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ABSTRACT: The ocean, as one of the vast territories on the Earth, holds abundant resources to be explored, while the high-
quality construction and life-cycle maintenance of marine structures are fundamental for advancing this progress. Compared
to inland engineering, more severe challenges are posed for marine structures, such as structural durability, variable loading,
and harsh environments, making it challenging for traditional analysis and simulation techniques to meet the growing
demands of this field. Artificial intelligence, representative by machine learning (ML) and deep learning (DL) algorithms,
exhibits robust capability to handle highly nonlinear and complex problems, providing a promising alternative for addressing
such challenges in the marine structures. The trend of implementing ML techniques in marine structures is rising, driven by
updated algorithms, enhanced computing powers, and high-quality databases. This paper provides a systematic review of the
application of ML in marine structures, paying attention to the typical ML and DL algorithms, the popular development
platforms, the modeling process, and the application status in terms of design, construction, and maintenance stages. Given
that ML algorithms heavily rely on data patterns while generally ignoring the mechanical principles underlying prediction
problems, a novel structural mechanisms-based modeling process is proposed to achieve reliable and reasonable predictions.
Based on the findings from the review, further research directions and challenges are highlighted and discussed. This paper
aims to provide valuable resources for structural engineers and researchers to understand and engage in this promising
domain.
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complex mapping relationships between input parameters and
output results, which is extensively utilized in prediction, clustering,
and classification tasks [5]. As a crucial branch of ML, DL method
exhibits the capability to automatically extract features from input
data and analyze such effective features for decision-making across
various fields such as image recognition, natural language
processing, etc. [6]. Nowadays, these intelligent algorithms have
been applied across the entire lifecycle of structural engineering
domain in terms of design, construction, and maintenance stages,
gradually demonstrating the powerful reasoning ability, remarkable

1 Introduction

The ocean, covering approximately 360 million km? accounts for
71% of the Earth’s surface, representing vast potential for
development. As such, the ocean holds significant strategic
importance in the economic growth, resources provision, ecological
balance, etc., and the high-performance marine infrastructure is a
critical foundation to exploit such potential. Compared to inland
engineering, marine structures face more severe challenges across
design, construction, and maintenance stages, such as durability

issues, ever-changing loads, and harsh conditions [1]. As a result,
the scientific construction and life-cycle maintenance of marine
structures have become important supports for promoting the high-
quality development of marine industry.

With the advent of the big data era, artificial intelligence (AI)
technologies, represented by machine learning (ML) and deep
learning (DL) algorithms, have garnered widespread attention from
structural scholars, which are increasingly emerging as a promising
alternative to traditional approaches [2-4]. ML method is able to
explore hidden patterns within large amounts of data and construct
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computational efficiency, and exceptional scalability [2,7].

The current application status of ML in the field of structural
engineering has been reviewed by several scholars. For specific ML
algorithms, Adeli [8] provided a comprehensive review on the
neural network (NN) algorithm applied in civil engineering domain
during 1989-2000, among which the back-propagation NN
(BPNN) was the most popular algorithm due to its simplicity. NN
algorithms were also reviewed by Chojaczyk et al. [9] in the
reliability analysis of steel structures. Cevik et al. [10] reviewed the
application of support vector machine (SVM) in structural
engineering problems and further verified its applicability through
three scenarios including punching capacity prediction of fiber-
reinforced polymer reinforced slabs, ultimate capacity prediction of
steel fiber reinforced concrete corbels, and shear capacity prediction
of reinforced concrete haunched beams. The advantages and

| Sci®pen


https://doi.org/10.26599/OCEAN.2025.9470005
https://doi.org/10.26599/OCEAN.2025.9470005
https://doi.org/10.26599/OCEAN.2025.9470005
https://doi.org/10.26599/OCEAN.2025.9470005
https://doi.org/10.26599/OCEAN.2025.9470005
https://doi.org/10.26599/OCEAN.2025.9470005
https://doi.org/10.26599/OCEAN.2025.9470005
https://doi.org/10.26599/OCEAN.2025.9470005
https://doi.org/10.26599/OCEAN.2025.9470005
https://doi.org/10.26599/OCEAN.2025.9470005
https://doi.org/10.26599/OCEAN.2025.9470005
https://doi.org/10.26599/OCEAN.2025.9470005
https://doi.org/10.26599/OCEAN.2025.9470005
https://doi.org/10.26599/OCEAN.2025.9470005
https://doi.org/10.26599/OCEAN.2025.9470005
mailto:houc@sustech.edu.cn
https://doi.org/10.26599/OCEAN.2025.9470005

OCEAN

Zhou et al.

disadvantages of such algorithm were also summarized and
discussed. Zhang et al. [11] presented a systematic review of genetic
programming technique and its applications in civil engineering
over the last decade, with its features and potentials for solving
various engineering problems discussed. Convolutional NN (CNN)
exhibits the huge potential to solve computer vision problems, and
its implementation for detecting structure cracks is reviewed by Ali
et al. [12], revealing that CNN outperforms manual processes,
image processing techniques, and ML methods.

For the specific application domain, Kumar et al. [13] and Zhao
et al. [14] overviewed ML methods in predicting the strength of
concrete and the property of recycled aggregate concrete,
respectively. Mirrashid et al. [15] conducted a systematic review on
the development trends from 2010 to 2020 regarding the behavior
prediction of concrete materials along with reinforced concrete
members through ML methods, concluding that ML methods were
more powerful than traditional statistical methods to provide
accurate solutions for engineering problems. Similarly, Thai [2]
comprehensively reviewed the growing applications of ML
algorithms in structural engineering, covering diverse areas such as
structural analysis and design, structural health monitoring and
damage detection, mechanical properties and mix design of
concrete, fire resistance of structures, and resistance of structural

members. Salehi et al. [3] summarized recent applications of ML in
addressing structural engineering problems, and the advantages of
employing such methods were discussed in detail. A scientometrics
analysis of more than 4000 scholarly works within this domain was
conducted by Tapeh et al. [4], identifying the best practices in terms
of procedure, performance metric, database size, etc. Additionally,
Afshari et al. [16] reviewed the development and application of ML
models in the structural reliability analysis.

Although the aforementioned review papers have highlighted the
applications of ML in structural engineering, their research targets
primarily focus on the inland structures, ignoring marine structures
with complex forms and harsh service conditions. Furthermore,
previous reviews tend to concentrate on a specific application area
or certain ML technique, lacking a comprehensive review and
corresponding comparative analysis across the field. To fill such
gaps, this paper presents a comprehensive review on various
subtopics regarding the applications of ML techniques in marine
structures, with details illustrated in Fig. 1. The paper is organized
as follows: Section 2 presents a general introduction on ML and DL
algorithms as well as relevant development platforms, with a
structural mechanism-based modeling method of ML also
proposed. The current research status of ML in marine structures is
systematically reviewed in Section 3, ranging from design,
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Figure 1 Typical applications of ML techniques in marine structures.
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construction, and maintenance stages. Based on the findings from
the reviewed literature, Section 4 highlights and discusses the
further research directions and challenges in this domain. Finally,
conclusions are summarized in Section 5.

2 Overview of ML and DL algorithms

This section provides the general introduction of ML and DL
algorithms along with classic development platforms, which are
widely adopted in the marine engineering domain. A structural
mechanism-based modeling method is also proposed to ensure
reliable and reasonable predictions, through which readers can
develop their customized ML models.

2.1 ML algorithms

Nowadays, numerous advanced ML algorithms have been
developed, and their unique merits and limitations make them
suitable for addressing different types of problems. This section
focuses on popular algorithms in marine engineering, with their
fundamental concepts clearly introduced to assist researchers
without ML background effectively understand them.

2.1.1 Single algorithms

2.1.1.1 Regression technique

Regression technique is a representative approach originally
developed in statistics, which is designed to investigate the hidden
relationships between input variables and output results. This
method is then applied in ML domain as a supervised learning
algorithm. Depending on the characteristics of problems in marine
structures, different types of regression models are selected
including linear regression, polynomial regression, lasso regression,
ridge regression, logistic regression, etc.

