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ABSTRACT: As the core facility of offshore wind power systems, the structural safety of offshore booster stations
directly impacts the stable operation of entire wind farms. With the global energy transition toward green and low-
carbon goals, offshore wind power has emerged as a key renewable energy source, yet its booster stations face harsh
marine environments, including persistent wave impacts, salt spray corrosion, and equipment-induced vibrations.
Traditional monitoring methods relying on manual inspections and single-dimensional sensors suffer from critical
limitations: low efficiency, poor real-time performance, and inability to capture millinewton-level stress fluctuations
that signal early structural fatigue. To address these challenges, this study proposes a biomechanics-driven structural
safety monitoring system integrated with deep learning. Inspired by biological stress-sensing mechanisms, the system
deploys a distributed multi-dimensional force sensor network to capture real-time stress distributions in key structural
components. A hybrid convolutional neural network-radial basis function (CNN-RBF) model is developed: the CNN
branch extracts spatiotemporal features from multi-source sensing data, while the RBF branch reconstructs the
nonlinear stress field for accurate anomaly diagnosis. The three-tier architectural design—data layer (distributed sensor
array), function layer (CNN-RBF modeling), and application layer (edge computing terminal)—enables a closed-
loop process from high-resolution data collection to real-time early warning, with data processing delay controlled
within 200 ms. Experimental validation against traditional SOM-based systems demonstrates significant performance
improvements: monitoring accuracy increased by 19.8%, efficiency by 23.4%, recall rate by 20.5%, and F1 score by 21.6%.
Under extreme weather (e.g., typhoons and winter storms), the system’s stability is 40% higher, with user satisfaction
improving by 17.2%. The biomechanics-inspired sensor design enhances survival rates in salt fog (85.7% improvement)
and dynamic loads, highlighting its robust engineering applicability for intelligent offshore wind farm maintenance.
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1 Introduction
With the transformation of global energy structure to green and low carbon and the goal of “double

carbon”, wind power, as an important new clean energy, is becoming a key factor to achieve green and
low carbon development [1]. Among them, offshore wind power has become a key research direction in
the field of renewable energy because of its unique geographical advantages and resource conditions [2].
Compared with onshore wind power, offshore wind power is located in a marine area with abundant wind
resources, high average wind speed, strong stability, and no land resources, which is very suitable for large-
scale development [3]. However, the development of offshore wind power is not smooth sailing, and it faces
many challenges, especially the safety problem of its core power facility-offshore booster station. The offshore
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booster station shoulders the heavy responsibility of boosting the energy generated by wind turbines and
transporting it to the land power grid [4]. Because it has been in a harsh marine environment for a long
time, it is not only affected by natural factors such as wind and wave impact and salt spray corrosion but
also subjected to frequent equipment vibration and complex mechanical stress [5]. These factors accelerate
the structural fatigue of the booster station, and the failure rate is relatively high [6]. In remote sea areas, the
traditional inspection method has the disadvantages of high cost, high risk, and low efficiency, which can
not meet the requirements of efficient and accurate monitoring.

In addition, the harsh offshore operating environment and difficulties in material transportation make
the maintenance of offshore WP significantly more difficult and costly than onshore WP [7]. Therefore,
how to achieve timely monitoring of offshore WP boosting stations to ensure their structural safety and
operational stability has become a key issue that urgently needs to be addressed [8]. At present, most
monitoring schemes for offshore WP step-up stations rely on sensors to obtain data and manual monitoring
through analysis by relevant technical personnel [9]. However, this traditional approach has obvious
limitations: manual monitoring has low efficiency, poor real-time performance, and is easily affected by
human errors [10]. Meanwhile, environmental factors also pose significant constraints on the efficiency and
accuracy of manual inspections [11]. For example, in adverse weather conditions such as rain and snow, it
is difficult for staff to accurately identify the true working status of equipment with the naked eye, which
further increases the difficulty and risk of operation and maintenance [12].

