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Abstract: Underwater sound generated by the rapidly increasing offshore wind farms worldwide
greatly affects the underwater soundscape and may cause long-term cumulative effects on sound-
sensitive marine organisms. However, its analysis and impact assessment are heavily interfered with
by underwater ambient noise. In this study, an adaptive stochastic resonance method is proposed to
extract the dominant frequency of wind turbine operational sound when heavy noise is present. In
particular, a time–frequency–amplitude fusion index was proposed to guide the parameter tuning of
an adaptive stochastic resonance system, and an equilibrium optimizer based on the physical dynamic
source–sink principle was adopted to optimize the parameter-tuning process. The results from the
simulation and field data showed that the dominant frequency of operational sound was extracted
adaptively. For field data with wind speeds of 4.13–6.15 m/s (at 90 m hub height), the extracted
dominant frequency varied with wind speed between 90 and 107 Hz, and it was highly correlated
with the wind turbine rotor speed monitored synchronously in the air, with a correlation coefficient
of 0.985. Compared to other existing methods, our method has a higher output signal-to-noise ratio
and a shorter running time.

Keywords: underwater noise; offshore wind turbine; operating period; sound extraction; dominant
frequency; adaptive stochastic resonance; fusion index; optimization algorithm

1. Introduction

As the next generation of clean energy, offshore wind power has entered a period of
rapid development. In 2021, the total power capacity of installed offshore wind farms all
over the world had increased from 5334 MW in 2011 to 55,678 MW [1]. While offshore
wind turbines bring us benefits, they continue to radiate noise into the air and water during
their operation period of 20–30 years. There are two main sources of wind turbine noise:
aerodynamic noise and mechanical noise [2–5]. Aerodynamic noise is the main contributor
to in-air noise [3,4], and due to the large characteristic impedance difference between
water and air, it is almost completely reflected from the water surface and contributes
less to the underwater noise level [5,6]. Underwater noise from operating wind turbines
is mainly generated by mechanical vibrations of the gearbox and generator coupled into
water after transmission from the nacelle to the tower and foundation [5–8]. With the
increasing number and individual capacity of offshore wind turbines worldwide, under-
water noise from offshore wind turbines has long-term and widespread effects on the
underwater soundscape.

Sound is the sensory cue for marine animals, from invertebrates to great whales, and
it is used to interpret and explore the ocean environment and to interact within and among
species [9]. Underwater noise from operating wind turbines may have cumulative impacts
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on these sound-sensitive marine animals [10,11], such as masking acoustic communication,
interfering with foraging and spawning, and triggering physiological responses [9,12–14].
It should be mentioned that underwater sound consists of sound pressure variations and
particle vibration [15], and they are both important to fish [16–18]. This study mainly
focuses on the sound pressure of underwater noise from operating wind turbines (hereafter
referred to as the “operational signal” to distinguish it from underwater ambient noise).

The operational signal is usually described as a continuous, low-intensity sound with
one or more tonal components below 1 kHz [5–8,19]. To systematically and scientifically
analyze the operational signal and evaluate the long-term effects, a deep understand of its
sound characteristics (both frequency and amplitude characteristics) is required. Since the
frequency characteristics of operational signals from different types of wind turbines are
different [20], and marine organisms have different sensitivities to different frequencies [9],
the study of the frequency characteristics of operational signals is crucial. Previous studies
have mainly used hydrophones and self-contained acoustic recorders to measure it. How-
ever, the operational signal can be easily disturbed by underwater ambient noise when the
winds, tides, and ocean currents are strong (Figure 1), posing difficulties for measurement
and analysis [7]. Therefore, this study focuses on extracting and analyzing the frequency
characteristics of operational signals, which helps to comprehensively understand the oper-
ational signals under different sea states, and to provide a basis for environmental impact
assessment, bioacoustic protection, and noise reduction design of future large-capacity
wind turbines.
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Figure 1. Measurement of operational signals from offshore wind turbines is disturbed by heavy
underwater ambient noise.