2.1.12 NN

The artificial NN (ANN) was developed to mimic workings of
biological neurons, which was firstly invented by Rosenblatt [17] in
1958 to address pattern recognition problems. With the
advancement in computing power, ANN emerges as one of the
most popular algorithms in the marine engineering domain, with
various mainstream variants designed such as BPNN [17], radial
basis function NN (RBFNN) [18], adaptive neuro-fuzzy inference
system (ANFIS) [19], recurrent NN (RNN) [20], long short-term
memory (LSTM) [21], gated recurrent unit (GRU) [22], CNN
[6,23], etc.

BPNN is one of the mainstream NNs, whose typical architecture
involves one input layer, one or more hidden layers, and one output
layer [17], with its main calculation process illustrated in Fig. 2a.
Specifically, inputs from the input layer are propagated forward to
generate outputs, and errors between actual values and output
results are then propagated backward to adjust biases and weights
of BPNN. The above two processes continue iteratively until the
predefined termination criterion is satisfied. Despite its widespread
applications in the engineering domain, BPNN tends to suffer from
relatively low training efficiency and local optimization issue.
RBENN can overcome such limitations to some extent, and its
architecture is also composed of an input layer, a radial basis layer,
and a linear layer [18]. ANFIS is a fuzzy inference system
implemented within the framework of adaptive NN, effectively
combing both advantages of NN and fuzzy logic [19], with its
architecture shown in Fig. 2b.

RNN, as a NN variant, is designed for processing sequential data,
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which incorporates recurrent links to achieve the memory
capability. The current computation at each time step depends on
both the current input and the previous computations [20]. LSTM
is an improved RNN for addressing limitations such as short-term
memory, gradient vanishing, or explosion, etc. The memory cell is
introduced to store and access information, while the flow of
information is controlled through specialized gate units [21]. The
key components of LSTM consist of the input gate, forget gate, and
output gate, thereby achieving the management of long-term
dependency information. Cho et al. [22] further optimized LSTM
and proposed GRU in 2014, where the input gate and forget gate
were combined into a single update gate, achieving a streamlined
architecture. Consequently, GRU is more efficient than LSTM
model, and increasingly gains widespread attentions and
applications. Due to their excellent capability to capture temporal
dependencies and sequential patterns, RNN and its variants are
particularly suitable for dealing with time-dependent problems,
such as the prediction of full-range responses of marine structures
subjected to variable loading. Figure 2c presents the typical
architecture of CNN, composing of a feature extractor and a
classifier. CNN can automatically extract and learn features from
the input data for decision-making, which is widely applied in
computer vision-based tasks [6,23]. A detailed review of ANN
along with its variants can be found in Ref. [24].

2113 SVM

SVM is another powerful algorithm for both classification and
regression tasks [25,26], as shown in Fig. 2d. For linear regression
problems, SVM aims to identify an appropriate function that can
accurately fit all data. However, the kernel function strategy is
utilized for nonlinear regression problems by transforming it into a
linear one through the dimension increase. The function of SVM
can be illustrated as

flx)= Zw,.K(x,x,.) +b (1)
and the corresponding optimization problem is formulated as
I TR )
min 3 I+ CL(E+£)
yi—flx) <e+i

fla)=yp<etl, i=12..n (2
£.820

subject to

where w is a weight vector; b is a bias vector; £ and & are slack
variables; C is a penalty parameter; y, is the target output; K(x, x;) is
a kernel function such as linear, sigmoid, polynomial, and radial
basis functions. This is a convex optimization problem, which can
be solved through the Lagrangian multiplier method [25].

2.1.14 Gaussian process regression (GPR)

The Gaussian process is a generalization of the Gaussian probability
distribution [27], specified through its mean function and
covariance function. GPR is a probabilistic and non-parametric
supervised learning method, which is formulated as a Gaussian
process. The kernel function, also known as covariance function,
defines the measurement method of data similarity, which
significantly impacts the prediction results. Since GPR is based on
the probabilistic theory, an obvious advantage is directly
quantifying the uncertainty of prediction results, well-suited for
decision-making tasks related to risk assessments in marine
structures.
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Figure2 Architectures of classic single ML algorithms. (a) BPNN. (b) ANFIS. (c) CNN (LeNet). (d) SVM. (e) DT.

2.1.1.5 Decision tree (DT) and M5 model tree

DT is a representative tree algorithm, which is broadly used in the
field of marine engineering due to its clear architecture,
interpretable output, and efficient computation [2,4]. Compared
with other ML algorithms, DT can effectively solve high-
dimensional problems, which are often encountered in marine
structures due to their highly nonlinear and complex nature.
Depending on the data type, DT can be categorized into
classification DT for discrete data and regression DT for continuous
data. Figure 2e shows a typical structure of DT model, consisting of
root nodes, internal nodes, leaf nodes, and directed edges. DT is
mainly based on the iterative dichotomiser 3 and C4.5 algorithms
proposed by Quinlan [28] and the classification and regression tree
algorithm proposed by Breiman et al. [29]. In 1992, Quinlan [30]

(& 27w | Sci@pen

introduced M5 algorithm for handling continuous data, which
innovatively combined traditional DT and multivariate linear
functions used at leaf nodes. This algorithm can be used to solve
multivariate and high-dimensional problems. Subsequently, Wang
et al. [31] optimized the M5 algorithm and proposed the M5’
algorithm, which significantly reduced the model size while only
slightly affecting the model performance.

2.1.2  Ensemble algorithms

Ensemble algorithms employ specified strategies to effectively
integrate multiple single models to generate a more powerful
model, with bagging and boosting being two typical ensemble
strategies [32]. Compared with single algorithms, the performance
of the ensemble method is usually better than a single one it
integrates.

https://doi.org/10.26599/OCEAN.2025.9470005
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2.1.2.1 Bagging strategy

Figure 3a represents a general calculation process of the bagging
strategy, which is implemented through the following four steps:

Step 1: Utilize the bootstrap sampling method to extract M
samples from the training set.

Step 2: Repeat Step 1 p times to generate p different subsets of the
training set.

Step 3: Train p different weak models using these p subsets
generated in the previous step.

Step 4: Combine the prediction results of all weak models to
obtain the final result of the strong model, where the majority
voting is adopted for classification tasks while the average output is
taken for regression tasks.

Random forest (RF) is a representative of bagging strategy, which
integrates multiple DT models as base models [33]. In addition, RF
introduces a mechanism for random feature selection during the
training process of each DT model. Therefore, RF not only
considers the randomness of samples but also the randomness of
features. Such double randomness further increases the diversity of
base model, enabling RF to avoid overfitting and exhibit stronger
generalization ability.

2.1.2.2 Boosting strategy

Unlike the bagging strategy, the boosting strategy generates
multiple weak models in sequence, and the subsequent model

a

.. Bootstrap sampling
Training set [
strategy

o Training
Training set 1 Weak model 1 —]

.. Training
> Training set2 [——> Weak model 2 —

. Training
—>| Training set p Weak model p —
Training set with | Training

Weight 1

Weight 2 is updated based on the training error

corrects the error based on the previous one. The general
calculation process of the boosting strategy is shown in Fig. 3b, also
including four steps:

Step 1: Assign initial weights to each sample in the training set,
and train Weak model 1 using such set.

Step 2: Update the weights based on the training error, assigning
higher weights to samples with larger errors. Train Weak model 2
using the updated training set.

Step 3: Repeat Step 2 g times to obtain g weak models.

Step 4: Assign larger weights to weak models with smaller errors,
while assigning smaller weights to weak models with larger errors.
Combine the prediction results of all weak models to obtain the
final result of strong model.

Extreme gradient boosting (XGBoost), as a typical representative
of boosting strategy, is developed based on the gradient boosting
DT (GBDT), incorporating several enhancements [34]. Its objective
function is expressed as

Obj = Y Ly 5) + Y0 () 3)

where the former represents a loss function which measures the
error between the predicted and real results, and the latter
represents a regularization term that controls the model complexity,
with specific expression shown as

' Evaluation I
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Weight 2

Training set with | Training Weak model 2 —>
Weight 2
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Figure3 General calculation processes for ensemble algorithms. (a) Bagging strategy. (b) Boosting strategys.
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Q) =yT+ 5a2|wj\+5/12wf (4)
j=1 j=1

where y is a hyperparameter to control the number of leaf node; «
and A are coefficients for L, and L, regularization terms,
respectively; T is the total number of leaf nodes for one tree; and w;
is the predicted value for the jth leaf node.

2.2 DL algorithms

DL algorithm, as a crucial branch of ML method, has gained
extensive applications across various fields, and this section
introduces its architecture and concept from three levels in the
computer vision, including the image classification, object
detection, and semantic segmentation.

2.2.1 Image classification algorithms

CNN, as a prominent DL algorithm, has been extensively applied in
image classification tasks, and LeNet proposed by LeCun et al. [23]
in 1988 is one of the earliest CNNs. As illustrated in Fig. 2c, LeNet
extracts image features through a series of convolutional layers and
pooling layers, followed by the fully-connected layers, and finally
performs classification through a softmax layer. Krizhevsky et al.
[35] designed a deep and large CNN model named AlexNet,
consisting of five convolutional layers and three fully-connected
layers, with a total of 60 million parameters and 650,000 neurons. A
novel regularization technique known as dropout is employed in
the fully-connected layers, which can efficiently avoid overfitting by
randomly deactivating neurons during training. The architecture of
visual geometry group (VGG) model is similar to AlexNet, while a
deeper network is adopted, proving that increasing the network
depth can somewhat improve the model performance [36]. In
addition, a large convolution kernel is replaced by multiple small
ones in VGG, which not only enhances the model capability to
extract image features through more nonlinear transformations, but
also significantly reduces computational complexity with the
receptive field unchanged.

Unlike the VGG model, GoogLeNet proposed by Szegedy et al.
[37] improves model performance by increasing network width
rather than depth. However, as the network depth increased, He et
al. [38] found that the prediction accuracy on both training and
testing sets gradually decreased, and this degradation could not be
attributed to the overfitting. To address such issue, He et al. [38]
devised the residual module and developed various residual
networks (ResNets) with different depths. The skip connection is
innovatively adopted to allow gradients to flow directly through the
network, thereby mitigating the vanishing gradient problem and
enabling the training of much deeper networks.

CNNs are gradually developing towards deeper and wider
models with more complex architectures, and larger parameters,
which limits their applications in mobile and embedded
applications. Lightweight networks have attracted increasing
attention due to their superiorities of small size and high efficiency,
which are gradually being applied in devices with restricted
computing resources and tasks requiring real-time decision.
MobileNetV1 model is one of the prominent lightweight CNN,
utilizing the depthwise separable convolution to significantly reduce
the number of parameters. Compared with the VGG model with 16
layers, the accuracy of MobileNetV1 has only reduced by 0.9% on
the ImageNet, while its parameters are reduced by 32 times [39].
Sandler et al. [40] and Howard et al. [41] further optimized
MobileNetV1 by employing linear bottlenecks and inverted
residuals, developing V2 and V3 versions.

(B 7~ 2w | Sci@pen

2.2.2  Object detection algorithms

Object detection algorithms can simultaneously classify and localize
object, which are widely adopted to detect various defects in marine
structures, such as cracks, corrosion, rebar exposure, and spalling.
These algorithms are mainly divided into one-stage and two-stage
methods. The two-stage algorithm generates a series of candidate
boxes that may contain the targeted objects through different
approaches, and then performs feature extraction, classification, and
bounding box regression on each candidate box to refine and
rectify it. Representative algorithms include regions with CNN
features (R-CNNs) series. Comparatively, the one-stage algorithm
directly performs classification and regression on dense anchor
boxes, thereby avoiding the generation of candidate regions and
improving the detection efficiency, with single shot multibox
detector (SSD) and you only look once (YOLO) families being
representatives.

Girshick et al. [42] developed the R-CNN algorithm in 2014,
which achieved a 30% relative improvement compared with the
previous best results on the PASCAL VOC 2012 database, with
main steps illustrated in Fig. 4a. Multiple candidate regions are
generated through selective search method, and features are then
extracted using CNN. Finally, SVM is used for classification and
bounding box regression. Although the detection accuracy is
improved, R-CNN demands a large computation resource due to
three independent training processes. Girshick [43] proposed Fast R-
CNN to improve both computational efficiency and detection
accuracy. As shown in Fig. 4b, Fast R-CNN extracts features from
the entire image and then performs region of interest (Rol) pooling
on each candidate region, streamlining the process, and reducing
computational rescource. Ren et al. [44] further improved Fast R-
CNN and proposed Faster R-CNN, which was composed of region
proposal network (RPN) and Fast R-CNN, as illustrated in Fig. 4c.
RPN proposals candidate bounding boxes, and Fast R-CNN then
extracts features from these candidate boxes using Rol pooling,
followed by classification and bounding box regression. Based on
the Faster R-CNN, Mask R-CNN adds an additional branch for
predicting the object mask (Fig. 4d), suitable for tasks that require
precise segmentation [45].

Figure 5 presents the development timeline of YOLO family,
with each version updated upon the previous ones to enhance
performance. YOLO was firstly developed by Redmon et al. [46] in
2015, which quickly gained popularity due to its remarkable
tradeoft between efficiency and accuracy. Unlike traditional object
detection methods, YOLOV1 regards the detection task as a
regression problem. A single NN model directly predicts the
positions and categories of all targets on the entire image, achieving
the end-to-end object detection. The loss function of YOLOV1
consists of localization loss, confidence loss, and classification loss,
which is calculated by the sum-squared error between predictions
and ground truths. YOLOV?2 can detect over 9000 object categories,
which thus is known as YOLO9000 [47]. Several improvements are
adopted such as batch normalization, high resolution classifiers,
dimension clusters, etc. To address the instability of YOLOV1
during bounding box prediction, YOLOV2 predicts location
coordinates relative to grid-cell locations. Furthermore, the fully-
connected layers of YOLOV1 are replaced with anchor boxes to
predict bounding boxes, leading to a 7% increase in recall
Compared with YOLOV2, YOLOV3 employs a deeper Darknet-53
as its backbone network, which helps extract the richer feature
information [48]. Multi-scale feature fusion is another major

https://doi.org/10.26599/OCEAN.2025.9470005
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improvement in YOLOV3, with three feature maps of different
scales adopted. Therefore, YOLOV3 can obtain fine-grained
features and significantly improve the detection of small objects,
which is one of the main weaknesses of the previous versions.
YOLOV4 adopts self-adversarial-training and mosaic data
augmentation during training [49]. Mish activation, cross stage
partial (CSP) connections, and multi input weighted residual
connections have also been added in the backbone to further
enhance the feature extraction capability of YOLOV4. Both CSP

https://doi.org/10.26599/OCEAN.2025.9470005

backbone and path aggregation-network (PA-Net) neck are
introduced in YOLOV5, enhancing computational efficiency
without accuracy compromise. Specifically, CSP effectively
addresses redundant gradient information, while PA-Net optimizes
feature aggregation. Furthermore, YOLOV5 provides various
variants (n, s, m, 1, x), which are tailored to diverse application
requirements of marine engineering tasks.

YOLOV6 was open sourced by Li et al. [50] in 2022, whose
architecture was composed of an efficient backbone using RepBlock
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for small models or CSPStackRep for large models, a re-
parameterized path aggregation network neck, and an efficient
decoupled head using hybrid channel strategy. A self-distillation
strategy was applied for both regression and classification tasks,
which improved the model accuracy without introducing much
computation cost. Wang et al. [51] designed YOLOV?7, achieving
three main innovations, namely extended efficient layer aggregation
network, planned re-parameterized convolution, and dynamic label
assignment. YOLOVS8 introduces some modern features and
improvements over the previous YOLO variants, such as a new loss
function focal loss, a new data augmentation method Mixup, and a
modern evaluation metric average precision across scales. To
address the various changes required by deep networks for
achieving multiple objectives, Wang et al. [52] proposed the
concept of programmable gradient information (PGI), which could
provide complete input information for the target task to calculate
objective function, and the reliable gradient information could be
obtained to update network weights. Generalized efficient layer
aggregation network (GELAN), a new lightweight network
architecture, was also designed according to the gradient path
planning. Combining the proposed PGI and GELAN, YOLOV9
was developed in 2024 [52]. YOLOV10 was created by researchers
from Tsinghua University using the Ultralytics Python package,
achieving the efficient end-to-end detection through consistent dual
assignments for non-maximum suppression-free training [53].
YOLOV11, as the latest in the YOLO family, supports a wide range
of computer vision tasks, including object detection, instance
segmentation, image classification, pose estimation, oriented object
detection, and object tracking [54]. Compared with the previous
versions, YOLOV11 exhibits remarkable versatility and enhanced
performance across various applications in marine structures. A
significant improvement in YOLOV11 is the incorporation of the
CSP with kernel size 2 (C3k2) block, replacing the C2f block
adopted in the previous versions, which significantly enhances the
computational efficiency.

2.2.3 Semantic segmentation algorithms

Compared with the object detection algorithms, semantic
segmentation approaches are able to achieve pixel-level localization
of various defects in marine structures instead of bounding boxes,
providing more detailed data for structural maintenance. The fully
convolutional network (FCN), as a classic semantic segmentation

algorithm, employs an encoder-decoder architecture [55], enabling
pixel-level segmentation of arbitrary-sized images. The encoder
module extracts features from the input image, while the decoder
module transforms them into an output image. The skip
architecture is introduced in FCN to fuse features from different
depths, thereby enhancing the segmentation performance [55].
Depending on the upsampling magnifications, FCN can be
categorized into FCN-32s, FCN-16s, and FCN-8s, which utilize
factors of 32x, 16x, and 8x to restore the original image size,
respectively. For achieving segmentation of biomedical images with
limited training data, Ronneberger et al. [56] proposed the UNet
model upon the design principles of FCN. However, UNet employs
the concatenation to fuse features rather than the element-wise
addition in FCN. Based on the architecture of UNet, Zhou et al.
[57] further developed UNet++ model by redesigning skip
pathways and adopting deep supervision strategy. Qin et al. [58]
developed U2Net model by redesigning the UNet model, and
incorporated multiple residual U-blocks to construct a two-level
nested U-structure, whose architecture enabled the model to
capture richer local and global information from both shallow and
deep layers. Google Inc. devised a series of DeepLab models
[59-62], which incorporated various advanced techniques such as
atrous convolution, atrous spatial pyramid pooling, conditional
random field, etc., to significantly improve both accuracy and
speed. To achieve detection on mobile devices, Howard et al. [41]
proposed a lightweight model lite reduced atrous spatial pyramid
pooling in 2019, whose architecture only consisted of a backbone
and a segmentation head.

2.3 Classic development platforms

Many companies and research teams have developed available
platforms and cloud services to support scholars for coding their
own ML models, such as Google, Baidu, Microsoft, Berkeley Al
Research, etc. Several contributors have also participated in the
subsequent maintenance and improvement. Table 1 reviews classic
platforms developed for ML and DL algorithms, where Python and
C++ are the mainstream programming languages, while Python
universally supports all mentioned platforms. GitHub, as one of the
largest communities for sharing ML codes, is widely used in
academic and industrial communities across diverse research
domains, and its user feedback thus serves as a valuable metric for
evaluating popularity and applicability of different development

Table 1 Detailed information of classic platforms for ML and DL algorithms

Platform Main programming language Support language
TensorFlow C++ (56.0%), Python (25.6%) Python, C++, Java, JavaScript

PyTorch Python (56.2%), C++ (35.6%) Python, C++, Java

Keras Python (99.9%), C++ (0.1%) Python

Caffe C++ (80.0%), Python (9.1%) Python, Matlab
Sklearn Python (92.5%), Cython (5.5%) Python

Theano Python (93.9%), C (5.0%) Python

CNTK C++ (54.7%), Python (35.9%) Python

MXNet C++ (48.6%), Python (34.7%) Pyﬂg:’IL a‘v‘:‘scfl;:;{eﬂscj‘iz ]Cull‘;;ure’
Chainer Python (76.3%), C++ (20.0%) Python

DL4J Java (98.5%), Other (1.5%) Java

Paddle C++ (47.1%), Python (44.0%) Python

Note: Sklearn, scikit-learn; DL4]J, eclipse Deeplearning4]; CNTK, cognitive toolkit.
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platforms, with a comprehensive statistic shown in Fig. 6 (until
November 2024). It reveals that TensorFlow developed by Google
Brain is currently the most popular platform, and PyTorch is
another mainstream platform widely adopted in the academia. The
main difference between both platforms lies in their computing
paradigms. TensorFlow adopts a static computation graph, indica-
ting that the model development should be completed before
starting computation. However, PyTorch is a dynamic framework
that allows input data for computation during the model deve-
lopment, thereby enabling for real-time improvements.

24 Structural mechanisms-based modeling method of
ML

Structural engineering problems are governed by well-defined
mechanical principles and theoretical foundations, and traditional
numerical methods strictly follow such principles, enabling them
widely applicable in engineering practice. However, the modeling
processes of most ML algorithms are similar to a “black box”,
which generally learn the hidden patterns in data while ignore the
structural mechanisms behind prediction problems. The direct
application of data-driven ML models in the marine engineering
domain presents considerable challenges, particularly for decision-
making tasks related to risk assessments. Therefore, it is essential to
effectively integrate data-driven ML models with structural
mechanisms behind the problems, ensuring that mechanical
principles can accurately reflected in models and providing reliable
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design guidance. Based on structural mechanisms, this paper
proposes a modeling method for ML, with basic process shown in
Fig. 7, and the traditional modeling method is also provided for
comparison. It can be observed that the proposed method
combines the mechanical principles of engineering problems with
data-driven intelligent algorithms through the following five steps:

Step 1: Establishment of comprehensive database. The perfor-
mance of data-driven ML models heavily depends on the quantity
and quality of training data, necessitating the establishment of a
high-quality and large-scale database [63,64]. Literature review and
internet search are two mainstream ways for collecting experi-
mental data, while numerical simulation and generative algorithm
can further supplement data to enrich database. Before training ML
models, various pre-processing steps are implemented on the
database, such as data normalization, database division, etc.

Step 2: Determination of input parameters for ML. ML methods
explore the data patterns between input parameters and output
results, with the selection of input parameters being crucial for the
model performance. By combining correlation analysis and
structural mechanisms, the input parameters can be reasonably
determined.

Step 3: Development of initial ML models. Based on the various
platforms introduced in Section 2.3, initial ML models can be
developed using various mainstream single algorithms and
ensemble algorithms, depending on the problem characteristics and
the data nature.
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Figure 6 Statistic of classic development platforms based on GitHub. (a) Star quantity. (b) Fork quantity. (c) Watching quantity. (d) Contributor quantity.
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Step 4: Optimization of model hyperparameters. Hyperpara-
meters play a decisive role in the performances of ML models. For
traditional data-driven ML models, the optimization of hyper-
parameters is solely guided by the prediction accuracy, while
structural mechanisms reflected by the model may fail due to
overfitting, abnormal data, etc., particularly when the training data
are too limited to reflect the actual laws. In view of this, this paper
proposes an innovative optimization method that incorporates
mechanical principles, with a verification module of structural
mechanisms embedded. As such, the hyperparameter optimization
not only is based on the prediction accuracy but also takes into
account the mechanical principles. Each model with different
hyperparameters is validated against structural mechanisms.
Among the models that pass such validation, the one with the best
accuracy is considered optimal. It should be mentioned that the
verification method of mechanical principles is determined by the
prediction problems. For the capacity prediction of structural
members, the correlation between capacity and input parameters is
examined to evaluate the rationality of mechanical principles [63],
as shown in Fig. 8a. It can be seen in Fig. 8b that the seismic
interstory drift ratio is selected as an indicator for the design of
shear wall [64].

Step 5: Comparative analysis and optimization of model
performances. Multiple evaluation indicators can be used to
compare the established ML models, with in-depth analysis
conducted such as the prediction stability, uncertainty, model
interpretability, etc. Different models are evaluated from the
engineering perspective to evaluate their practical applicability.
Finally, optimization methods for ML models are explored in order
to further improve the performance, such as database division
methods, hyperparameter optimization strategies, etc.
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The effectiveness of proposed modeling method is validated
through the capacity prediction of structural members,
demonstrating that mechanical principles can be reasonably
reflected in ML models [63]. Therefore, the interpretability and
reliability of ML models can be enhanced by reasonably
incorporating domain-specific knowledge, which bridges the gap
between data-driven approaches and established engineering
principles, facilitating the application of ML methods in the marine
structures to provide robust and informed decision-making,

3 Research status of ML methods in marine
structures

This section systematically reviews the application status of ML
techniques in the design, construction, and maintenance of marine
structures, with details illustrated in Fig. 1.

3.1 Literature search and selection

For literature research, the Web of Science and Scopus databases
are employed due to their reliability and extensive coverage, where
identical literature search criteria are applied across both databases
to ensure consistency. Table 2 outlines the specific search keywords
corresponding to the design, construction, and maintenance stages.
The search criteria are restricted to peer-reviewed journal articles
published before December 2024, focusing on the marine
engineering field. After conducting the initial search, the articles
collected from both databases are merged and meticulously
deduplicated to establish a comprehensive and reliable literature
dataset. A preliminary screening is then conducted for all articles as
per their titles, keywords, and abstracts, followed by an in-depth
screening on their full text. Finally, a total of 142 highly relevant
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Table 2 Search keywords for different application domains in marine structures

Stage Application domain Search keyword
Design stage Properties of structural materials ML related terms AND concrete
Behaviors of structural members ML related terms AND CFST
Designs of structural systems Generative Al related terms AND (building OR structure)
Construction stage PPE detection DL related terms AND personal protective equipment
Unsafe behavior identification DL related terms AND behavior AND construction
Physiological status monitoring ML related terms AND worker AND (physiological OR fatigue)
Maintenance stage Crack detection DL related terms AND concrete AND crack
Corrosion detection DL related terms AND (corrosion OR rust) AND steel

Corrosion degree evaluation

Note: ML related terms refers to ML and its specific algorithms (e.g., NN, XGBoost, ensemble algorithm, etc.); Generative Al related terms refers to
generative Al and its specific algorithms (e.g., GAN, VAE, etc.); DL related terms refers to ML, DL, and its specific algorithms (e.g., CNN, YOLO, R-CNN,
etc.).

articles are collected for further reviewing the application status of compared the performance of base models (ANN, SVM, and DT)

ML techniques in marine structures. and ensemble models (voting, bagging, and stacking techniques) in
. predicting strength of HPC, indicating that ensemble models could
3.2 Design stage enhance the performances of base models. This conclusion was

As presented in Fig. 1, the application of ML in the design stage can further confirmed by Feng et al. [69], where base models were
be mainly divided into the property prediction of structural integrated through adaptive boosting algorithm. More strength
materials, behavior evaluation of structural members, and design prediction models regarding various types of concrete are
guidance of structural systems. comprehensively reviewed in Refs. [13-15,65].

3.2.1.2 Tensile strength

Comparatively, the application of ML methods to predict tensile
strength of concrete is relatively limited, which can be ascribed to
the fact that the compressive performance of concrete significantly
outperforms its tensile performance. The tensile strength of HPC
was evaluated by Khan [67] using ANN algorithm, whilst Li et al.

3.2.1 Properties of structural materials

Concrete is one of the most commonly used construction materials
in marine structures, such as bridges, towers, platforms, etc., and
accurate prediction of its properties is crucially important for
scientific design and safe service of such structures. Considering the
complicated mixtures and varied curing conditions, the property X )
prediction of concrete is challenging. Significant efforts have been (701 employed various en.semble algorlt.hms. Pakzz':ld et al [83]
conducted to utilize ML techniques in predicting concrete adopted thirteen ML algorithms to predict the tensile strength of
properties, with related studies comprehensively reviewed in Refs. steel fiber-reinforced concrete (SFRC), among which SVM achieved
[13-15,65]. the highest prediction accuracy. Sun et al. [84] collected 313 tensile
strengths of basalt fiber-reinforced coral aggregate concrete from
o ] o ) fourteen papers, and an optimized XGBoost model was designed to
One of the early applications of ML in predicting compressive  predict their strength. Results indicate that the relative errors
strength of high-performance concrete (HPC) was conducted by between the experimental and predicted strengths consistently are

Kasperkiewicz et al. [66], concluding that ML algorithm was able to below 5%, highlighting the robust generalization and excellent
effectively address the strength prediction problems. Since then, a accuracy of the developed model

huge number of ML models have been developed for different types
of concrete, with details listed in Table 3. It is evident that NN is the 3.2.1.3  Flexural strength

most popular algorithm, while ensemble algorithms have gained SERC exhibited superior mechanical performances than normal
increasing attention in recent studies. Specifically, Chou et al. [68] concrete due to the incorporation of discontinuous fibers, and Kang

32.1.1 Compressive strength
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Table 3 Application of ML methods in compressive strength prediction for different concrete
Concrete type Database size ML algorithm Year Reference
HPC 340 ANN 1995 [66]
128 RBENN 2012 [67]
1133, 194, 144, 104, 100 ANN, SVM, DT, voting method, bagging method, stacking method 2014 [68]
1030 ANN, SVM, AdaBoost 2020 [69]
190 AdaBoost, GBDT, XGBoost, RF 2022 [70]
Ultra-HPC 363 BPNN, DT, RF, GBDT, XGBoost 2023 [71]
810 RF, AdaBoost, GBDT 2024 [72]
Recycled aggregate concrete 470 ANN 2021 [73]
721 GBDT, XGBoost, SVM 2022 [74]
465 BPNN, SVM, AdaBoost, GBDT 2024 [75]
Coral aggregate concrete 420 BPNN 2024 [76]
Lightweight concrete 194 GPR, SVM, bagging method 2022 [77]
232 ANN, GEP, GBDT 2022 [78]
Self-compacting concrete 327 RBFNN 2022 [79]
255 SVM, RF 2023 [80]
Polymer concrete 15 ANN 2012 [81]
1476 Ridge regression, Lasso regression, SVM, GPR, DT, RF, GBDT, ANN, KNN 2022 [82]

Note: GEP, gene expression programming.

et al. [85] established eleven ML models to predict its flexural
strength. Zheng et al. [86] also predicted flexural strength of SFRC
through three ensemble models, including gradient boosting, RF,
and XGBoost, concluding that gradient boosting achieved the
highest accuracy, with coefficient of determination (R?) achieving
0.96 across all data. Based on ANN models, Barbuta et al. [81]
evaluated the flexural strength of fly ash concrete, whilst Golafshani
et al. [73] examined the flexural strength of recycled aggregate
concrete.

32.14 Other properties

Besides the strength prediction of different types of concrete, ML
techniques have also been applied to evaluate their other properties,
such as the elastic module [85-88], Poisson’s ratio [88], slump
[80,89,90], coefficient of thermal expansion [88], durability property
[67,91], stress—strain relationship [92], shrinkage and creep
property [93], etc. On the other hand, optimizing concrete mixtures
is another important application domain of ML. For example,
Zhang et al. [94] proposed an efficient ML-based method to
optimize concrete mixtures, considering the multiple objectives
such as the strength, cost, slump, etc. Naseri et al. [95] developed
ML models to design mixture for sustainable concrete, with
environmental impacts taken into account, including embodied
CO, emission, as well as energy and resource consumptions. These
applications highlight the powerful capabilities of ML in concrete
materials, enabling to provide efficient and accurate guidance.

3.2.2  Behaviors of structural members

Concrete-filled steel tube (CFST) member utilizes combined
advantages of steel and concrete, demonstrating the superior
mechanical property, convenient construction process, and
excellent economic benefit, which is one of the preferred forms for
marine structures [96,97]. Taking such typical structural members
as an example, prediction of their performances through ML
methods primarily focuses on the following conditions.
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32.2.1 Staticloading

Table 4 summarizes the application of ML methods for capacity
prediction of CFST under static loading, among which BPNN is the
most mainstream algorithm while ensemble algorithms are
relatively limited. ML was employed earlier for the axial loading
condition, where Hao et al. [98] in 2004 established a three-layer
BPNN model to predict the capacity of 50 CFST components,
providing valuable insights into the application of ML in composite
structures. Due to the limited training data, the applicable range
and prediction accuracy of model need further improvement.
Zarringol et al. [104] and Naser et al. [108] established more
comprehensive databases composed of 895 and 979 rectangular
CFSTs, covering various types of components with different
material properties, section types, and slenderness ratios. Based on
such expanded databases, prediction accuracies and applicable
ranges of ML models have been improved accordingly. Hou et al.
[97] constructed a comprehensive database containing 2045 circular
CFST samples under axial compression and investigated the impact
of database subdivision on the model performances. It is concluded
that subdividing database as per failure mechanisms can effectively
enhance the model performance, whereas the random subdivision
of database imposes negligible or even adverse impacts.
Comparatively, existing research on the prediction of flexural
capacity is quite limited, with relevant information provided in
Table 4. Basarir et al. [113] used ANFIS model to predict the
flexural capacity of circular CFST under monotonic/cyclic loadings.
Results reveal that root mean square error (RMSE) and R* provided
by ANFIS are 0.096 and 0.81, respectively, higher than the current
design standards (RMSE ranges from 0.224 to 0.238, and R’ ranges
from 0.30 to 0.53). Hanoon et al. [114] adopted ANN combined
with particle swarm optimization to predict both flexural capacity
and stiffness, whilst 224 circular and rectangular components
jointly trained model, ignoring the influences of sectional shapes.
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Table4 Summary of ML models for predicting CFST members subjected to static loading

Loading type Reference Database size Shape Algorithm
Axial loading Hao et al. [98], 2004 50 R BPNN
Ahmadi et al. [99], 2014 272 C BPNN
Giineyisi et al. [100], 2016 314 C GEP
Duetal. [101], 2017 305 R BPNN
Tran et al. [102], 2019 300 R BPNN
Nour et al. [103], 2019 97 C GEP
Zarringol et al. [104], 2020 895 C BPNN
1305 R
Mai et al. [105], 2022 300 R BPNN, RBENN
Le [106], 2022 314 R GPR
Tran et al. [107], 2020 768 C BPNN
Naser et al. [108], 2021 979 C GA, GEP
1245 R
Lee et al. [109], 2021 1245 C CatBoost
979 R
Vuetal [110],2021 1017 C GTB, RF, SVM, DT, DL
Hou et al. [97], 2022 2045 C BPNN, RBFNN, GPR
Faridmehr et al. [111], 2022 2963 Rand C CNN
Zhou et al. [112], 2023 1641 R BPNN, RBFNN, ANFIS, GPR, M5” model tree
Pure bending Basari et al. [113], 2019 72 C ANFIS
Hanoon et al. [114], 2022 224 Rand C ANN
Eccentric loading Gao [115], 2011 55 R BPNN
Saadoon et al. [116], 2012 111 BPNN
Luat et al. [117], 2020 141 R MARS
Zarringol et al. [104], 2020 392 R BPNN
499 C
Naser et al. [108], 2021 394 R GA, GEP
485 C
Lee et al. [109], 2021 394 R CatBoost
485 C
Hou et al. [118], 2022 804 R BPNN, RBENN, GPR
Nguyen et al. [119], 2022 241 C ANN, MARS
Hou et al. [120], 2023 899 C BPNN, RBFENN, SVM, ANFIS, GPR, MARS, M5 model tree,
Ensemble of M5’ model trees, XGBoost
Wang et al. [121], 2023 403 R ANN, SVM, RF

Note: R and C, CFST members with rectangular and circular sections; GA, genetic algorithm; MARS, multivariate adaptive regression spline.

As illustrated in Table 4, scholars have begun to adopt ML
algorithms for predicting eccentric compression capacity of CFSTs.
Unlike axial loading condition, the eccentricity direction of loading
imposes a significant impact on the capacity of rectangular
components. However, only Naser et al. [108] and Hou et al. [118]
considered the above impact when establishing their models, and
more research was needed to explore such impact on ML models.
Hou et al. [120] further proposed an intelligent prediction method
for the axial load-bending moment (N-M) interaction curves of
CFEST, facilitating advanced structural design of composite
members through ML methods. To facilitate the practical
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application of established models in engineering designs, some
scholars have also proposed simplified formulas derived from ML
models [104,108].

In addition to the capacity prediction, scholars have also started
to employ ML methods for predicting full-range loading-
deformation curves of axial compression components, and typical
diagrams are outlined in Fig. 9, which are divided into two ways.
Many studies adopt the characteristic point-based method, where
the complete curve is divided into several characteristic points, and
ML models are then adopted to predict such points, which are
connected to form the complete curve. As shown in Fig. 9a, Yeong
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et al. [122] divided the load-strain curve of concrete-filled double-
skin steel tubular (CFDST) column into the yield point, ultimate
strength point, and failure point. Six ML models were adopted to
predict these points and reconstruct the complete curve, among
which SVM model exhibited the best fit to the test curves. Similarly,
Zarringol et al. [123] used ANN to plot the curve of CFST columns,
as illustrated in Fig. 9b. However, such approaches capture the
general trends of curves, and the accuracy especially for the
descending part is limited. In fact, this type of curve can be
regarded as time series data, for which LSTM is one of the well-
suited algorithms. As shown in Fig. 9c, Le et al. [124] predicted
complete load-displacement curves of CFDSTs through an LSTM-
based model, which adopted numerous LSTM cells to extract
features from inputs, followed by the NN models to output curve.
Due to the limited experimental curve, both finite element
simulation and DoppelGANger algorithm were used to generate
data for training model. Results demonstrate that R* values for both
training and testing sets exceed 0.95, effectively validating the
feasibility and accuracy of the proposed method for predicting
load-displacement curves. Fan et al. [125] also applied the LSTM
model to predict the loading-strain curves of circular CFSTs, and
different input configurations are investigated. It can be found in
Fig. 9d that the input configuration can be divided into two cases:
(1) design parameters only; (2) the combination of design
parameters and strain series. Results show that adding strain series
can effectively improve the prediction accuracy, and LSTM
algorithm achieves a better adaptability to handle two-dimensional
prediction problems than ANN, RF, and SVM models.

3.2.2.2 Dynamic loading

Marine CFST structures in practice may suffer from accidental
dynamic loadings, such as vehicle/ship collisions, impacts, and
explosions, and a statistical report reveals that such loadings are
responsible for approximately 40% of bridge failures [126]. As a
result, the dynamic loading becomes a critical scenario for marine
CEFST structures, necessitating in-depth analysis to ensure structural
safety. Based on 330 square CFST members, a GBDT model was
established to predict their transverse impact capacity [127]. Yang et
al. [128] evaluated the residual capacity of CFST columns under
impact loading through the stacking ensemble method, where the
base learner was selected as K-nearest neighbors (KNN), RF, and
XGBoost models while the linear regression model was employed
as the meta learner. Results show that the stacking ensemble
approach exhibits higher accuracy than bagging and boosting
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methods, achieving R* = 0.97 in the testing set.

For CFST members after explosion, Li et al. [129] developed
three XGBoost models to predict the residual axial capacity ratio
(RCI). XGBoost3 model can provide efficient and accurate
assessments of RCI without requiring blast loading parameter and
axial load ratio, both of which are typically difficult to obtain in
practice. Li et al. [130] further predicted the residual axial capacity
of circular CFST columns through various advanced ML
algorithms, and feature importance of input variables was
thoroughly analyzed. The ensemble algorithm XGBoost exhibits the
best performance, with R’, mean absolute error, and RMSE on the
testing set being 0.981, 0.018, and 0.026, respectively. Besides the
capacity prediction, He et al. [131] adopted nine regression-based
ML algorithms to estimate the peak displacement of CFST
subjected to blast loading, with the variability of input parameters
considered. Lai et al. [132] developed a novel probabilistic natural
gradient boosting (NGBoost) model to predict the maximum
displacement of CFST under lateral impact loading, demonstrating
that the developed NGBoost not only achieved high accuracy but
also provided detailed probabilistic predictions.

3.2.2.3 Corrosion condition

Corrosion is one of the severe challenges encountered by marine
CEFST structures, which not only reduces effective sectional area and
stability of the steel tube but also weakens its confinement effect on
the core concrete. However, limited research was conducted on the
application of ML methods for the corrosion condition, and Zhou
et al. [133] adopted seven ML methods to predict the residual
strength of CFST under uniform corrosion and random localized
corrosion. Given the limited test data and high costs for acquiring
it, active learning (AL) approaches were adopted to assist in training
ML models, with results presented in Fig. 10. For four AL methods,
the ML model trained by only 63% data achieves comparable
performances to the all data scenario. It can be concluded that AL
can effectively identify valuable data, enabling ML models to
achieve excellent performances even with fewer training data.

3.2.24 Fire condition

At present, the prediction of CFST performance under fire
conditions primarily focuses on the fire resistance rating (FRR) and
residual strength. ML was applied earlier in FRR prediction, and Al-
Khaleefi et al. [134] in 2002 established NN model with one hidden
layer and 14 neurons. Due to only 27 sets of test data, its
generalization and accuracy need to be further enhanced. Zhao et
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Figure 10 Performance comparison among different AL methods. (a) Training set. (b) Testing set. QBC, query-by-committee; GSx, greedy sampling on the inputs; GSy:
greedy sampling on the outputs; GSxy: greedy sampling on the inputs and output; RS, random sampling. Reproduced with permission from Ref. [133] ©2023, Elsevier Ltd.
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al. [135] adopted 172 samples to train ML model, with its
hyperparameters optimized through balancing composite motion
optimization algorithm. The established model outperformed
existing design standards, achieving R* = 0.947 for all samples.
Based on the principles of knowledge distillation and semi-
supervised learning, Xu et al. [136] proposed a novel prediction
model for FRR, whose training process effectively integrated the
domain expertise through NN technology.

For residual strength prediction for CFDST columns subjected to
eccentric loading, Wu et al. [137] modified the traditional Rankine
method by considering the shear effect coefficient, and developed

a
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various ML models to predict such coefficient. Narang et al. [138]
assessed the residual strength indexes of 56 circular CFST columns
through mainstream ML algorithms, including GPR, bagging and
boosting ensemble methods, SVM, and ANN. Quadratic SVM and
bi-layered ANN models outperformed the other ML models, with
their R* values on the training set being 0.93 and 0.98, respectively.
Moradi et al. [139] adopted ANN to predict FRR and residual
strength of circular CFST columns, respectively. Some researchers
have also designed graphical user interface (GUI) to facilitate the
practical implementation of established models, as shown in Fig. 11.
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Figure 11 GUIs for the fire resistance prediction of CFST members. (a) FRR. Reproduced with permission from Ref. [135] ©2022, Elsevier Ltd. (b) Residual strength

index. Reproduced with permission from Ref. [139] ©2021, Elsevier Ltd.
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3.2.3  Designs of structural systems

For the intelligent design of buildings, expert system-based methods
were proposed in the 1980s, spurring a series of research progress
since then [140]. However, the insufficient computation
performance and the limitations of algorithms have hampered their
widespread applications. In recent years, Al technology, especially
for generative Al algorithms, has emerged as a powerful tool for
creatively generating new designs by learning from existing ones,
which is gradually applied in the intelligent design of structural
systems. Given the vast differences in design methods and rules
across different types of structures, generative Al algorithms should
be tailored to solve structural design problems with different
characteristics. This section focuses on the application of generative
Al algorithms in three representative structural forms.

3.2.3.1 Residential building structures

Generative Al has primarily used for designing residential building
structures, among which CNN-based generative adversarial
networks (GANs) and graph NNs are mainstream algorithms. For
instance, Liao et al. [141] proposed an innovative shear wall design
method (StructGAN) using GAN algorithm, which learned from
existing shear wall designs and subsequently performed efficient
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and intelligent structural design. Figure 12a illustrates the main
components of StructGAN, consisting of the interpreter, designer,
and modeler, where the interpreter digests and semanticizes the
architectural sketches, the designer analyzes the semantic drawings
to perform structural design, and the modeler generates the design
and corresponding structural model. Zhao et al. [144] further
optimized StructGAN by introducing the attention mechanism to
improve the local details in the generated results, with
comprehensive evaluation indexes improved up to 30%. Wang et al.
[145] adopted GAN and transfer learning to develop a layout
generative design framework, which could efficiently design
residential layouts with simple inputs and generate corresponding
building information modeling models. Generative Al technology
has also been applied to various structural forms, such as steel
frame-brace structures [146], frame-core tube structures [147], etc.

3.2.3.2 Spatial structures

The shape of spatial structures usually exhibits a high degree of
freedom and complexity, whilst variational autoencoder (VAE)
algorithms have emerged as a powerful tool for intelligent design of
such structure. By manipulating the latent space in VAE, the
generation results can be effectively changed, offering valuable
insights for various structural design schemes. Specifically, Mirra et
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al. [148] trained VAE to construct a design space for shell
structures, with human-defined design space following the
superstructure approach compared. Result demonstrates that Al-
generated design space exhibits a greater diversity of design outputs
than the solutions predicted by the human-defined spaces.
Danhaive et al. [142] also adopted VAE with a low-dimensional
latent space for designing shell spatial structures, with its
architecture shown in Fig. 12b.

3.2.3.3 Continuous structures

Comparatively, the application of generative Al in the topology
design of continuous structures is relatively rare. Kallioras et al.
[149] proposed a generative design methodology called DzAIN to
optimize beam topology, where deep belief networks were adopted
for diversification through randomness, and the input parameters
consisted of the domain dimensions, the support and loading
conditions, and the desired final volume. As shown in Fig. 12c,
Huang et al. [143] adopted ANN to establish the hidden
relationship between the shape function of extended multi-scale
finite element method and the elementwise material density of a
coarse resolution element, with a problem-independent ML
technique proposed to improve the efficiency of topology
optimization.

3.3 Construction stage

The complex structural forms and harsh service environments of
marine structures present great difficulties during the construction
stage, highlighting the importance of construction safety. ML has
been acknowledged as a robust technique in managing construction
safety [150,151], with its typical applications illustrated in Fig. 13.

3.3.1 Personal protective equipment (PPE) detection

Existing statistics reveal that construction workers without PPE are
three times more likely to suffer injuries compared to counterparts
who wear PPE [155]. Therefore, it is crucial to check whether
workers wear PPE as required to protect their safety. Based on
YOLOV3 algorithm, Nath et al. [152] established DL models to
inspect whether workers wore hard hat and vest, achieving the
mean average precision of 72.3% with the speed of 11 frames per
second. Li et al. [156] further examined the proper and
standardized use of hard hat through DL methods. Considering the
huge noise at the construction site, Bangaru et al. [157] developed a
smart system that could provide timely feedback to correct any
mistake in wearing earplug,

3.3.2  Unsafe behavior identification

Timely detection and prevention of unsafe behaviors among
workers can effectively avoid potential risk accidents on
construction sites. Traditionally, monitoring unsafe behaviors
heavily relies on the human supervision in the past, exhibiting
several limitations like time-consuming, labor-intensive and
subjectivity-strong. Recently, computer vision techniques have
emerged as effective tools for identifying unsafe behaviors. Ding et
al. [158] developed a hybrid DL model to detect unsafe behaviors,
where a CNN model was adopted to extract visual features from
videos, and an LSTM model was employed to analysis such features
for unsafe behavior recognition. The developed model achieved
excellent detection accuracy, with accuracy being 97% for safe
behaviors and 92% for unsafe behaviors. Similarly, based on a
transformer-based model developed by Yang et al. [159], both
spatial and temporal features were extracted from videos for
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identifying unsafe behaviors. As shown in Fig. 13c, Fang et al. [154]
inspected unsafe behaviors based on fused image features, which
were extracted through DL, color, texture, and shaped-based
methods.

3.3.3 Physiological status monitoring

Construction workers typically engage in physically demanding
tasks and are exposed to harsh environments, which can cause poor
physiological status such as fatigue, stress, etc., thereby leading to
the reduction in productivity and increment in risk. To address
such issues, some researchers have adopted advanced ML methods
to monitor physiological status of workers by analyzing signals
from wearable sensors [160]. For example, Aryal et al. [161]
employed various ML algorithms to evaluate physical fatigue of
workers, where several monitoring signals were compared
including the heart rate, skin temperature, and electrical activity of
brain. Results indicate that the boosted tree classifiers can accurately
evaluate fatigue in workers, with best accuracy achieving 82% for
combing both heart rate and temperature signals. Similarly, Anwer
et al. [162] selected heart rate variability as a monitoring signal,
achieving the highest accuracy of 93.5% through RF model.
Considering that construction workers are frequently exposed to
high temperature, Ojha et al. [153] developed a monitoring
framework for worker-centered heat strain collected by wearable
biosensors, effectively reducing the risk of heat stress.

3.4 Maintenance stage

The scientific maintenance of marine structures is crucial for
preventing catastrophic accidents and ensuring safe service.
However, manual visual inspection remains the mainstream
methods for evaluating structural status, exhibiting huge limitations
like time-consuming, subjective, and dangerous. As illustrated in
Fig. 1, many scholars have turned to cutting-edge computer vision
technologies to achieve intelligent and robust maintenance, with
their applications reviewed herein.

3.4.1 Crack detection

Owing to the inherent properties of concrete materials, most
concrete structures inevitably develop cracks during their service
life, which imposes adverse effects on their performances.
Therefore, the regular crack detection is one of the essential
measures to ensure the safe service of such structures. According to
the detection approaches and levels, DL-based crack detection can
be mainly categorized into the image-based classification, region-
based detection, and pixel-based segmentation, with their typical
examples showcased in Fig. 14.

Image-based classification aims to determine the presence of
cracks within an image, where the image containing cracks is
classified as positive, otherwise as negative. This method has been
widely employed for detecting cracks in complete images.
Gopalakrishnan et al. [163] adopted the VGG16 model combined
with transfer learning technology to detect crack in road images,
with the classification accuracy achieving 90%. Based on the CNN
model, Xu et al. [164] proposed an end-to-end crack detection
method using atrous spatial pyramid pooling modules and atrous
convolution, attaining an accuracy of 96.37% without pre-training.
More recently, Rashid et al. [165] found that CNN could detect
cracks in structures even using low-resolution images, achieving the
comparable accuracy between low-resolution images with 5 x 5
pixel and high-resolution ones with 50 x 50 pixel. Apart from the
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Figure 14 Visualization results of three crack detection methods. (a) Image-based classification: Image level (al) and patch level (a2). (b) Region-based detection. (c) Pixel-

based segmentation.

classification of crack images, research has also focused on
quantifying crack details such as length, width, and direction [166].

Some researchers cut the complete images into multiple smaller
images for patch-level classification. For example, Cha et al. [167]
trained CNN models on 40,000 images, and then scanned a large
image using the sliding window technique to localize cracks on
structural surfaces. Han et al. [168] proposed a hybrid method
based on CNN and image processing technique to detect cracks in
concrete structures, achieving 98.26% accuracy. In order to enhance
the detection accuracy of sliding window method, a probability
map was developed using a softmax layer, and a parametric study
was carried out to determine the optimal threshold [169].
Compared with the image-level classification, the patch-level
classification can provide the approximate location information of
cracks, while its computational efficiency is relatively low, and
prediction results needs to be further refined.

Precise location information of target cracks is crucial for
evaluating their hazard levels. Object detection algorithms can
simultaneously classify and localize cracks, and several region-based
detection models are developed using R-CNN, SSD, and YOLO
series algorithms. For example, Cha et al. [170] proposed a Faster R-
CNN method for inspecting structural defects, achieving real-time
detection for five types of defects including concrete cracks. Jiang et
al. [171] proposed a DL-based method for efficiently detecting and
classifying concrete damages, where the object detection algorithm
was optimized through various techniques such as the depthwise
separable convolution, inverse ResNet and linear bottleneck
structure. Compared with the original YOLO and SSD algorithms,
the detection accuracy of their model was improved by 3.25% and
4.04%, respectively, while the detection speed also enhanced. To
enable convenient detection, Maeda et al. [172] integrated a deep
CNN model into smartphone, achieving high-precision
identification for eight types of pavement damages.

Despite the improved efficiency, region-based detection methods
fail to provide detailed information such as the specific shape and
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trajectory of cracks within the generated bounding boxes,
potentially hampering the evaluation of crack hazards and the
formulation of maintenance decisions. To address these challenges
and provide more detailed insights into the crack morphology,
recent research has primarily focused on the pixel-level
segmentation, with encoder-decoder models being the most
popular methods. Specifically, Yang et al. [173] implemented an
FCN model to achieve pixel-wise crack detection, and the predicted
cracks were represented by single-pixel width skeletons to obtain
their quantitative information such as length, width, and topology.
Based on the FCN, Li et al. [174] developed a crack segmentation
model using transfer learning technique, with pixel accuracy and
mean pixel accuracy being 98.61% and 91.59%, respectively. Ge et
al. [175] applied parameter-efficient fine-tuning technologies to
introduce the segment anything model (SAM) into crack
segmentation, and proposed CrackSAM showed excellent
performance on different scenes and materials. More recently, Lu et
al. [176] developed an integrated detection method for microscopic
cracks in concrete dams, where the YOLO-DEW was combined
with UNet model. However, DL methods typically rely on a large
number of training images, while obtaining such extensive data and
labeling them are both time-consuming and resource-intensive. To
address this issue, Tabernik et al. [177] developed a two-stage DL
architecture for crack segmentation, achieving excellent
performance with only 25-30 training images. Zhang et al. [178]
proposed a self-supervised network architecture based on GAN,
which can be effectively trained even without real labeled images.

3.4.2 Corrosion detection

The image holds abundant information, offering diverse
perspectives on the features of described object. For instance, colors
and textures of corroded steels can illustrate the corrosion degree,
while spatial relationships of features provide the location
information. Although certain features in the image are readily
perceived by the human vision, a significant amount of which
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remains undetectable without advanced techniques, thereby
promoting the application of ML and DL methods. Considering
that corroded steels exhibit distinctive color differences compared
to uncorroded ones, the color thus becomes a key feature for ML-
based detection models. Lee et al. [179] developed a novel method
to detect rust defects in steel bridges, where the mean in red
channel, the difference in green channel, and the difference in blue
channel were selected as input features for multivariate statistical
analysis. Liao et al. [180] adopted the hue percentage combined
with the coefficient of variation of gray levels to categorize images
into three groups, implementing K-means and double-center-
double-radius methods to detect corroded areas in each group. For
non-uniformly illuminated images, Chen et al. [181] found that
a*b* was the best color configuration for rust detection by
comparing fourteen color spaces. Apart from the color feature,
Hoang et al. [182] employed 78 features for SVM-based corrosion
detection model, including statistical properties of colors, gray-level
co-occurrence matrix, and gray-level run length. Shen et al. [183]
employed color and texture features for rust detection, utilizing
Fourier transform combined with color image processing
techniques. Similarly, both features were also utilized as input for
ANN model to effectively detect corrosion in steel structures [184].
Although ML-based methods can improve the detection
accuracy and efficiency, their performances highly depend on the
selected features. High-quality features typically require domain
knowledges, technical experiences, and comparative experiments,
consuming a significant amount of time and resources. However,
DL-based algorithms can automatically extract suitable features
from images, effectively avoiding manual feature selection and
streamlining the model development. Similar to the crack detection
reviewed in Section 3.4.1, DL-based corrosion detection can also be
categorized into three main levels. For image-based level, Atha et al.
[185] adopted various CNN models to achieve corrosion detection,
comparing the influences of color spaces, sliding window sizes, and
model architectures on the classification performances. Based on
more than 140,000 pipeline images with different corrosion degrees,
Bastian et al. [186] designed a customized CNN model with very
few trainable parameters, achieving the classification accuracy of
98.8%. Forkan et al. [187] developed a corrosion detection
framework composed of two DL models, where one identified

targeted structures from the background and the other detected
specific corrosion regions within such structures. Based on the
sliding window algorithm, Yao et al. [188] applied the AlexNet
while Papamarkou et al. [189] utilized the ResNet to detect
corrosion regions. To further improve the detection accuracy,
Zhang et al. [190] embedded the attention mechanism block into
the deep ResNet. As mentioned above, such approaches fail to
precisely localize corrosion, missing detailed information of
corroded regions such as dimensions and shapes, which potentially
hinders the accurate diagnosis and targeted maintenance of
structures. