)

The result calculated using Equation (3) [38], as defined in the Danish Statutory Order
on noise from wind turbines, provides an estimate of the sound pressure level in a free
sound field. This calculation is valid for points located at least six meters above the ground
and six meters away from the facades of large surfaces. Noise levels are typically weighted
and average over extended periods. During these periods, wind speed exhibits its own
statistical distribution.

Measurement of wind statistics at several Slovenian locations designated for WTs
were made [52]. Based on the data, as shown in Figure 13, an average noise level (L q0g),
time-weighted according to the intervals during which the WT operates at specific levels,
was calculated using Equation (4). In this equation, Ty represents 8760 h, equivalent to one
year, while T; denotes the intervals representing the duration of WT operation under wind
speed interval i. L,; is the sound pressure level calculated at the evaluation point, situated
6 m above ground level and 6 m in front of the facade (see Table 2).

1N Lp;
Lyavg = 101logy, 55723f31010 . (4)
i=1
1500~
1250
1000~
=
5 750-
(]
I
500-
I| Ill
1 ] | 1 ] ] 1 1 ] | 1
o 1 2 3 4 5 6 7 8 9 10 N

Wind Speed [m/s]

Figure 13. Suboptimal wind speed distribution at selected WT location.
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Table 2. Results of estimated yearly averaged noise levels, in a far field of the WT, 6 m above ground
level, without influence of the fagade.

Distance [m] 150 250 500 1000

Lp with crickets 43.3 37.6 32.6 25.1

Lp with eliminated crickets [dBA] 42.0 36.6 31.9 24.8
Difference [dBA] 1.3 1.0 0.7 0.3

Although cricket calls elevate results of the WT sound power level map at low veloc-
ities, their influence on calculated sound pressure level at higher distances from the WT
diminishes rapidly due to strong air absorption at 2.5 kHz.

These findings reinforce the importance of long-term measurements and background
noise filtering. Episodic insect activity, most pronounced at night and low wind speeds,
can bias short-term sound power estimates and, if uncorrected, lead to overly conservative
environmental noise predictions and siting restrictions. Background noise assessment
ideally should be performed at the same location without the presence of the wind tur-
bine, but economic constraints make this practically impossible. An alternative approach
involves conducting measurements before the installation of wind turbines, although this
is less common due to the absence of turbine-generated noise to assess its potential impact
on nearby residents.

5. Conclusions

This study demonstrates that biological acoustic contamination introduces a significant
positive bias (up to 10 dBA) in wind turbine noise (WTN) measurements, particularly at
low wind speeds. Our core contribution is a machine learning-based methodology (GMM
clustering) that enables the exclution of these confounding insect calls. This methodol-
ogy enhances the accuracy of WIN sound power level determination, thus addressing
a critical uncertainty in environmental noise impact assessments. The results validate
the necessity of using advanced, data-driven filtering techniques for long-term acoustic
monitoring to ensure compliance and support evidence-based regulatory policy in wind
energy development.

Limitations and Future Work

Future research should focus on generalizing the ML methodology by incorporating
a broader database of bio-acoustic contaminants across diverse geographical regions and
seasons. This would enhance the robustness and applicability of the approach.
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Abbreviations

The following abbreviations are used in this manuscript:

WT Wind Turbine

WTN Wind Turbine Noise

GMM Gaussian Mixture Model

SPL Sound Pressure Level (based on pressure and Pa) [dBA]

WTSPL  Wind Turbine Sound Power Level (based on power and W) [dBA]
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