Unfortunately, traditional weak signal extraction techniques are not effective in ex-
tracting wind turbine operational signals. Traditional weak signal extraction methods,
such as digital filter, matched filtering [21], discrete wavelet transform [22], and empirical
mode decomposition [23], all consider noise as an interference and attempt to suppress
noise to achieve the purpose of signal extraction. However, when the operational signal
is disturbed by underwater ambient noise, the low signal-to-noise ratio (SNR) creates
many limitations for these methods. For example, digital filter can effectively filter out the
noise outside the passband but cannot remove the in-band noise. Moreover, the cut-off
frequencies of the passband are difficult to choose accurately, especially when the desired
signal is disturbed by noise and the dominant frequency of the signal varies with time. In
this case, a mismatched setting of cut-off frequencies may lead to over-filtering or under-
filtering of the data. Another popular method is matched filtering. However, the premise
of using matched filtering method is that the source signature is known, which cannot be
applied directly.
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Unlike traditional methods, stochastic resonance (SR) views noise as a beneficial object,
and it refers to the phenomenon when a weak periodic signal induces a nonlinear system
to enhance periodic output with the assistance of noise under certain conditions [24,25].
By adjusting the parameters of an SR system, the optimal SR output can be realized to
achieve weak signal extraction. Currently, the SR method has demonstrated great potential
in weak signal extraction and has been applied in the underwater acoustic field, such as for
underwater acoustic communication [26] and passive sonar detection [27].

Nevertheless, there are still some issues to be solved for using SR to extracting opera-
tional signals. On one hand, underwater ambient noise is often a mixture of noises from
various sound sources, such as ocean turbulence, wind, biological activities, and traffic
activities, which can be extremely complex. The noise can change with time, geographic
location, and depth, and the dynamic range of noise levels is wide [28,29], making the
suppression of underwater ambient noise difficult. On the other hand, the time–frequency
characteristics of operational signals are related to many factors, such as turbine size [10,11],
wind speed [7,8], and water depth [6]. In other words, the frequency characteristics of the
operational signal of one wind turbine can be very different from others and can change
over time. This complexity also makes the extraction of operational signals challenging.

To address these issues, this study proposes an adaptive stochastic resonance (ASR)
method based on a time–frequency–amplitude fusion index (TFAI) and an equilibrium
optimizer (EO) named TFAI-EO-ASR to extract operational signals under complex ambient
noise. Under the guidance of TFAI, the TFAI-EO-ASR method adaptively tunes the system
parameters to match the signal and noise through the EO to obtain the optimal ASR output
and extract the dominant frequency. The novelty of this study is to propose the TFAI-
EO-ASR method to overcome the interference of strong underwater ambient noise and to
extract the dominant frequencies of operational signals adaptively under the condition of
large dynamic changes in noise level. Secondly, a TFAI is constructed by fusing smoothness,
peak SNR, and piecewise mean value through support vector regression, which effectively
quantifies the system response and improves the extraction ability of the TFAI-EO-ASR
method. Thirdly, an EO based on the physical dynamic source–sink principle is introduced
as the optimization algorithm of the TFAI-EO-ASR method, which jointly optimizes the
system parameters and improves the efficiency. Finally, the effectiveness and reliability
of the TFAI-EO-ASR method are verified through a simulation and field measurement
data obtained through simultaneous monitoring above and below the water during the
operation period of an offshore wind farm. It should be noted that this study mainly
focuses on extracting the frequency of operational underwater sound. The extraction of
pressure amplitude, which requires further investigation on the nonlinear amplification
effect of the ASR system, will be explored in our future study.

2. Materials and Methods
2.1. Adaptive Stochastic Resonance

Stochastic resonance is a method that utilizes noise energy to enhance weak periodic
signals. It was first discovered and proposed by Benzi et al [24] in 1981 when explaining
the cyclic recurrence of ice ages. After that, SR was also found in physical systems, such as
Schmitt trigger circuits [30] and ring lasers [31]. With the development of the stochastic
resonance theory, it has been applied in many fields, such as rotating machinery fault
diagnosis [32], and optical image processing [33].

Stochastic resonance describes the phenomenon when a Brownian particle periodically
transitions between potential wells at a speed of signal frequency under the cooperation of
periodic signal and noise, thereby converting noise energy into signal energy [24,25]. The
equation of motion of a unit-mass Brownian particle can be expressed as:

d2x(t)
dt2 + γ

dx(t)
dt
− ax(t) + bx3(t) = S(t) + N(t), (1)
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where a and b denote the potential parameters, γ is the damping factor, and x(t) is the
system output. S(t) = A sin(2π f t) is the periodic signal with amplitude A and frequency
f. N(t) =

√
2Dξ(t) is the noise term, D is the noise intensity, and ξ(t) is the additive

Gaussian white noise with zero mean and unit variance. When the signal, noise, and
nonlinear system are properly matched, a Brownian particle experiences a strong periodic
transition and converts part of the noise energy into the signal. Classical SR explained by
adiabatic approximation theory can only be used to process signals with small parameters
(i.e., f � 1 Hz, A� 1, D � 1) [34]. To apply classical SR to operational signals, a general
scale transformation [35] is introduced:

x(t) = z(τ), τ = mt, (2)

where m is the scale coefficient. Equation (2) is substituted into Equation (1) to obtain:

d2z
dτ2 + γ1

dz
dτ
− a1z + b1z3 = A1 sin(2π f1τ) +

√
2D1mξ(τ), (3)

where a1 = a/m2, b1 = b/m2, γ1 = γ/m, f1 = f /m, A1 = A/m2, and
√

D1 =
√

D/m2.
After rescaling, the signal frequency f 1 becomes 1/m times the original frequency f, and the
signal amplitude becomes 1/m2 times the original amplitude. By setting an appropriate m,
the operational signal can meet the requirements of classical SR.

To further account for the temporal variability in the operational signal and underwater
ambient noise, an adaptive stochastic resonance (ASR) method was used in this study.
ASR refers to the adaptive adjustment of system parameters through an appropriate
measurement index and an optimization algorithm to match the weak signal, noise, and
nonlinear system to obtain the optimal output. The measurement index is used to quantify
the SR system response and serve as the fitness of the optimization algorithm, while
the optimization algorithm adjusts the system parameters under the guidance of the
measurement index. When the system input–output SNR improvement (SNRI) is used
as the measurement index, its relationship with a1, b1, and γ1 is shown in Figure 2. Here,
the signal amplitude is A = 0.1, the frequency is f = 100 Hz, the noise intensity is D = 10,
and the scale coefficient is m = 2000. It can be seen that the SNRI varied with a1, b1, and
γ1. Then, the optimal SR output could be obtained by adjusting the system parameters to
maximize the SNRI through ASR.

2.2. Time–Frequency–Amplitude Fusion Index

The measurement index of an ASR is a quantitative parameter that measures the
performance of SR, which plays a crucial role in guiding the selection of system parameters.
In most prior studies of ASR, SNR is usually used as the measurement index [27]. However,
in this study, the operational signal was often disturbed by the underwater ambient noise,
and the signal frequency could not be directly estimated, so SNR was not applicable. For
a problem where the signal frequency is unknown, new measurement indices, such as
weighted power spectrum kurtosis [36] and weighted spectral peak SNR (WPSNR) [37],
have been proposed. These measurement indices are constructed by combining multiple
basic indices, such as power spectrum kurtosis and correlation coefficient via multiplication
and division, and have been successfully applied in the fault diagnosis of mechanical
rotating parts. However, the simple multiplication and division method cannot well-fuse
the advantages of each basic index, and it is easy to extract the wrong frequency when
noise is strong. For this reason, Zhou et al. used a back propagation neural network to
effectively fuse six basic indices into a new synthetic quantitative index [38]. However, too
many basic indices were selected, and the setting of the neural network’s target value had a
great influence on the performance of the synthetic quantitative index. For the extraction of
operational signals under complex ambient noise, this study fused three basic indices from
the time domain, frequency domain, and amplitude domain into a TFAI through support
vector regression and took the results as the measurement index of the ASR method.
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2.2.1. Selection of Basic Indices for Filtering Quality Evaluation

Basic indices that are frequently used to evaluate filtering quality include power
spectrum kurtosis, correlation coefficient, root mean square error, etc. However, the
performances of these indices may degrade significantly when the signal characteristics are
completely submerged under strong noise. For this reason, these indices were abandoned in
this study, and we adopted three other indices (i.e., smoothness, peak SNR, and piecewise
mean value) selected from the time domain, frequency domain, and amplitude domain.

(1) Smoothness (SMO) is the ratio of the sum of squared sequential differences in the
output signal to such a sum in the input signal, which can be expressed as:

SMO =

N−1
∑

n=1
[x(n + 1)− x(n)]2

N−1
∑

n=1
[y(n + 1)− y(n)]2

, (4)
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where x(n) is the output signal, and y(n) is the input signal. The smaller the SMO, the better
the denoising effect.

(2) Peak SNR (PSNR) is the ratio of the maximum signal power to the noise power,
which can be expressed as:

PSNR = 10 log

 X2
(n0)

N/2
∑

n=1
X2
(n) − X2

(n0)

, (5)

where X(n) is the power spectrum of x(n), X(n0)
is the power spectrum at peak frequency,

and N is the number of signal points. A larger PSNR suggests a better denoising effect of
an SR system.

(3) Piecewise mean value (PMV) describes the difference in the mean value of the
amplitude of each segmented signal [39]. To ensure that the PMV changes monotonically
with noise intensity, it is deformed as follows:

PMV =

√√√√ 1
l0 − 1

l0−1

∑
l=1

(xl − xmean)
2, (6)

where l0 is the number of zero-crossing points, xl is the mean amplitude of the lth signal
segment, and xmean is the mean amplitude of the entire signal. The smaller the PMV, the
better the output of the SR system.

2.2.2. Fusion of Multiple Basic Indices

The fusion of multiple basic indices was realized through support vector regression
(SVR). It is a regression model based on the principle of structural risk minimization, which
can find the best compromise between model complexity and empirical error according to
limited sample information and has a good generalization ability [40].

For the dataset {(Pi, Qi), i = 1, 2, · · · , ns}, Pi =
[
SMOi, PSNRi, PMVi

]T
is the input

vector with three-dimensional eigenvalues, Qi =
[
SNRi

out

]T
is the one-dimensional out-

put vector, and ns is the number of samples. After mapping the input vector to the
high-dimensional space through a mapping function Ψ(P), an SVR model is constructed
as follows:

F(P) = wΨ(P) + d, (7)

where w is the weight vector, d is the intercept, and F(P) is the TFAI.
According to the principle of structural risk minimization, the optimization problem

is formulated as: 
min 1

2‖w‖
2 + c

ns
∑

i=1
(δi + δ

′
i)

subject to


Qi − (wΨ(Pi) + d) ≤ ε + δi
wΨ(Pi) + d−Qi ≤ ε + δ

′
i

δi ≥ 0, δ
′
i ≥ 0

, (8)

where δi and δ
′
i are relaxing factors, and ε is the error term. The SVR model allows a

maximum error of ε between the predicted value and the target value; otherwise, a penalty
is applied. c is the penalty factor, which balances the prediction accuracy and model
complexity. The larger the c, the less tolerance for errors. In addition, a kernel function
is used in the SVR model to map samples to a high-dimensional feature space. Typical
kernel functions include linear, polynomial, and Gaussian functions, as well as radial basis
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function (RBF). Among them, the RBF is adopted by most scholars due to its good universality
and accuracy. Therefore, RBF was also used here, and the definition is as follows:

KRBF(Pi, Pj) = exp(−γRBF‖Pi − Pj‖2), (9)

where γRBF is the kernel parameter of RBF.
By constructing a Lagrangian dual function to solve the optimization problem of

Equation (8), the TFAI can be obtained. In this study, the index fusion was implemented in
MATLAB R2018b (Mathworks Inc., Natick, MA, USA) using the LIBSVM [41] library. The
specific steps were as follows.

(1) Dataset generation. The periodic signal was superimposed with high-intensity
(D = Dm) Gaussian white noise to generate a system input. After that, the same
periodic signal was superimposed with Gaussian white noise of different intensities
(D ∈ (0, Dm]) to generate multiple system outputs. For each input–output pair, the
corresponding SMO, PSNR, and PMV were calculated as the eigenvalues of the sam-
ples, and the SNRout of the target signal was taken as the target value, thus forming
a dataset.

(2) Data preprocessing. To prevent an eigenvalue from being too large or too small,
resulting in an unbalanced effect in the regression, the dataset needed to be normalized.
The normalization process was as follows:

P′ =
P− Pmin

Pmax − Pmin
, (10)

where Pmax and Pmin are the maximum and minimum values of each group of eigen-
value data, respectively; P is the original data; and P′ is the normalized data with a
range of [0, 1]. Then, 80% of the total data were randomly selected as the training
dataset, and the remaining 20% were used as the testing dataset.

(3) Parameter settings. The RBF was selected as the kernel function of the SVR model, and
the values of c and γRBF were determined using cross-validation and a grid search.

(4) Training and testing. The training dataset was used to construct the SVR model and
measure its accuracy, and the testing dataset was used to evaluate its generalization
ability. Finally, the generated model was the TFAI.

2.3. Equilibrium Optimizer

A traditional ASR method uses a grid search method to find system parameters, which
is computationally intensive and inefficient. To find the optimal parameters more accurately
and quickly, some swarm intelligence optimization algorithms have been applied to ASR,
including the artificial fish swarm algorithm (AFSA) [36] and gray wolf optimizer [42].
Compared with these algorithms, an equilibrium optimizer (EO) has the strengths of
simple calculation, strong optimization ability, and fast convergence speed. It is a new
metaheuristic optimization algorithm based on controlled-volume mass balance models
and proposed by Faramarzi et al. in 2020 [43]. The algorithm takes Equation (11) as the
core of the framework to carry out iterative optimization:

C = Ceq + (C0 − Ceq)F + G(1− F)/λV, (11)

where V and C are, respectively, the size and concentration of the volume, and λ is a random
vector between 0 and 1. F is the exponential term, and G is the generation rate inside the
volume, both of which are important rules for concentration update and serve to balance
the direct search and global search. Ceq represents the concentration at an equilibrium state,
and it is randomly selected from the equilibrium pool. The equilibrium pool is composed
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of four solutions, C(1), C(2), C(3), C(4), with the best fitness at present and their average
states. It can be expressed as:

Ceq,pool= {C(1), C(2), C(3), C(4), Ceq(ave)

}
. (12)

For the optimization of ASR system parameters, C represents the newly generated cur-
rent solution, C0 is the solution obtained from the previous iteration, and Ceq corresponds
to the current optimal solution, which was implemented as follows.

(1) Initialization. The range of ASR system parameters a1, b1, and γ1, the number of
particles, and the maximum iterative number Max_iter were set, and the initial con-
centration of individual particles was initialized.

(2) Evaluation. SR was performed according to the particle concentration, and the TFAI
was calculated as the fitness of individual particles.

(3) Update. The equilibrium pool Ceq,pool was calculated, as well as the exponential
term F and the generation rate G in turn, and the particle concentration was updated
according to Equation (11).

(4) Termination. It was judged whether the current iteration Iter reached Max_iter. If so, the
particle concentration corresponding to the maximum fitness was saved, and the optimal
ASR signal was output. Otherwise, Iter = Iter + 1, and steps (2) and (3) were repeated.

In this study, the TFAI-EO-ASR method took the TFAI as the measurement index and
jointly optimized the system parameters a1, b1, and γ1 via EO to obtain the optimal ASR output
and extract the dominant frequencies of operational signals. The flowchart is shown in Figure 3.
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3. Results
3.1. Analysis of TFAI

A periodic signal with a frequency f of 100 Hz and an amplitude A of 0.1 was used
as an example to construct the TFAI. The other parameters were set as follows: the noise
intensity of the system input Din was 20, the noise intensity of the system output Dout varied
from 0.2 to 20 with a variation step of 0.2, the sampling rate was 128 kHz, and the signal
duration was 1 s. After calculation, a total of 100 samples were generated, and each sample
was the average of 100 repeated calculations. The distribution of normalized samples with
noise intensity Dout is showed in Figure 4. As seen in Figure 4, the SMO, PSNR, and PMV,
similar to the SNRout, changed monotonically with increasing Dout, indicating that these
basic indices were able to describe the noise content of a signal from different aspects (i.e.,
time domain, frequency domain, and amplitude domain).
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Then, the basic indices were fused with the SVR model to construct the TFAI. The
training and testing results of the SVR model are shown in Figure 5. The penalty factor
c and kernel parameter γRBF were automatically set to 67.6032 and 0.1238, respectively,
using cross-validation and a grid search. It can be seen that the predicted values of SVR
were close to the target values in both the training dataset and the testing dataset, and the
squared correlation coefficients were greater than 0.99. This indicates that the generated
TFAI (SVR model) effectively fused information in the time domain, frequency domain,
and amplitude domain and had good accuracy and generalization ability.

3.2. Verification with Simulation

To verify the effectiveness of the proposed method, a noisy signal was generated by
superimposing a periodic signal and Gaussian white noise, and the proposed TFAI-EO-ASR
method was used to extract the dominant frequency. According to Lindell’s field data from
Utgrunden offshore wind farm, the operational signal was characterized by a line spectrum
with a frequency of 178 Hz [6]. In addition, the spectrum of underwater ambient noise was
approximately flat when the bandwidth of the analysis was narrow. Therefore, a periodic
signal with a frequency of 178 Hz and an amplitude of 0.08 was taken as the target signal,
and Gaussian white noise with an intensity of 8 was used as the underwater ambient noise.
The sampling frequency was 128 kHz, and the duration was 1 s. After the periodic signal
was superimposed with the noise, the waveform and spectrum of the noisy signal are
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shown in Figure 6a,b. It can be seen that the periodic signal was completely submerged
by the noise, and there were no obvious characteristics in the spectrum. The input SNR
was −22.8 dB (0–1 kHz). It should be noted that this noisy signal may be different from
the actual situation, but the purpose here is not to mimic the actual signal, but to validate
and gain an understanding of the detection performance of the ASR method in complex
underwater acoustic environment.
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In this simulation analysis, the scale coefficient m was 1000, the number of particles was
50, the maximum iterative number was 50, the range of a1 and b1 was (0, 2], and the range
of γ1 was (0, 1]. Figure 6c,d shows the waveform and spectrum of the TFAI-EO-ASR output
signal respectively, and the corresponding optimal system parameters were a1 = 0.0067,
b1 = 1.2670, and γ1 = 0.1094. Compared with Figure 6a, the noise interference in Figure 6c
was significantly reduced, and the target periodic signal was effectively extracted from
the noise. From the spectrum of the TFAI-EO-ASR output (Figure 6d), it can be seen that
there was a clear line spectrum at 178 Hz with the energy at other frequencies effectively
suppressed, and therefore, the frequency of the target periodic signal could be easily
determined as 178 Hz. At this time, the output SNR was−8.3 dB, which was 14.5 dB higher
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than the input SNR, indicating that the TFAI-EO-ASR method could effectively extract the
frequency of the noisy signal.

3.3. Verification with Field Data

The field measurement of operational signals was conducted at an offshore wind farm
in Rudong waters, Jiangsu Province, China, on 20 June 2019. The measured wind turbine
was of a doubly-fed asynchronous and variable speed type, with a rated power of 4.0 MW
and a tripod foundation (Figure 7). The water depth in the wind farm area was about
8 m, and the seabed was relatively flat. The weather was cloudy during the monitoring
period, and the wind speed at the hub (90 m) varied from 3.4 to 8.7 m/s. Operational signal
data were collected using a self-contained LoPAS-L acoustic recorder (LoPAS-L, Hangzhou
SonicInfo Technology Co., Ltd., Hangzhou, China), as shown in Figure 7. The LoPAS-L
had an omnidirectional broadband hydrophone with a sensitivity of 234.4 µV/Pa and a
resolution of 24 bits. Operational signals were recorded continuously at a sample rate
of 128 kHz. The LoPAS-L was deployed at the middle layer of the water, approximately
15 m away from the tripod foundation. During the measurement, ship engines and other
equipment that could generate sound were turned off.
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The temporal waveform and frequency spectrum of the collected operational signal
after band-pass filtering are shown in Figure 8a,b. Because the noise below 40 Hz was
mainly caused by the vibration of equipment or the hydrophone due to tidal fluctuation
rather than ambient noise or operational signals [8], frequencies below 40 Hz were not
considered in this study. As seen from Figure 8a,b, the line spectrum of the operational
signal was submerged in the ambient noise, and it was difficult to determine the dominant
frequency of the operational signal directly. After processing with the TFAI-EO-ASR
method, the waveform and spectrum of the output signal are shown in Figure 8c,d. Here
the scale coefficient m was 1000, the particle number of the EO was 50, the maximum
iterative number was 50, the range of a1 and b1 was (0, 2], and the range of γ1 was (0, 1].
It can be easily found that the TFAI-EO-ASR output signal had a clear line spectrum at
115 Hz, while other noise components were significantly suppressed. Therefore, the
dominant frequency of the collected operational signal could be easily determined as
115 Hz.

Figure 9a shows a time–frequency diagram of the collected operational signal with a
duration of 153 s, which was obtained by the spectrogram function of MATLAB R2018b
(Mathworks Inc., Natick, MA, USA) with normalized amplitude. The corresponding
spectrogram parameters were set as follows: the window length is 1–s and the overlap
rate is 0. During this period, the wind speed at the hub height (90 m) varied from 4.13
to 6.15 m/s. Due to the influences of tide and wind, there were many interferences in
the time–frequency diagram, and the line spectrum characteristics were not clear. After
being processed with the TFAI-EO-ASR method, a clear line spectrum appeared in the
time–frequency diagram (Figure 9b), and its frequency fluctuated in the range of 90–107
Hz (Figure 9c). The parameter settings in Figure 9b were the same as those in Figure 9a.
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Results in Figure 9 indicates that the TFAI-EO-ASR method could effectively track and
extract the dominant frequency of the operating signal under the dynamic change in the
noise level.
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3.4. Comparison of Extracted Dominant Frequency and Wind Turbine Rotor Speed

To verify that the extracted frequency results of the TFAI-EO-ASR method truly
reflected the dominant frequency of the operational signal, the extracted dominant frequen-
cies were further analyzed with the wind turbine rotor speeds monitored synchronously
in the air. The wind turbine rotor speed data were provided by a wind power company,
and each piece of data was the average result of 1 min. Figure 10a shows the dominant
frequencies extracted from the operational signals after TFAI-EO-ASR processing, and
Figure 10b shows the variation curve of the rotor speed in the air during the same period. It
can be seen that the dominant frequency and the rotor speed had almost the same variation
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tendency. If the two were linearly fitted (Figure 10c), the fitted correlation coefficient was
as high as 0.985, indicating a strong correlation between the two. Such a similar variation
tendency between the dominant frequency of the operational signal and the rotor speed in
the air was also reported in a previous study in Pangerc’s field [8]. This further confirms
that the frequencies extracted with the TFAI-EO-ASR method in this study were the dom-
inant frequencies of the operational signals from an offshore wind farm. Therefore, the
TFAI-EO-ASR method was reliable.
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4. Discussion

An operational signal under complex ambient noise was extracted using an ASR
method in this study. The key to the successful application of this method was to find
appropriate system parameters that matched the signal, noise, and nonlinear system so
that the optimal ASR output was achieved. In the proposed method, the system parameters
were selected through an EO under the guidance of a TFAI so that they could have a great
impact on the extraction results. To evaluate the performances of the TFAI and EO, other
methods with other measurement indices (e.g., WPSNR) and optimization algorithms
(e.g., AFSA) were compared. Among them, WPSNR is constructed by fusing the PSNR,
spectral correlation coefficient, and zero-crossing point ratio, and was successfully applied
in the ASR processing of rolling bearing fault diagnosis [37]. AFSA is a swarm intelligence
optimization algorithm that imitates the foraging, swarming, and rear-ending behaviors
of artificial fish and has the advantages of robustness, insensitivity to initial values, and
ease of jumping out of the local extreme value and obtaining the global extreme [36]. In the
comparison, different combinations of measurement indices and optimization algorithms
for ASR were used, and the output SNR was adopted to evaluate the extraction performance,
with the running time used to evaluate the extraction efficiency. To avoid the interference
of other factors, the parameters of AFSA were set consistently with the EO, and the input
signal was uniformly adopted as the noisy signal shown in Figure 6a,b. The computational
environment of the method was MATLAB R2018b on a 64-bit Windows 10 operating system,
and the computer hardware was Inter Core i5-4460 CPU with 16 GB memory.

The extraction results of different ASR methods are shown in Figure 11, and the
corresponding operating parameters are shown in Table 1. Comparing Figure 6, Figure 11,
and Table 1, no matter which optimization algorithm was adopted, the results obtained by
ASR methods with the TFAI as the measurement index had more prominent line spectrum
characteristics, more complete suppression of the remaining noise components, and higher
output SNRs, indicating that the TFAI had a better performance. In addition, no matter
which measurement index was adopted, the running times required for the ASR methods
with EO as the optimization algorithm were always less, at only one-quarter of that of
AFSA, indicating that EO was simple, fast, and efficient. In general, compared with the ASR
methods using WPSNR as the measurement index or AFSA as the optimization algorithm,
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the TFAI-EO-ASR method proposed in this study had certain superiority in extraction
performance and efficiency.
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Table 1. Parameters of adaptive stochastic resonance extraction.

Method SNR/dB Running Time/s

TFAI-EO-ASR −8.3 251.9
TFAI-AFSA-ASR −9.4 1183.0
WPSNR-EO-ASR −9.7 235.9

WPSNR-AFSA-ASR −9.8 935.4

The reliable extraction of the dominant frequencies of offshore wind turbine opera-
tional signals enabled by our proposed method could benefit a variety of studies related to
environment, biology, and physics. For example, our results revealed that the dominant
frequencies of operational signals varied in the range of 90–107 Hz under wind speeds
of 4.13–6.15 m/s. By comparing the extracted dominant frequencies with the auditory
threshold curve of a particular marine animal, one could assess whether a wind turbine
operational signal is within the hearing range of this animal. Our results showed that the
dominant frequency range greatly overlapped with the hearing thresholds of most fish
(50–500 Hz) [18], suggesting that the operational signals of offshore wind turbines can be



J. Mar. Sci. Eng. 2022, 10, 1517 15 of 17

sensed by most fish. As the size and number of offshore wind turbines increase, the sound
pressure levels of operational signals may also increase, leading to long-term cumulative
effects on fish and posing a series of environmental concerns [10,11]. Our dominant fre-
quency extraction method is helpful for the long-term monitoring of cumulative effects and
the assessment of related environmental impacts. The extraction of frequencies contributes
to the development of pressure amplitude extraction techniques for operational signals,
which are important for the quantitative analysis of their cumulative effect. Our method
can further help subsequent analyses of the relationship of operational signals with the
physical marine environment (e.g., wind speed, wind direction, and flow velocity) and lay
a theoretical foundation for acoustic environmental impact assessment and the low-noise
design of future large-capacity wind turbines. In addition, the dominant frequency had a
consistent trend with the rotor speed in the air, as operational signals originate from the
mechanical rotating parts of wind turbines [8]. By extracting the dominant frequency of the
operational signal through TFAI-EO-ASR, the rotor speeds of offshore wind turbines can
be derived, providing a non-contact method for rotor speed monitoring and overspeed pro-
tection. Beyond that, the TFAI-EO-ASR method could also be applied to other fields related
to the detection of weak signals in strong underwater ambient noise, such as underwater
acoustic communication.

5. Conclusions

In this study, the TFAI-EO-ASR method was proposed for the problem of operational
signals from offshore wind farms being weak, easily disturbed by underwater ambient
noise, and difficult to analyze. Under the guidance of the TFAI, the TFAI-EO-ASR method
adaptively tuned the system parameters with an EO to realize the extraction of the dominant
frequency of the operational signal. The TFAI was constructed by fusing the SMO, PSNR,
and PMV through SVR and effectively quantified the system output response and solved
the problem of unknown frequency of the operational signal under heavy ambient noise.
The EO jointly optimized multiple system parameters according to the principle of physical
dynamic source–sink to improve the efficiency of signal extraction. The analysis results
of the simulation and field data showed that the output SNR of the signal to be measured
was significantly improved, and the line spectrum was clearer after processing with the
TFAI-EO-ASR method, which indicated that the method could effectively extract the
dominant frequency of the operational signal. Based on this, a comparison between the
extracted frequencies of operational underwater signals and the wind turbine rotor speed
synchronously monitored in the air showed that the two parameters had a consistent
trend, and the fitting correlation coefficient was as high as 0.985, which further proved the
reliability of the TFAI-EO-ASR method. Moreover, a higher output of SNR and a shorter
running time of the proposed method were shown by comparing ASR methods using
different measurement indices (e.g., TFAI, WPSNR) and optimization algorithms (e.g.,
EO, AFSA).

In future work, we plan to combine other methods, such as the chaotic critical state
method, to extract the amplitude information of operational underwater sound from
offshore wind turbines. In addition, we intend to extend our method to study particle
motion and its impact on fish.
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