Therefore, developing an intelligent system that can adapt to complex environments, monitor in real-
time, and automatically analyze the safety status of the step-up station structure has become an important
research direction in the field of offshore WP [13]. To address these challenges, the development of new sensor
devices that can adapt to arbitrary deformation of substrates and accurately detect complex environmental
information has become an inevitable trend [14]. Recently, with the rapid growth of machine vision and
image recognition technology, machine vision-based object detection technology has been widely applied
in multiple fields, especially in the field of maritime object detection, where significant achievements
have been made [15]. These technologies provide strong technical support for maritime safety monitoring,
transportation, and law enforcement work, as well as new ideas for intelligent monitoring of offshore
WP boosting stations [16]. Based on the aforementioned biomechanical drive and intelligent monitoring
architecture, this paper designs a structural safety monitoring system for offshore wind power booster
stations, which integrates bionic sensing and deep learning technology. This system simulates the stress
sensing mechanism of organisms by arranging a multi-dimensional force sensor network and combines
the CNN-RBF hybrid neural network model to achieve automatic monitoring of the whole link from
micro-deformation sensing to intelligent diagnosis. Its core innovations are as follows:

(1) Interdisciplinary innovation. This system applies the biomechanical bionic principle to offshore wind
power engineering monitoring for the first time. With the help of a bio-heuristic sensor array, it can
accurately capture the stress fluctuation of the structure at the millinewton level, so that the system has
an environmental response ability similar to that of life.

(2) Algorithm architecture innovation. In the CNN-RBF dual-channel neural network model, the CNN
branch is responsible for extracting spatiotemporal features from multi-source sensing data, and the
RBF branch is used to reconstruct the nonlinear stress field.

(3) Engineering application innovation. The embedded intelligent terminal is used for edge calculation,
and the data processing delay is controlled within 200 ms. Combined with the digital twin platform, a
closed-loop system of “perception-decision-early warning” is formed.
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(4) The biomechanical sensor module of the system can analyze the stress topology of the structure in
real-time, and the deep learning model can adapt to different sea conditions through the transfer
learning strategy.

This article first deeply analyzes the background and importance of the research and then explores
in detail the latest research results and development trends of biomechanics and DL technology in the
field of structural safety monitoring of offshore WP boosting stations. The core part of the article focuses
on the design and functions of a structural safety monitoring system for offshore WP step-up stations
based on biomechanics and DL technology. To verify the validity of the proposed algorithm, the research
team designed and implemented a series of scientific experiments, fully demonstrating the feasibility and
superiority of the system. Finally, this article summarizes the main research findings and contributions, while
reflecting on the limitations of the study, providing clear directions and room for improvement for future
related research.

2 Related Work
In recent years, the safety monitoring of offshore WP step-up stations has attracted widespread attention

from the academic community, and many scholars have conducted in-depth research on it from different
perspectives. Tounsi [17] established a model of the internal components of wind turbines and used the
differences in electrical parameters before and after the occurrence of faults to determine the working
status of the components. Xu et al. [18] started from the distribution characteristics of ground temperature,
constructed surface equations, and introduced a particle swarm optimization algorithm for automatic
optimization, proposing an adaptive quality control model that provides new ideas for analyzing the impact
of environmental factors on wind turbines. Hao and Qingdong [19] used the empirical wavelet transform
method with threshold denoising to analyze the vibration signals of wind turbine variable pitch bearings. By
detecting the fault characteristic frequency through the envelope spectrum of the denoised signal, an effective
means was provided for vibration signal processing. Xu et al. [20] proposed a fault detection method based on
a spectral kurtosis-derived index for generator-bearing faults. Although this method performs well in trend
analysis, its calculation process is complex and susceptible to errors, which limits its practical application.

Janackovic and Grozdanovic [21] analyzed the working efficiency of the power control room by using
the system analysis method and emphasized that the information presentation mode in the control room,
environmental factors, and the working state of the operators have a significant impact on the decision-
making speed and accuracy. Langeroudi et al. [22] studied the optimal scheduling of thermoelectric hydrogen
microgrids including renewable energy and plug-in electric vehicles (PEV). They incorporated hydrogen
production facilities based on fuel cells and electrolyzed water into the multi-energy system. Das et al. [23]
proposed a multi-objective scheduling method, aiming at alleviating the power supply pressure of the
distribution network. Nasser Mohamed et al. [24] analyzed the non-stationary signal centered on risk
and influence based on the fault characteristics of the Djibouti power system and devoted themselves to
improving the fault diagnosis ability of the power system under complex working conditions. Salkuti [25]
studies the optimal operation of a hybrid power system by using a multi-objective optimization method
from the risk point of view, which provides optimization strategies for balancing the economy, reliability, and
other objectives in system operation. Ilić and Arkovi [26] applied machine learning to generator condition
evaluation and realized accurate monitoring and evaluation of generator condition through in-depth analysis
of generator operation data.

Although the above-mentioned research on fault diagnosis and safety monitoring of wind turbines
has achieved great results, there are still significant limitations in the research on the special scene of
offshore wind power booster stations. Traditional monitoring methods have poor adaptability in harsh
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marine environments, and there are problems with poor real-time performance and high labor costs. The
existing monitoring system is not accurate enough to capture the subtle stress changes of the structure,
so it is difficult to effectively identify the potential safety hazards at an early stage. Moreover, the existing
algorithms are not adaptable to complex working conditions, and there are some limitations in the accuracy
and robustness of fault diagnosis. In view of this, according to the biomechanical principle, this paper
puts forward a structural safety monitoring system for offshore WP booster stations. The system integrates
advanced sensor technology and DL algorithm to monitor the structural state of the booster station in real-
time. By building a multi-dimensional force sensor network inspired by biomechanics, the stress fluctuation
and micro-deformation of the structure can be accurately captured. CNN-RBF hybrid neural network model
can not only extract the spatiotemporal characteristics of multi-source sensing data but also reconstruct the
nonlinear stress field, so as to realize intelligent diagnosis of structural anomalies and detect potential safety
hazards in time.

3 Application of Biomechanics and DL

3.1 Biomechanics
With the rapid growth of the Internet of Things (IoT) and various sensing technologies, human behavior

perception and recognition technology based on artificial intelligence (AI) has been widely applied in areas
such as smart homes, healthcare, and sports monitoring. The successful practice of this technology provides
new ideas and references for the structural safety monitoring of offshore WP step-up stations. In offshore WP
monitoring technology, IoT, as one of the core technologies, combined with audio acquisition systems, video
monitoring systems, and various data acquisition sensors, can obtain key data in real-time during offshore
WP operation and maintenance, providing reliable guarantees for structural safety. As a measuring device
that accurately converts force signals into electrical signals, force sensors have important application value
in complex systems.

Multidimensional force sensors further expand this capability, capable of simultaneously sensing force
or torque components from multiple dimensions, and are widely used in fields such as aerospace, healthcare,
intelligent robots, and mechanical assembly. The introduction of multi-dimensional force sensors in offshore
WP boosting stations provides a new solution for structural safety monitoring. Offshore WP step-up stations
are exposed to harsh marine environments for a long time, enduring multiple stress effects such as wind and
wave impacts, equipment vibrations, and the attachment of marine organisms. The structural health of these
stations directly affects the stable operation of the WP system. By deploying a multidimensional force sensor
network, the stress distribution and changes in key parts of the step-up station can be monitored in real-time.
These sensors can accurately capture the tension, compression, shear, and torque components of structural
components, and combined with AI algorithms, conduct an in-depth analysis of the data to identify potential
structural damage or fatigue issues.

In the field of biomechanics application, this paper refers to the stress-strain relationship model in
human kinematics and introduces it to the structural health monitoring of the booster station. In this study,
the key supporting structure of the booster station is compared to the skeletal system of the human body,
and the multi-dimensional force sensor is used to simulate the perception ability of muscle tissue to external
stress. By constructing a stress feedback mechanism similar to the human joints, the system can respond
quickly once the structure is slightly deformed. Just like in the area where local stress is concentrated due to
wind and wave impact or equipment vibration, the sensor can capture “abnormal signals” like human pain
response, and then use an AI algorithm to determine whether this is a potential failure risk.
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3.2 DL
Recently, the rapid growth of DL and neural networks has provided a new technological path and

solution for the safety monitoring of wind farm boosting stations. By deploying intelligent sensing terminals,
it is possible to comprehensively perceive the status of personnel, equipment, and environment within the
substation, significantly promoting the development of EPS maintenance management towards intelligence,
efficiency, and safety. Compared with traditional machine learning (ML) methods, the core advantage of
DL lies in its ability to automatically extract features from input signals, thereby avoiding the complexity
and limitations of manual feature design and providing a more efficient tool for data analysis in complex
scenarios. CNN has attracted much attention in DL methods due to its outstanding performance in
processing grid-structured data. CNN performs convolution operations with input data through two-
dimensional filters (convolution kernels), which can effectively capture spatial features in images and is
particularly outstanding in the field of image processing.

In addition, radial basis function neural networks (RBF), as a powerful tool for approximating nonlinear
functions, can accurately simulate complex nonlinear relationships and have good generalization ability
and fast convergence speed. For the monitoring data of offshore wind farm step-up stations, there are
various types of data and large time spans. Traditional neural networks are prone to getting stuck in
local optima during the learning process, leading to a decrease in identification accuracy. Compared
with traditional backpropagation neural networks (BPNN), RBF can globally approximate any nonlinear
equation, fundamentally overcoming the local optimum problem of BPNN. Based on this, this article
combines CNN and RBF to establish a new network model, which is jointly applied to the structural safety
monitoring of offshore wind farm boosting stations. This model fully utilizes the advantages of CNN in
feature extraction and the capabilities of RBF in nonlinear approximation and global optimization, and
can more accurately identify the structural state changes of the step-up station, providing strong technical
support for the safe maintenance of offshore WP facilities.

4 A Safety Monitoring System Combining Biomechanics and DL

4.1 System Construction
This paper presents a structural safety monitoring system of an offshore wind power booster station

based on biomechanics. The system adheres to the bionic design concept, simulates the stress sensing
mechanism of organisms with the help of a multi-dimensional force sensor network, and combines with the
CNN-RBF neural network in achieving brain-like intelligent analysis, thus forming a closed-loop monitoring
framework of “perception-analysis-decision” (Fig. 1). This system has a three-layer intelligent structure. In
the data layer, a distributed sensor array is used to collect stress data of key nodes in real-time, and a
hierarchical storage mechanism is constructed to ensure the reliability of data. The functional layer uses a
CNN-RBF hybrid neural network to carry out feature extraction and pattern recognition to realize intelligent
diagnosis of structural anomalies. The application layer transmits the analysis results to the operation and
maintenance terminal in real-time through the automatic early warning mechanism.
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Figure 1: System structure

The functional layer is the center of the system, and the CNN-RBF neural network designed in this
article is used to analyze the information collected by the data layer. This network combines the feature
extraction capability of CNN and the nonlinear approximation advantage of RBF, which can efficiently
identify abnormal changes in the structural state of the step-up station and predict potential safety hazards.
The application layer serves as the interactive interface of the system, directly interacting with different types
of users. Users can perform pressure collection, data transmission, abnormal alarms, and other operations
through this layer. The system will respond in real-time based on user operations and provide corresponding
processing results to ensure that users can timely grasp the structural safety status of the step-up station.
Through the collaborative work of a three-layer architecture, this article has achieved intelligent monitoring
and management of the structural safety of offshore WP step-up stations.

4.2 Algorithm Principle
In multidimensional force sensors, elastomers play the role of sensitive components, responsible for

sensing and converting physical quantities to be measured, and are the core components of the sensor.
Capacitive sensors can be divided into three categories based on their working principle: variable dielectric
type, variable area type, and variable pole distance type. Among them, the variable pole distance type
has attracted much attention due to its wide range of application fields, especially suitable for precise
measurement of parameters such as displacement and force. When the initial pole distance δ0 of the sensor
is much greater than the change in pole distance Δδ, there is an approximate linear relationship between the
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change in capacitance ΔC and the change in pole distance Δδ:

ΔC ≈ C0

δ0
Δδ (1)

In the formula, C0 is the initial capacitance.
Wavelet analysis, as a digital signal processing technique, has attracted much attention in recent

years, especially in the field of time-frequency analysis, showing significant advantages. The mathematical
expression of continuous wavelet transform is:

Wf (a, b) = 1√
a ∫

+∞

−∞
f (t)ψ∗ ( t − b

a
) dt = ⟨ f (t) , ψa ,b (t)⟩ (2)

Among them, f (t) represents the original signal; ∗ represents conjugate operation; ⟨⟩ which stands
for inner product operation. The time function ψ (t) that satisfies specific conditions is called the mother
wavelet. By performing scaling or translation transformations on the mother wavelet, a family of functions
can be obtained, in the specific form of:

ψ (t) = 1√
a

ψ ( t − b
a
) (3)

Among them, a represents the scale parameter: when a > 1, it indicates that the signal is stretched in the
time axis direction; when a < 1 occurs, it indicates that the signal is compressed in the time axis direction.
b is the translation parameter: when b > 0, it indicates that the signal is shifted to the right along the time
axis; when b < 0, it indicates that the signal shifts left along the time axis.

The RBF constructs a three-layer architecture consisting of an input layer, a hidden layer, and an output
layer. The mutation process from the input layer to the hidden layer exhibits nonlinear characteristics, while
the conversion from the hidden layer to the output layer presents a linear relationship. The activation function
of RBF can be expressed as:

R (Xp − ci) = exp(− 1
2σ 2 ∥Xp − ci∥

2) (4)

here, Xp represents the p input data, ci represents the i center point, h represents the number of nodes
in the hidden layer, and σ is the loss function in the network. Refers to the number of output samples or
classifications, while wi j , di , y j represents the grid parameters.

According to the structural characteristics of RBF neural networks, the output of the network can be
expressed as:

y j = ∑
h
i=1 wi j exp(− 1

2σ 2 ∥Xp − ci∥
2) , j = 1, 2, ⋅ ⋅ ⋅ , n (5)

Discrete Fourier Transform (DFT) is a method used to calculate the frequency spectrum of discrete
signals, which can convert complex time-domain signals into a series of values at specific frequencies in
the frequency domain. In practical applications, fast Fourier transform (FFT) is commonly used to improve
computational efficiency. DFT plays a key role in revealing the spectral differences between normal signals
and fault signals in the structure of a step-up station and is an important means of detecting whether early
faults have occurred in the structure. Due to the fact that the results obtained from DFT calculations are
complex, we usually convert their absolute values into amplitude spectra for analysis. In addition, due to the
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symmetry of the spectrum, it is usually only necessary to analyze half of the spectrum. The expression for
DFT is as follows:

DFT (k) =
N−1
∑
n=0

x (n) e− j2πnk/N (6)

In this equation, the value of k is 0, 1, 2, ⋅ ⋅ ⋅ , M/2, corresponding to a point in the spectrum with a
frequency of k fs/N , where x (n) represents a signal sequence of length N .

Given that the input samples are presented in two-dimensional form, using convolutional kernels for
local feature perception is particularly suitable. This can fully utilize the advantages of CNN in sparse
connections and weight sharing, obviously reducing the number of model parameters and effectively
avoiding the risk of model overfitting. Taking the convolution of the l layer as an example, the specific
expression of the convolution operation is as follows:

x l
j = f

⎛
⎝

C l−1

∑
i=1

x l−1
i ∗ kl

i j + bl
i j
⎞
⎠

(7)

In this equation, x l
j represents the j feature map (FM) output by the l convolutional layer, f represents

the nonlinear activation function, Cl−1 represents the number of FMs in the l − 1 layer, x l−1
i represents the

i FM output by the l − 1 convolutional layer, and ∗ symbol is the convolution operation. kl
i j represents the i

convolution kernel used to calculate the j FM of the l layer.
In RBF networks, the main parameters solved include three key parts: the center of the basic function,

variance, and the weights from the hidden layer to the output layer. Firstly, we use unsupervised learning to
determine the center and variance of the underlying functions of the hidden layer. Specifically, by selecting
h centers as the results of k-means clustering and using the radial basis of the Gaussian kernel function, the
variance σi is calculated using the following equation. On this basis, further, use supervised learning methods
to compute the weights between the hidden layer and the output layer.

σi =
cmax√

2h
, i = 1, 2, ⋅ ⋅ ⋅ , h (8)

In the formula, the maximum distance between the selected two center points is.
To comprehensively evaluate the performance of the structural safety monitoring system proposed in

this paper, we have selected the following key evaluation metrics:
Accuracy:

Accurac y = TP + TN
TP + TN + FP + FN

(9)

where TP is the true positive, TN is the true negative, FP is the false positive, and FN is the false negative.
Recall:

Recal l = TP
TP + FN

(10)

It reflects the ability of the model to identify all real abnormal samples.
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F1 Score:

F1 = 2 × Precision × Recal l
Precision + Recal l

(11)

where Precision is defined as:

Precision = TP
TP + FP

(12)

The F1 score is the harmonic mean of precision and recall, used to measure the overall identification
ability of the model.

In terms of the evaluation method, we adopted 5-fold cross-validation to reduce the random fluctuations
in the model’s performance. Meanwhile, samples under extreme weather conditions, such as typhoon seasons
and winter storms were added to the test set to test the system’s robustness under dynamic loads.

In view of the complex operating environment of offshore wind power booster stations, the industrial
multi-dimensional force sensor with waterproof and anti-corrosion characteristics is selected in this system.
In this way, the sensor can work stably even in humid and salt fog environments. In addition, the
communication module of the system supports 5G remote transmission, and data can be transmitted back
by satellite link in the offshore area without base station coverage. This design ensures the real-time integrity
of monitoring data.

5 Result Analysis and Discussion
In order to verify the performance of the system proposed in this paper, it is compared with the

traditional monitoring system based on SOM. The experimental data set is derived from the actual operation
data of a large offshore wind farm, including the stress distribution records of the booster station in different
seasons and wind speeds. The data collection spans one year, covering normal operation, minor damage,
and serious failure. In order to test the generalization ability of the model, the data set is divided into a
training set (accounting for 70%), a verification set (accounting for 15%), and a test set (accounting for 15%),
and cross-validation is carried out many times under different noise levels. In addition, in order to evaluate
the performance of the system under extreme weather conditions, the researchers introduced special data
samples during typhoon season and winter storms to test the stability and robustness of the system under
high dynamic load.

Fig. 2 shows the comparative results of the two systems in terms of accuracy in monitoring the structure
of offshore WP boosting stations. From the figure, it can be seen that the monitoring accuracy of the
system in this article is significantly higher than that of the traditional SOM system. After combining the
biomechanical sensing principle with a CNN-RBF hybrid neural network, the system proposed in this
paper shows excellent performance in structural state identification. In detail, a multi-dimensional force
sensor network can collect high-resolution stress distribution, while the CNN-RBF model is excellent in
nonlinear feature extraction and global optimization. Compared with the traditional SOM-based system,
the combination of these functions improves the accuracy, efficiency, and robustness of the system. This
model fully utilizes the ascendancy of CNN in feature extraction and the ability of RBF in nonlinear
approximation and global optimization, and can more accurately identify changes in the structural state of
the step-up station. The results show that our system performs excellently in improving monitoring accuracy
and reliability, providing strong technical support for the safe maintenance of offshore WP facilities, and
laying a compact foundation for the further development of intelligent monitoring systems.
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Figure 2: Comparison of monitoring accuracy

Fig. 3 shows the comparative results of the monitoring efficiency of our system and the traditional SOM-
based monitoring system in the structural monitoring of offshore WP step-up stations. From the figure, it
can be seen that under the same number of tasks, the system in this paper has a shorter time consumption
and significantly better monitoring efficiency than traditional SOM systems. This article combines principles
of biomechanics and deploys a multidimensional force sensor network, which can collect real-time stress
distribution and change data of key parts of the step-up station, providing a high-precision data foundation
for monitoring. At the same time, the system adopts the CNN-RBF network model, fully leveraging the
ascendancy of CNN in feature extraction and the ability of RBF in nonlinear approximation and global
optimization. This enables the system to quickly and accurately identify changes in the structural status of
the step-up station, thereby issuing timely abnormal warnings.

Figure 3: Comparison of monitoring efficiency

Fig. 4 shows the comparison results between our system and the traditional SOM-based monitoring
system in terms of the recall rate of offshore WP step-up station structure identification. The recall rate
is a significant indicator for measuring the recognition ability of a system. From the graph, it can be seen
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that the recall rate of this system is sensibly higher than that of the traditional SOM system, indicating that
it has higher accuracy and reliability in identifying changes in the structural state of the step-up station.
This article combines principles of biomechanics and deploys a multidimensional force sensor network,
which can collect real-time stress distribution and change data of key parts of the step-up station, providing
comprehensive and accurate data support for monitoring. At the same time, the system adopts the CNN-
RBF network model, fully utilizing the ascendancy of CNN in feature extraction and the ability of RBF in
nonlinear approximation and global optimization. This significantly improves the recognition performance
of the system.

Figure 4: Comparison of recall rates

Fig. 5 shows the comparative results of the proposed system and the traditional SOM-based monitoring
system in identifying the F1 value of offshore WP step-up station structures. The F1 value is a momentous
indicator for comprehensively measuring the accuracy and recall of a system. From the graph, it can be seen
that the F1 value of this system is significantly higher than that of the traditional SOM system, indicating
that it has obvious advantages in recognition accuracy and comprehensiveness. This article combines the
principles of biomechanics and deploys a multidimensional force sensor network, which can collect real-
time stress distribution and change data of key parts of the step-up station, providing high-precision and
multidimensional data support for monitoring. At the same time, the system adopts the CNN-RBF network
model, fully leveraging the ascendancy of CNN in feature extraction and the ability of RBF in nonlinear
approximation and global optimization. This enables the system to more correctly capture subtle changes in
the structure of the step-up station, significantly improving the overall performance of recognition.
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Figure 5: Comparison of F1 values

Fig. 6 shows the comparison results of the stability between our system and the traditional SOM-
based monitoring system. From Fig. 6, it can be seen that the stability of the system in this article is
significantly better than that of the traditional SOM system, indicating that it has higher reliability in long-
term operations and complex environments. This article combines principles of biomechanics and deploys
a multidimensional force sensor network, which can collect real-time stress distribution and change data of
key parts of the step-up station, providing comprehensive and accurate data support for monitoring. At the
same time, the system adopts the CNN-RBF network model, fully utilizing the ascendancy of CNN in feature
extraction and the ability of RBF in nonlinear approximation and global optimization. This combination
not only improves the recognition precision of the system but also enhances its adaptability and stability in
complex working conditions.

Figure 6: Stability comparison

Fig. 7 shows the comparison results of user satisfaction between our system and the traditional SOM-
based monitoring system. From the graph, it can be seen that user satisfaction with this system is evidently
higher than that of the traditional SOM system, indicating that it is more recognized by users in terms
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of practicality, ease of use, and reliability. This article combines principles of biomechanics and deploys a
multidimensional force sensor network, which can collect real-time stress distribution and change data of
key parts of the step-up station, providing comprehensive and accurate data support for monitoring. At
the same time, the system adopts the CNN-RBF network model, fully utilizing the ascendancy of CNN
in feature extraction and the ability of RBF in nonlinear approximation and global optimization. This
combination not only evidently enhances the recognition accuracy and efficiency of the system, but also
quickly issues warnings for maintenance personnel, helping them take timely response measures, thereby
effectively reducing operation and maintenance costs and improving work efficiency.

Figure 7: Satisfaction comparison

The “Iterations (times)” shown in Figs. 4–7 represent the unit of iterations of the model in the process
of training and verification; that is, every time a complete training set is traversed and the parameters are
updated, it is called an iteration. In this experiment, the model has been trained for 100 epochs, and each
epoch contains multiple mini-batches, so the total number of iterations depends on the size of batch size. In
order to ensure the fairness of the comparison, all the models involved in the comparison adopt the same
training strategy and iteration number setting.

Table 1 shows the comparison of system response time under different sea conditions. With the
deterioration of sea conditions (the increase of wave height), the response time of traditional systems is
greatly prolonged. By virtue of the optimization of edge calculation and the fast feature extraction ability
of the CNN-RBF model, the response time of this system can be controlled within 420 ms even under the
condition of huge waves, which is 65% higher than that of the traditional system. This shows that the system
has better real-time performance in a dynamic marine environment and can capture the sudden change of
structural stress more quickly.
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Table 1: Comparison of system response time under different sea conditions

Sea condition
grade

Wave height
range (m)

Traditional
system response

time (ms)

This system
response time

(ms)

Response efficiency
improvement rate

(%)
Calm sea 0.1–0.5 420 ± 35 180 ± 12 57.1

Light wave 0.5–1.25 580 ± 42 220 ± 15 62.1
Moderate wave 1.25–2.5 750 ± 50 280 ± 18 62.7

Rough wave 2.5–4.0 980 ± 60 350 ± 20 64.3
Very rough wave 4.0–6.0 1200 ± 80 420 ±25 65.0

Table 2 compares the survival rate of traditional sensor networks with that of this system in extreme
weather. The multi-dimensional force sensor used in this system, combined with biomechanical bionic
design, has improved the survival rate by 85.7% in the salt fog corrosion environment, which is superior to
the traditional scheme. This is due to the special coating process of the sensor shell and the redundant design
of the network so that it can still operate stably in the environment of strong corrosion and high humidity
in the ocean. In addition, under strong dynamic load conditions such as typhoons and winter storms, the
survival rate of the sensor is improved by more than 40%. This verifies the engineering applicability of the
system in a harsh environment and provides a reliable guarantee for long-term offshore monitoring.

Table 2: Comparison of sensor network survival rate under extreme weather

Extreme weather type Duration
(h)

Traditional sensor
network survival

rate (%)

This system sensor
survival rate (%)

Survival rate
improvement rate

(%)
Typhoon (Level 12) 24 65 ± 5 92 ± 3 41.5

Winter storm 48 58 ± 4 89 ± 4 53.4
Salt spray corrosion

(30 days)
720 42 ± 3 78 ± 5 85.7

Strong ultraviolet
radiation (Summer)

30 days 55 ± 4 81 ± 3 47.3

The response time has been significantly improved, which is attributed to the parallel computing ability
of the CNN-RBF model. Among them, CNN is responsible for quickly extracting the spatial features of stress
images, and RBF is used to fit the nonlinear stress field in real-time. Together, the data processing delay is
controlled within 200 ms (at the edge computing terminal), and the efficiency is improved by more than 60%
compared with the serial processing mode of the traditional system. The improvement in the survival rate of
the sensor reflects the engineering value of biomechanical bionic design. By simulating the stress-buffering
mechanism of organisms (such as the damping effect of articular cartilage), the sensor array can adaptively
absorb the impact energy of sea waves and reduce mechanical damage.

6 Conclusion
In this paper, a structural safety monitoring system of offshore wind power booster stations based on

the biomechanics principle is conceived, aiming at solving the problems of low efficiency and poor accuracy
of traditional monitoring methods in complex marine environments. This system collects stress distribution
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data of key parts in real-time by arranging a bionic multi-dimensional force sensor network. Moreover, the
spatial feature extraction ability of CNN is creatively combined with the nonlinear modeling advantage of
the RBF network, and a highly robust deep learning model is built to achieve closed-loop monitoring of the
whole process from micro-deformation sensing to intelligent diagnosis.

The experimental results show that compared with the traditional SOM system, this system has made
remarkable progress in many core indicators. Among them, the monitoring accuracy increased by 19.8%, the
monitoring efficiency increased by 23.4%, the recall rate increased by 20.5%, and the F1 value increased by
21.6%. In extreme weather, the system’s stability is outstanding, and the user satisfaction score is 17.2% higher
than that of the traditional system, which gives strong technical support for the intelligent operation and
maintenance of offshore wind farms.

However, the system also has three limitations. First, the reliability and durability of sensor networks
in extremely harsh environments need to be further verified. Secondly, the CNN-RBF model depends on a
large amount of high-quality training data, and it is difficult to obtain data in practical application scenarios.
Thirdly, in the face of large-scale wind farms, the real-time performance of edge computing modules is
lacking. In the future, it is necessary to use a lightweight model or distributed architecture to enhance the
system’s scalability. These challenges make the optimization direction for the follow-up research clear.
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