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Abstract

Vibration-based structural health monitoring methods have been widely applied in the
field of damage identification. This paper proposes an intelligent diagnostic approach
that integrates a multi-scale convolutional neural network with a multi-head attention
mechanism (MSCNN-MHA) for the structural health monitoring of jacket-type offshore
platforms. Through numerical simulations, acceleration response signals of three-pile
and four-pile jacket platforms under random wave excitation are analyzed. Damage
localization studies are conducted under simulated crack and pitting corrosion cases.
Unlike previous studies that often idealize damage by weakening structural parameters
or removing components, this study focuses on small-scale damage forms to better reflect
real engineering conditions. To verify the noise resistance of the proposed method, noise is
added to the original signals for further testing. Finally, experiments are conducted on the
basic structure of the jacket-type offshore platform, simulating small-scale crack and pitting
damage under sinusoidal and pulse excitation, to further evaluate the applicability of the
method. Compared to previous CNN and MSCNN-based approaches, the results of this
study demonstrate that the MSCNN-MHA method achieves higher accuracy in identifying
and locating minor damage in jacket-type offshore platforms.

Keywords: jacket-type offshore platform; deep learning; damage localization; health
monitoring; acceleration response signals

1. Introduction

With the increasing development and utilization of marine resources, jacket-type
offshore platforms, as crucial marine engineering structures, have gradually become a key
focus of structural safety research. The extension of service life and the frequent occurrence
of extreme marine environmental conditions pose significant risks of fatigue cracks and
corrosion damage to these platforms. Due to the complex structure of jacket platforms and
their prolonged exposure to harsh environmental loads, stress concentration tends to occur
during actual operation. The areas experiencing the highest stress often become hotspots
for fatigue crack initiation and corrosion damage, severely threatening the platform’s
service life [1,2]. Therefore, the timely and effective detection of the locations of small-scale
damage in jacket-type offshore platforms under marine environments is of great practical
significance for ensuring the safe operation of the platforms.
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Vibration-based damage detection techniques have emerged as a research hotspot in
the field of structural health monitoring due to their critical role in ensuring the structural
integrity and operational safety of offshore platforms [3,4]. Among various detection meth-
ods, damage localization algorithms based on acceleration response signals have gained
widespread application, demonstrating superior performance in monitoring both intact
and damaged structures. To address the challenges of damage detection in complex struc-
tures, Blachowski et al. [5] proposed a direct measurement approach based on the variance
of axial strain acceleration under stochastic excitation conditions, successfully achieving
damage localization in truss structures. Similarly, Kouchaki et al. [6] employed a support
vector machine algorithm to analyze acceleration response signals in transmission tower
structures, effectively identifying structural damage. Aghaeidoost et al. [7] introduced a
vibration-based method for detecting damage locations and severity in scaled models of
jacket-type offshore platforms. To enhance the accuracy of damage detection, Leng et al. [8]
integrated automated frequency domain decomposition with an optimized fast Bayesian
fast Fourier transform-based modal parameter identification method to analyze acceleration
signals in jacket platform structures, successfully pinpointing damage locations. Mojtahedi
et al. [9] applied both conventional and improved cross-mode iterative algorithms for
damage identification in the SPD8 jacket platform. Mousavi et al. [10] developed a novel
structural damage identification approach based on dictionary learning. This method uti-
lizes both finite element models and real intact-state data of jacket-type offshore platforms
to identify damage under various uncertainties, such as operational load variations. These
studies collectively demonstrate that vibration-based damage detection techniques effec-
tively meet the demands of structural health monitoring for complex systems, providing
a reliable technical foundation for enhancing the structural safety of offshore platforms.
However, noise interference during sensor data acquisition often reduces the accuracy of
damage localization.

With the development of deep learning networks, it has been found that they exhibit
strong noise resistance. Studies have shown that convolutional neural networks (CNN)
can effectively identify the location of structural damage. Puruncajas et al. [11] proposed
a vibration-response-based method using accelerometer data and deep CNN for health
monitoring of offshore wind turbine jacket foundations. Bao et al. [3] employed a one-
dimensional CNN to automatically identify damage in jacket-type offshore platforms by
collecting raw strain response data under specific excitations. They also introduced a
noise data preprocessing method based on convolution and deconvolution. Seventekidis
& Giagopoulos [12] combined a hierarchical multi-damage identification and localization
scheme with a deep learning CNN classifier trained on finite element-generated vibration
data, validating the accuracy of deep learning networks. Ghiasi et al. [13] proposed a novel
vibration-based CNN for damage classification in in-service railway steel bridges. Wang
et al. [14] utilized CNN to extract spatiotemporal features of structural vibration signals
and incorporated the SENet attention mechanism to study the vibration response of jacket
structures under different damage cases. The results indicate that convolutional neural
networks can identify damage by assessing its location and severity.

Compared to conventional CNN, multi-scale convolutional neural networks (MSCNN)
have emerged as an indispensable method for damage identification due to their superior
feature extraction capabilities, robustness, and flexibility. By integrating features across
different scales and receptive fields, MSCNN effectively capture both local and global
information, significantly enhancing recognition and classification performance through
fusion operations such as concatenation, weighting, or attention mechanisms. Ye et al. [15]
proposed a parallel convolutional neural network that, with the aid of computer vision
techniques, improves the accuracy of damage localization and severity estimation. Similarly,
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Jin et al. [16] introduced a noise-resistant MSCNN designed for diagnosing compound
bearing faults under varying noise intensities. Zhao and Zhang [17] developed a residual
shrinkage layer based on multi-scale learning, achieving remarkable results in bearing fault
diagnosis and rolling bearing condition monitoring. To address noise interference and
information loss in gearbox health monitoring, Li et al. [18] proposed a hybrid approach
combining improved multi-scale decomposition with CNN for extracting fault features
from multi-scale infrared images. For small-sample rotary machinery fault diagnosis, Liang
et al. [19] designed a multi-branch multi-scale dynamic convolutional neural network.
Zhang et al. [20] developed a MSCNN to extract fine details from raw images, generating
final feature maps through multi-layer fusion, which were subsequently classified using
an extreme learning machine. Wu et al. [21] introduced a composite neural network
model integrating SMOTETomek, a multi-scale one dimensional CNN, and a support
vector machine to diagnose HVAC system faults from limited failure data with high
accuracy. The findings from these studies indicate that multi-scale fusion enhances model
recognition and classification performance, making MSCNN widely applicable in structural
damage identification. In recent years, the application of self-attention mechanisms in the
field of structural health monitoring has gained significant traction. Shao and Kim [22]
proposed a novel cross-domain bearing fault detection method based on an adaptive
multi-scale attention CNN. Xu et al. [23] further improved an MSCNN by incorporating a
feature attention mechanism for intelligent rolling bearing fault diagnosis. Wang et al. [24]
proposed an anomaly detection and cause identification method that integrates multivariate
query patterns with a self-attention mechanism. By leveraging multi-head self-attention
to extract cross-correlations and employing a relative anomaly index to quantify feature
contributions, the method enables early fault detection in wind turbines. Li et al. [25]
introduced a Parallel Multi-Head Self-Attention Mechanism and Bidirectional Long Short-
Term Memory Network (PMABL) model, integrating variational mode decomposition and
wavelet threshold denoising for feature fusion. The approach achieved superior recognition
accuracy and pattern discrimination compared to existing methods on both steel truss
and IASC-ASCE datasets. In summary, MSCNN have become an essential tool in damage
identification due to their powerful feature extraction capabilities, robustness, and flexibility.
The combination of an MSCNN and an attention mechanism effectively extracts diverse
features from various damaged structures, offering significant advantages in localization
accuracy, feature sensitivity, and noise resistance. However, current research on damage
identification of jacket-type offshore platforms based on the integration of multi-scale
convolutional neural networks (MSCNN) and multi-head attention mechanisms (MHA)
remains relatively limited. More importantly, existing studies often simulate damage
in such structures using simplified approaches, such as reducing the Young’s modulus,
weakening the stiffness, decreasing the cross-sectional area or diameter, or even directly
removing or cutting off structural components [3,4,7,9]. These simplifications can introduce
significant simulation errors. Therefore, this study focuses on identifying small-scale
damage, simulating cracks and pitting as subtle forms of damage, in order to enhance the
engineering applicability and practical significance of damage identification methods.
This study first constructs a deep learning algorithm model that integrates a multi-
scale convolutional neural network and a multi-head attention mechanism (MSCNN-MHA)
to identify damage locations in three-pile and four-pile jacket-type offshore platforms.
Under the excitation of random wave forces with different directions and wave heights, the
effectiveness and noise resistance of the deep learning algorithm model in identifying small-
scale crack and pitting damage cases are validated. Considering that the basic structure of
jacket-type offshore platforms is composed of steel pipes, this study uses No. 20 seamless
steel pipes specifically designed for marine engineering to conduct experiments simulating
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crack and corrosion damage. Based on the MSCNN-MHA algorithm model, the steel pipes
under different working conditions are classified and identified. To better validate the
effectiveness of the proposed algorithm in damage identification, the MSCNN-MHA model
is compared with the CNN and MSCNN models.

2. Brief Introduction of MSCNN-MHA

This section provides a brief introduction to the structure of the MSCNN-MHA deep
learning algorithm model. As shown in Figure 1, acceleration response signals collected
from three-pile and four-pile jacket-type offshore platforms under various damage cases
are organized into datasets and input into the deep learning model developed in this
study for training and validation. In addition, acceleration signals collected during ex-
perimental studies are also used as datasets to train the model and identify damage loca-
tions, in order to verify the applicability and effectiveness of the proposed method under
real-world conditions.

Three-pilejacket-type

Pitting corrosion

Three-pilejacket-type

Wave

Training 75%

Update

Acceleration
response data

l Updated

Testing 25%

Figure 1. The framework of proposed damage identification.

2.1. Construction of MSCNN

As shown in Figure 2, the MSCNN is designed to extract features from time series data
using convolutional kernels of different scales, enhancing the model’s ability to perceive
multi-scale features. The model consists of three parallel 1D convolutional branches, each
employing convolutional kernels of sizes 1, 2, and 4, respectively. These branches share
the same stride (stride = 1) and padding strategy to ensure consistent output dimensions,
facilitating feature fusion. Each branch includes three Conv1D layers, each followed by
a LeakyReLU activation function (« = 0.01), MaxPooling (with kernel size equal to the
corresponding convolutional kernel size), and a BatchNormalization layer to accelerate
training and improve stability. The number of channels increases progressively from 32
in the first layer to 64 and then 128. Afterward, each branch output is flattened into a 1D
vector using the Flatten() operation and then concatenated along the feature dimension
using a concatenate layer, resulting in a unified high-dimensional feature representation
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Acceleration
response data

tensor. This representation is further passed into a multi-head attention module with a class
token, which introduces global dependencies to strengthen feature representations. Only
the output corresponding to the class token is retained as a global semantic representation,
which is then fed into a fully connected layer followed by a Softmax layer for multi-class
classification. This architecture effectively combines local multi-scale feature extraction and
global attention mechanisms, significantly improving the model’s capability in representing
and discriminating complex time series data.

\

Flatten

Max Pool(1) Max Pool(1) Max Pool(1)

Conv(32,1) Conv(64,1) Conv(128,1)

\/

\

Dropout(0.3)

Multi-Head Damage

Attention Ig - Location

Label

Max Pool(2)
Conv(32,2) Conv(64,2)

Max Pool(2) Max Pool(2)
Conv(128,2) %

\

Flatten

Max Pool(4)
Conv(32,4) Conv(64,4)

Max Pool(4) Max Pool(4)
Conv(128.4) J

Figure 2. The structure diagram of MSCNN-MHA.

To evaluate the model’s sensitivity to key hyperparameters, this study conducted
comparative experiments on parameters such as convolution kernel size, dropout rate,
and learning rate. First, in the multi-scale convolution module, kernel sizes of 1, 2, and
4 were used in combination. Compared with single-scale convolution, the multi-scale
structure significantly enhanced the model’s feature extraction capability under complex
vibration patterns. Second, for the dropout parameter, values of 0.1, 0.3, and 0.5 were
tested. The results showed that a dropout rate of 0.3 effectively suppressed overfitting
while maintaining a high model accuracy. Finally, for learning rate sensitivity testing, initial
learning rates of 0.01, 0.001, and 0.0001 were examined. Experimental results indicated
that the model was most stable when the learning rate was set to 0.0001, with a smoother
decline in validation loss and higher accuracy. Therefore, this study ultimately adopted the
combination of convolution kernel sizes of 1, 2, and 4, a dropout rate of 0.3, and an initial
learning rate of 0.0001 as the optimal hyperparameter configuration.

In MSCNN, a simplified example of the convolution operation is illustrated in Figure 3.
The convolution kernel starts from the top-left corner of the input data and slides across
the data according to the specified stride. At each sliding window position, every element
of the kernel (j, j, k) performs an element-wise multiplication with the corresponding in-
put region (a, b, c), and the results are summed to produce a feature response value
(ai + bj + ck). The kernel continues sliding, producing successive outputs such as
(bi + ¢j + dk) and (ci + dj + ek).
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Figure 3. Example of convolutional operations.

2.2. Construction of MHA

To enhance the model’s ability to understand overall data patterns, this study intro-
duces a multi-head attention mechanism module incorporating a class token. The goal is to
embed a global representation on top of the original multi-scale features, enabling better
capture of the comprehensive characteristics of time-series data. Compared with the stan-
dard MSCNN, the deep learning model enhanced with multi-head attention demonstrates
improved sensitivity and discriminative power in identifying complex damage features.

At the beginning of the module, a new vector is initialized for each input sample, serv-
ing as the class token. This token has the same dimensionality as the input feature channels
and is defined as a trainable parameter. The class token is then duplicated according to
the batch size so that each sample receives its own independent token. Subsequently, the
class token is concatenated with the multi-scale features extracted by the convolutional
neural network. The resulting sequence, organized per sample, consists of one class token
followed by multiple feature vectors. This concatenated sequence is then fed into a multi-
head attention mechanism. In this study, the attention mechanism uses four heads, with
each head having a key dimension of 64, and a dropout rate of 0.1 is applied to mitigate
overfitting. This configuration sets the total attention dimension to 256, ensuring structural
consistency with the convolutional features from the preceding layer while balancing mod-
eling capacity and computational efficiency. Compared to a single-head attention module,
the multi-head mechanism enables the model to capture potential relationships within
sequences and among measurement points from multiple perspectives, thereby enhancing
the expressiveness of feature representations.

The attention output is added to the original sequence through a residual connection,
followed by a layer normalization operation to stabilize the training process and enhance
the representational capacity of the network. After normalization, the features are further
passed through a feedforward sub-network consisting of two fully connected layers. The
first dense layer outputs a 256-dimensional vector with a ReLU activation function, followed
by a dropout layer with a rate of 0.3 to improve generalization. The second dense layer
then projects the feature vector back to its original dimensionality. This output is again
added to the previous residual path and undergoes another layer normalization. Finally,
the class token representation vector produced by the multi-head attention module is
passed through a fully connected layer with 256 units, followed by a dropout layer and a
LeakyReLU activation function (« = 0.01), before being fed into the final Softmax layer for
multi-class classification.

Through this mechanism, the model not only retains local convolutional features but
also learns global distribution characteristics of the samples, thereby improving classifi-
cation performance. In summary, the introduction of a multi-head self-attention module
before the fully connected layers of the multi-scale convolutional neural network enables
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the model to effectively integrate local feature extraction with global relationship modeling,
thereby improving the accuracy of crack and pitting corrosion damage identification in
jacket-type offshore platforms.

Compared with traditional structural health monitoring methods (e.g., modal pa-
rameter variation analysis, wavelet analysis), the proposed approach offers significant
advantages in feature extraction and adaptability. Traditional methods rely on predefined
feature extraction procedures, are more susceptible to noise, and face certain limitations
when dealing with complex conditions such as multiple damages, multiple measurement
points, and nonlinear responses. In contrast, the MSCNN-MHA model developed in this
study, based on deep learning, enables automatic feature extraction and modeling, effec-
tively processes multi-source complex data, and demonstrates superior performance in
both identification accuracy and scalability.

3. Numerical Simulation
3.1. Description of the Jacket-Type Offshore Platform

In this study, finite element models were developed for both three-pile and four-
pile jacket-type offshore platforms, as illustrated in Figures 4A and 4B, respectively. To
accurately reflect the structural characteristics of offshore platforms, the model incorporates
essential material parameters such as mass density, Poisson’s ratio, and Young’s modulus.
Specifically, the mass density was set to 7850 kg/m?, the Poisson’s ratio was assigned a
value of 0.3, and the Young’'s modulus was set at 210 GPa. In simulating the effects of
pile—soil interaction, due to the lack of detailed sediment layer data, this study adopts
an equivalent pile—soil fixation approach. Specifically, a fixed boundary is set at a depth
six times the pile leg diameter below the mudline to simulate the interaction between the
pile and the soil. This approach effectively characterizes the axial stiffness properties of
the piles while simplifying the analytical process and enhancing the model’s applicability
in the absence of comprehensive sediment data. To simulate the stochastic wave loads in
the marine environment, the JONSWAP spectrum was adopted, providing an accurate
representation of wave generation, propagation, and dissipation. In the numerical analysis,
incident wave directions were set along the orthogonal X and Z axes. For the X direction,
the random wave height was set to 8 m, with a characteristic period of 7.4 s. For the
Z direction, the wave height was set to 12.8 m, with a characteristic period of 13 s. To
enhance the nonlinearity of the waveforms, a peak enhancement factor of 3.3 was used.

"

A l I

Figure 4. Finite element model of three-pile jacket-type offshore platform (A) and four-pile jacket-type
offshore platform (B).
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The dynamic analysis method based on acceleration response signals offers significant
advantages, as it can effectively reflect the dynamic characteristics of the platform and serve
as a critical feature for damage identification. Therefore, in the model analysis process,
this study collects Y-axis acceleration response signals from fixed points of three-pile and
four-pile jacket-type offshore platforms. By systematically collecting acceleration response
signals under various damage cases, the MSCNN-MHA algorithm model is applied for
classification, thereby validating the scientific reliability and effectiveness of this algorithm
in the structural health monitoring of jacket-type offshore platforms.

3.2. Setup of Crack Damage Cases

Oftshore platforms are subjected to complex environmental loads such as waves,
wind, and currents over long periods, making their structures prone to stress concentration
under cyclic fatigue loading, which significantly reduces material fatigue life. The regions
with maximum stress are susceptible to crack initiation and corrosion damage due to
continuous tensile and compressive cycles, with such damage progressively propagating
under accumulated cyclic loads, potentially leading to structural failure of jacket-type
offshore platforms. Therefore, this study, based on numerical simulation analysis, identifies
significant differences in stress distribution between three-pile and four-pile jacket-type
offshore platforms, with their maximum stress regions located in different structural ar-
eas. Consequently, cracks were inserted into the respective maximum stress regions to
more accurately assess the damage cases of different platform structures under complex
loading scenarios.

Specifically, in the three-pile jacket-type offshore platform, the maximum stress is
located in the C6 region, as shown in Figure 5. The three-pile jacket-type offshore platform
designed in this study has a three-layer structure, resulting in a total of six critical regions
(C1, C2, C3, C4, C5, and C6) that are prone to damage. The crack damage settings in
this study are located within these critical regions. Each region contains only one crack,
positioned at the point of maximum stress concentration within the respective area. Studies
have shown that semi-elliptical cracks are likely to form on the surfaces of marine structures
in real engineering environments [26]. Therefore, in this study, semi-elliptical cracks with a
major axis radius of 0.005 m and a minor axis radius of 0.005 m are introduced to simulate
small-scale damage. As shown in Figure 6, a schematic diagram of the crack enlarged
200 times is presented.

Figure 5. The region of maximum stress in the three-pile jacket-type offshore platform.
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Semi-elliptical crack

Figure 6. Schematic diagram of the crack magnified 200 times.

As shown in Table 1, the single-damage cases of the three-pile jacket-type offshore
platform are defined as cl to c6, corresponding to labels 1, 2, 3, 4, 5, and 6, respectively. To
further simulate potential damage scenarios, this study also introduces multi-damage cases,
including double-damage and triple-damage cases. These multi-damage cases are formed
by combining different single-damage cases, with the specific combinations shown in
Table 2. This condition design is intended to simulate structural responses under complex
damage scenarios and provides a reliable basis for subsequent damage identification
and assessment.

Table 1. Label for single-damage situation in a three-pile jacket offshore platform.

Single-Damage Damage Location Label
1 cl 1
c2
c3
c4
cb
c6

N U] WD
NG| WD

Table 2. Label for multi-damage situation in a three-pile jacket offshore platform.

Multi-Damage Damage Location Label

cl

1 1
2
c3

2 2
c4
c3

3 c4 3
c6
cl

4 2 4
c5

For the four-pile jacket-type offshore platform, this study establishes four single-
damage cases, as shown in the Figure 7. The crack insertion points are located at C1, C2,
C3, and C4 (with one crack inserted in each region), and each crack is positioned at the
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point of maximum stress within each region. The shape of the inserted cracks is identical to
those used for the three-pile jacket-type offshore platform.

Maximum stress

Figure 7. The region of maximum stress in the four-pile jacket-type offshore platform.

As shown in Table 3, the single-damage cases for the four-pile jacket-type platform are
labeled 1 to 4, corresponding to C1 through C4, respectively. Additionally, multi-damage
cases, including double-damage and triple-damage scenarios, are also established. In a
similar manner, the multi-damage cases are formed by combining various single-damage
cases, with the detailed combinations presented in Table 4. This damage case design
allows for a more comprehensive simulation of damage scenarios for jacket-type offshore
platforms in real engineering environments, providing essential references for damage
detection and structural safety assessment.

Table 3. Label for single-damage case in a four-pile jacket offshore platform.

Single-Damage Damage Location Label
1 C1 1
2 C2 2
3 C3 3
4 C4 4

Table 4. Label for multi-damage case in a four-pile jacket offshore platform.

Multi-Damage Damage Location Label

C1

1 1
C2
C3

2 2
Cc4
C2

3 C3 3
C4
C1

4 C2 4

C3
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Results of the Damage Localization

During the numerical simulation process, transient analysis was used to collect the
acceleration response signals of the model. The sampling duration was set to 4500 s, with
a sampling period of 1 s, resulting in each acceleration sensor channel collecting data
for 4500 points.

As shown in Figure 1, the collected acceleration response signals were input into
the Step2 deep learning model, and the dataset was divided, with 75% of the data used
for training and the remaining 25% for testing. Table 5 lists the detailed information of
the MSCNN-MHA architecture applied in this study, including the learning rate, number
of training epochs, optimizer, and loss function. The batch size during training was set
to 16. Additionally, to prevent overfitting, we incorporated an early stopping strategy
(patience = 100) and a learning rate decay mechanism, where the learning rate is progres-
sively reduced by a factor of 0.5 when the validation loss shows no improvement.

Table 5. Parameter settings.

Parameter Value
Learning rate 0.0001
Epochs 500
Optimizer Adam
Loss function Categorical cross-entropy

In this study, the input data fed into the convolutional neural network is derived
from the fused results of vibration signals collected under various working conditions and
from multiple measurement points. In this study, to adapt to the MSCNN-MHA model
architecture, the collected raw vibration data underwent normalization and dimensional
transformation. First, the Min-Max normalization method was applied to scale all input
features to the [0, 1] range, eliminating the influence of different units and improving model
convergence efficiency. As illustrated in Figure 8, a total of 18 measurement points were
deployed on a three-pile jacket-type offshore platform structure to capture acceleration
response signals in the axial direction (Y-axis of the global coordinate system). The data
length collected at each measurement point is 4500. Therefore, the data dimension corre-
sponding to each working condition is 18 x 4500. To provide a more intuitive illustration
of the signal characteristics, Figure 9 presents the waveforms of 1000 acceleration response
values extracted from each of four selected measurement points under the first single-
damage condition. For the six single-damage conditions and one undamaged condition,
the overall dataset has a dimension of 7 x 18 x 4500. To adapt the data to the algorithm
model, the raw data is standardized, resulting in 1260 datasets, each with a dimension of
(18, 25). During the model training phase, the datasets are randomly divided into a training
set and a testing set, with the training set accounting for 75% (945 datasets) and the testing
set 25% (315 datasets).

As shown in Table 6, the experimental results indicate that after 500 iterations, the
MSCNN-MHA model achieves an identification accuracy of 92.4% for single-damage
conditions of the three-pile jacket offshore platform. The corresponding confusion matrix
is shown in Figure 10A. As also presented in Table 7, for the four multi-damage conditions,
the MSCNN-MHA model achieves an identification accuracy of 96.1%, with the confusion
matrix illustrated in Figure 10B.
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Figure 8. The 18 locations of axial acceleration response data acquisition.

1000 1 —— Measurement 1 —— Measurement 3
Measurement 2 —— Measurement 4
o 500
8
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X, 0
=
2
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=
g —5001
<
—1000
0 200 400 600 800 1000
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Figure 9. Acceleration response waveforms of four points (1000-sample excerpt) under the first
single-damage condition.

Table 6. Prediction of single-damage locations in the three-pile jacket-type offshore platform.

Predicted Label
Actual Label 1 2 3 4 5 6 Total Accuracy (%)
0 44 0 0 1 0 0 0 45 97.8
1 0 40 1 0 4 0 0 45 88.9
2 0 0 41 3 0 1 0 45 91.1
3 3 0 0 40 0 0 2 45 88.9
4 0 0 1 0 44 0 0 45 97.8
5 0 0 1 0 43 1 45 95.6
6 0 0 3 0 39 45 86.7

Total 315 924
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Figure 10. Confusion matrix diagram obtained from the working conditions of three-pile and four-pile

jacket offshore platforms.

Table 7. Prediction of multi-damage locations in the three-pile jacket-type offshore platform.

Predicted Label
Actual Label
1 2 3 4 Total Accuracy (%)
1 44 1 0 0 45 97.8
2 0 43 2 0 45 95.6
3 1 44 0 45 97.8
4 2 1 0 42 45 93.3
Total 180 96.1

To better simulate real-world damage cases, this study further combines single-damage
and multi-damage cases, assigning the labels 7, 8, 9, and 10 to the multi-damage scenarios.
After training the deep learning model, the overall recognition accuracy for these combined
cases reached 91.7%, with a 100% recognition rate for the component corresponding to
label 0. The confusion matrix is shown in Figure 10C. The research results validate the
effectiveness of the model in complex damage identification cases.

For the four-pile jacket-type offshore platform, a total of 12 measurement points were
arranged to collect axial acceleration response signals, as shown in Figure 11. Therefore, for
each damage condition, the dataset input into the MSCNN-MHA model has a dimension
of 12 x 4500. Although a total of 4500 acceleration response data points were collected
for each measurement point in this experiment, only 1000 data points from each of four
measurement points are shown in Figure 12 to improve readability. The complete dataset,
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which includes four single-damage conditions and one undamaged condition, initially
has a dimension of 5 x 12 x 4500. After standardization to match the input format of
the algorithm model, it is transformed into 900 samples, each with a dimension of (12,
25). In the model training process, the data are randomly partitioned into training and
testing subsets, with 75% allocated for training and the remaining 25% reserved for testing.
According to the experimental results presented in Tables 8 and 9, the MSCNN-MHA
model achieves identification accuracies of 92% for single-damage conditions and 90%
for multi-damage conditions of the four-jacket offshore platform after 500 iterations. The
corresponding confusion matrices are displayed in Figure 10D,E.

Figure 11. The 12 locations of axial acceleration response data acquisition.
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Figure 12. Acceleration response waveforms of four points under the first single-damage condition
(1000 of 4500 samples shown).

Table 8. Prediction of single-damage locations in the four-pile jacket-type offshore platform.

Predicted Label
Actual Label
1 2 3 4 Total Accuracy (%)
0 40 1 0 4 0 45 88.9
1 1 42 2 0 45 93.3
2 0 44 0 0 45 97.8
3 2 2 0 40 1 45 88.9
4 2 1 41 45 91.1

Total 225 92
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Table 9. Prediction of multi-damage locations in the four-pile jacket-type offshore platform.
Actual Label Predicted Label
1 2 3 4 Total Accuracy (%)
1 40 2 2 1 45 88.9
2 1 42 1 45 93.3
3 1 40 3 45 88.9
4 3 1 1 40 45 88.9
Total 180 90

To better reflect real-world engineering conditions, single-damage and multi-damage
cases were combined, and the labels for multi-damage cases were sequentially adjusted
to 5, 6,7, and 8 in the table. After training the deep learning model, the accuracy reached
90.1%, with recognition rates of 100% for cases labeled 2. The confusion matrix is shown in
Figure 10F. Therefore, the MSCNN-MHA model proposed in this study is also effective in
identifying damage locations for the four-pile jacket-type offshore platform.

3.3. Pitting Corrosion Damage Cases

Jacket-type offshore platforms are primarily constructed from large steel pipes welded
together, with the welded intersections referred to as nodes. These nodes typically bear
the greatest stress and are challenging to protect, making them prone to damage such as
corrosion and cracks. Pitting corrosion is a common type of localized damage in these
platforms, often caused by seawater corrosion, temperature fluctuations, and other envi-
ronmental factors. This damage can gradually accumulate and intensify over time. Both
pitting and crack damage not only shorten the service life of offshore platforms but also
compromise structural integrity, potentially leading to severe safety incidents. Therefore,
accurately identifying and assessing pitting and crack damage is of great importance in
practical engineering applications.

Pitting corrosion is a localized form of corrosion. Based on the statistical analysis of
pitting corrosion data from actual marine structures, it has been found that the maximum
diameter of pits is typically less than 0.08 m. Research indicates that when the shape of the
pit is hemispherical, the diameter-to-depth ratio ranges between 6:1 and 4:1 [27,28]. The
formula for calculating the diameter-to-depth ratio is as follows:

A=d/h (1)

where A represents the diameter-to-depth ratio, d is the diameter of the pitting pit, and h is
its depth. In this study, small-scale pitting corrosion that does not fully penetrate the jacket
structure is simulated by introducing hemispherical pits with a diameter of 0.065 m and a
depth of 0.015 m.

As illustrated in Figure 13, to simplify the experiment, this study simulates pitting
and crack damage at the locations of maximum stress in a three-pile jacket-type offshore
platform. A total of six damage cases (P1, P2, P3, P4, P5, and P6) and one intact case
(denoted as P0) were established, as summarized in Table 10. The intact case is labeled as
0, while pitting damage cases are assigned labels 1, 2, and 3. To better reflect real-world
engineering conditions, additional damage scenarios involving both pitting and cracks
were introduced, corresponding to labels 4, 5, and 6. At the points of maximum stress
on the offshore platform, the locations indicated by arrows 1, 2, 3, and 4 in the P1 case of
Figure 13 were selected as measurement points for collecting acceleration response signals.
Therefore, for each damage condition, the dataset input into the MSCNN-MHA model



J. Mar. Sci. Eng. 2025, 13,1572 16 of 25

has a dimension of 4 x 4500. As shown in Table 10, there are a total of seven conditions,
including both undamaged and damaged scenarios, resulting in an overall data dimension
of 7 x 4 x 4500. A total of 1260 datasets are generated, each with a dimension of 4 x 25.
From the overall dataset, 75% (945 datasets) are randomly selected for training, while the
remaining 25% (315 datasets) are used as the testing set. As shown in Table 11 and Figure 14,
the overall recognition accuracy reached 92.1%. Therefore, the proposed MSCNN-MHA
algorithm model is also effective in identifying the locations of pitting and crack damage in

N e
\ .

Figure 13. Simulation of pitting and crack damage at the maximum stress location.

jacket-type offshore platforms.

Table 10. Pitting and crack damage cases.

Damage Damage Location Label

0 Intact 0

1 P1 (1 pitting corrosion) 1

2 P2 (2 pitting corrosion) 2

3 P3 (3 pitting corrosion) 3

4 P4 (1 pitting corrosion and 1 crack) 4

5 P5 (2 pitting corrosion and 2 crack) 5

6 P6 (3 pitting corrosion and 3 crack) 6

Table 11. Prediction of all damage locations under pitting corrosion damage cases.
Predicted Label
Actual Label
1 2 3 4 5 6 Total Accuracy (%)

0 45 0 0 0 0 0 0 45 100
1 0 40 3 1 1 0 0 45 88.9
2 1 2 40 0 0 2 0 45 88.9
3 0 1 0 43 0 0 1 45 95.6
4 0 2 1 0 41 1 0 45 91.1
5 0 0 4 0 2 39 0 45 86.7
6 0 0 0 1 2 0 42 45 93.3

Total 315 92.1
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Figure 14. Confusion matrix obtained from pitting damage cases.

3.4. Comparison of CNN, MSCNN, and MSCNN-MHA for Damage Localization

To verify the effectiveness of the MSCNN-MHA model in identifying complex damage
cases, this study compares it with the CNN and MSCNN models. The parameter settings
for the CNN and MSCNN models are shown in Table 5. The Adam optimizer and cross-
entropy loss function are also used during the training process. The CNN model adopts
a three-layer one-dimensional convolutional architecture for feature extraction, using 32,
64, and 128 convolutional filters, respectively. The Leaky ReLU activation function is
applied for nonlinear transformation. After feature extraction, the output is flattened and
passed through a fully connected layer with 128 nodes, followed by a Softmax layer for
classification. For the MSCNN model, all parameter settings are kept consistent with the
MSCNN component in the MSCNN-MHA model, except that the MHA module is removed.

The damage localization results for all crack and pitting damage cases in both three-
pile and four-pile jacket-type offshore platforms are presented in Table 12. Among the
three algorithm models, the MSCNN-MHA model achieves the highest prediction ac-
curacy across various damage scenarios, all exceeding 90%. However, its computation
time is higher compared to the other two models. The table also shows that the MSCNN
model outperforms the CNN model in terms of recognition accuracy. This strongly vali-
dates the effectiveness of incorporating the MHA module into the MSCNN model. The
training in this study was conducted on a computer equipped with an Intel(R) Core(TM)
i7-14700HX 2.10 GHz processor, 16 GB of RAM, running Windows 11, using Python 3.8
and TensorFlow 2.6.0.

Table 12. Comparison of accuracy and computation time of the three methods under all damage cases.

Damage Case CNN MSCNN MSCNN-MHA

) Accuracy (%) 87 89.2 91.7
Three-pile (crack cases)

Time (s) 184.8 506.4 696.3

. Accuracy (%) 88.9 89.4 90.1
Four-pile (crack cases)

Time (s) 161 367.9 544.6

o ) Accuracy (%) 87.3 89.8 92.1
Pitting corrosion cases

Time (s) 215.1 268.3 313.4

3.5. Damage Localization Under Noise Condition

Studies have indicated that the environmental noise affecting offshore structures
can often be reasonably modeled as Gaussian white noise excitation [29,30]. In order to
more faithfully replicate the actual acquisition conditions of acceleration response signals,
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Gaussian white noise with intensities of 10%, 20%, and 30% was superimposed onto the
collected signals [3]. This noise was independently applied to each sensor channel to
realistically represent the localized disturbances commonly present in multi-source data
acquisition systems. The noisy signal is modeled as follows:

Noisy signal = Raw signal x (1 + €R) 2)

where the Noisy signal represents the output after adding noise, the Raw signal is the
original acceleration response signal, ¢ denotes the noise intensity, and R is Gaussian white
noise with a mean of 0 and a variance of 1. As shown in Figure 15, it represents the original
signal collected from the first measurement point of the first crack damage case of the
three-pile jacket-type offshore platform, with 10% Gaussian white noise added to the signal.
Figure 16 shows the acceleration response signal collected from the first measurement point
under the first pitting damage case, after adding 20% Gaussian white noise.

400 Original Signal =~ ----- Noisy Signal

200

Acceleration(x10m/s?)

0
—200
-400
0 1000 2000 3000 4000
Time (s)

Figure 15. Add 10% Gaussian white noise to the first measuring point of the first crack damage case.
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Figure 16. Add 20% Gaussian white noise to the first measuring point of the first pitting damage case.

For crack damage scenarios (including single-damage and multi-damage cases, as
well as intact conditions for comparison), the average recognition accuracy for damage
identification was 90.7% and 89.6% for three-pile and four-pile jacket platforms, respectively,
under a low noise level of 10%. At a moderate noise level of 20%, the damage identification
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accuracy was 88.9% and 88.4% for the three-pile and four-pile platforms, respectively. Even
at a high noise level of 30%, the damage identification accuracy remained relatively stable
at 85.9% and 87.7% for the three-pile and four-pile jacket platforms, respectively.

Under the overall working condition of pitting damage, the damage identification
accuracy reaches 90.5% at a low noise level of 10%, 88.6% at a moderate noise level of
20%, and remains as high as 87.3% at a high noise level of 30%. The results demonstrate
that the identification accuracy consistently exceeds 85.9% regardless of the noise level.
The experimental results clearly demonstrate that the MSCNN-MHA algorithm exhibits
excellent noise resistance, maintaining reliable damage identification performance even in
the presence of complex noise interference.

4. Experimental Study

To verify the effectiveness of the MSCNN-MHA algorithm model in practical en-
gineering applications, this paper conducts an experimental study on the fundamental
structural steel pipes of the jacket-type offshore platform. A total of four steel tubes were
custom-fabricated for this study, each with a length of 0.3 m, an outer diameter of 0.102 m,
and a wall thickness of 0.005 m. During the experiment, the bottom end of each steel tube
was securely fixed to the test platform. Four acceleration sensors were installed at 0.06 m
intervals along the tube to monitor its dynamic response, as illustrated in Figure 17.

DH40 DHS5874 DHS5922D DHDAS

Acceleration sensor

LN —

Figure 17. Experimental setup for steel pipe testing.

In this study;, as illustrated in Figure 18, four cases were established, including one
intact case (EO) and three damaged cases (E1, E2, and E3). All pitting and crack damage
features were set to the same size. The first damage case involves designing a hemispherical
pit with a diameter of 0.005 m and a depth of 0.003 m at a position 0.15 m from the bottom
end of the circular tube to simulate pitting corrosion. Additionally, a crack with a length of
0.01 m and a depth of 0.003 m is placed 0.01 m to the right of the pit. The second damage
case builds upon the first steel tube by adding another pitting corrosion pit and crack
at a position 0.014 m below the first pit. The third damage case adds a group of pitting
corrosion and cracks of the same size on the basis of the second damage case. The spacing
between the damages corresponds to regions with significant stress gradient variations,
thereby effectively covering damage scenarios under different stress levels and facilitating
the evaluation of the model’s identification performance. The configuration of these cases
is summarized in Table 13, where E1, E2, and E3 represent the three damaged cases with
corresponding labels of 1, 2, and 3, respectively, while EQ denotes the intact cylindrical tube
with a label of 0.
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Figure 18. Four distinct damage scenarios.

Table 13. All damage cases in the experiment.

Damage Damage Location Label
1 E1 (1 pitting corrosion and 1 crack) 1
2 E2 (2 pitting corrosion and 2 crack) 2
3 E3 (3 pitting corrosion and 3 crack) 3

The DH5922D dynamic signal testing and analysis system was employed to monitor
the structural vibration signals in real time. Additionally, the DH5874 power amplifier
was used to ensure the stability and repeatability of the experimental signals. To simulate
various working conditions, a DH40 series exciter was utilized to adjust the vibration am-
plitude and frequency, primarily generating sinusoidal and impulse excitation signals. All
excitation points were positioned 0.23 m from the bottom of the cylindrical tube. The exper-
imental setup is shown in Figure 17. The experimental part of this study selected sinusoidal
and impulse excitations as input excitations [3], aiming to validate the model’s performance
under typical frequency-domain and transient loading in a controlled environment.

4.1. All Damage Cases Under a Sinusoidal Excitation

Under sinusoidal excitation, four damage cases were simulated: (1) one pitting and
one crack, (2) two pitting and two cracks, (3) three pitting and three cracks, and (4) an
intact case. The steel tube was excited using a vibration exciter, with excitation parameters
configured in the DHDAS (6.22) software. The excitation type was set to fixed-frequency
sinusoidal, with an amplitude of 1000 mV and a frequency of 1 Hz. A four-channel
acceleration sensor acquisition system was used to collect acceleration response signals,
with a sampling frequency of 1000 Hz and a sampling duration of 30 s. Each damage case
dataset has a dimension of 4 x 30 x 1000. As shown in Figure 19, the acceleration response
signals collected from four measurement points under the first damage case are presented.
Due to the large data length, only 1000 data points are displayed in the figure. For the
three damage conditions and one undamaged condition, the dataset has a dimension of
4 x 4 x 30 x 1000. A total of 800 datasets are generated, each with a dimension of 4 x 150.
In the MSCNN-MHA model, 80% of the total dataset is used as the training set, while the
remaining 20% is used as the testing set. After training and testing with the MSCNN-MHA
model, the classification accuracy reached 93.1%. Table 14 presents a comparison between
the actual and predicted labels for each damage case.
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Figure 19. Acceleration signals at four points were collected under sinusoidal excitation in the first
damage case.

Table 14. Prediction results of all damage cases under sinusoidal excitation.

Predicted Label
Actual Label
1 2 3 Total Accuracy (%)

0 38 0 2 0 40 95
1 0 39 1 40 97.5
2 1 34 3 40 85
3 0 1 1 38 40 95

Total 160 93.1

4.2. All Damage Cases Under an Impulse Excitation

Under impulse excitation, the same four damage cases were simulated. The exciter
was used to vibrate the steel tube, and the DHDAS software was configured with impulse-
type excitation, an amplitude of 1000 mV, and a period of 1 s. A 4-channel acceleration
sensor system was used to collect acceleration response signals, operating at a sampling
frequency of 1000 Hz over a 30 s duration. As shown in Figure 20, a partial view of the
first damage case is presented, where 1000 acceleration response signals are collected
from four measurement points under impulse excitation. Before inputting the data into
the algorithm model, the dataset is constructed in the same way as for the sinusoidal
excitation condition. The experimental results show that the model achieved a damage
case recognition accuracy of 93.8%. The comparison of the true and predicted labels for
each case is provided in Table 15.

Table 15. Prediction results of all damage cases under impulse excitation.

Predicted Label
Actual Label
0 1 2 3 Total Accuracy (%)
0 36 3 0 1 40 90
1 2 38 0 0 40 95
2 0 39 1 40 97.5
3 1 1 1 37 40 92.5

Total 160 93.8
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Figure 20. Acceleration signals at four points were collected under impulse excitation in the first
damage condition.

The experimental results indicate that the damage identification accuracy exceeds
93.1% under both sinusoidal and impulse excitations. Since environmental noise was
inherently present during the experiments, no additional noise interference was introduced.

4.3. Comparison of CNN, MSCNN, and MSCNN-MHA for Damage Localization

To verify the effectiveness of the MSCNN-MHA model under actual experimental
conditions, it is also compared with the CNN and MSCNN models. As shown in Table 16,
the MSCNN-MHA model achieves the highest accuracy in identifying damage cases
under both sinusoidal and impulse excitations, although its computation time is higher
than that of CNN and MSCNN. The study found that, under both sinusoidal and pulse
excitations, MSCNN achieved higher identification accuracy for damage conditions than
CNN, although its computation time was longer than that of CNN. These experimental
results confirm the effectiveness of the MSCNN-MHA model in damage identification,
demonstrating that it can accurately locate damage even under small-scale damage cases.

Table 16. Comparison of accuracy and computation time of the three methods under all damage cases.

Damage Case CNN MSCNN MSCNN-MHA
Accuracy (%) 87.5 90.6 93.1
Sinusoidal excitation -
Time (s) 262.7 275 269
o Accuracy (%) 86.9 90 93.8
Impulse excitation
Time (s) 217 233.8 256.9

5. Conclusions

This paper proposes a structural health monitoring method based on the MSCNN-
MHA algorithm model, which enhances the accuracy of detecting small-scale damage in
jacket-type offshore platforms. Through numerical simulation analysis of the jacket plat-
form and experimental verification of its basic structure, the effectiveness and applicability
of this method in structural damage detection are demonstrated. The main conclusions of
this paper are as follows.
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1. Under stochastic wave force excitation with varying wave directions and heights, the
MSCNN-MHA model demonstrates high accuracy in identifying both small-scale
crack and pitting damage in jacket-type offshore platforms. Experimental results
indicate that the recognition accuracy of the proposed method exceeds 90% across
different damage cases, confirming its effectiveness and reliability in the structural
health monitoring of offshore platforms.

2. To simulate the complexities of real-world data acquisition, this study introduces
Gaussian white noise interference under crack and pitting damage cases and evaluates
the model’s robustness against noise. By adding Gaussian white noise at levels of
10%, 20%, and 30% to the original signals, the experimental results reveal that the
MSCNN-MHA model maintains a damage recognition accuracy of over 85.9%. This
finding verifies the noise resistance and stability of the proposed MSCNN-MHA
algorithm in complex environments.

3. To ensure the engineering applicability of the experimental results, this study employs
fundamental structural steel tubes of jacket-type offshore platforms for testing. Accel-
eration response signals are collected under both sinusoidal and impulse excitation
conditions, and the data is used to train and test the model. The experimental results
show that the MSCNN-MHA model achieves classification accuracies of 93.1% and
93.8% under sinusoidal and impulse excitation, respectively.

The MSCNN-MHA algorithm proposed in this study can effectively identify small-
scale cracks and pitting corrosion damage on jacket-type offshore platforms, with its
performance validated through experiments. In real offshore environments, deploying
the model requires careful consideration of sensor reliability, the feasibility of long-term
monitoring, and limitations in data transmission bandwidth. Furthermore, variations in
sensor placement and time resolution during data collection may affect model performance;
this study applies data normalization and conducts multiple experiments to verify the
model’s robustness against minor variations in data acquisition. Given the limited number
of steel pipes used in the current experiments, future work will include (1) constructing
an experimental platform based on real sea-state loading to better simulate structural
responses; (2) incorporating specimens with different topologies and material parameters
to assess model transferability; and (3) collecting field-measured data to verify engineer-
ing applicability. Additionally, the experimental scale will be expanded to cover more
damage types and severity levels, improving the model’s robustness and accuracy under
complex conditions. Although differences in structural form, dynamic characteristics, and
environmental loading patterns among offshore structures may affect direct transferability,
the proposed method is theoretically generalizable. Before applying it to other structures,
adaptation and retraining tailored to their specific characteristics are necessary to ensure
identification accuracy and reliability.
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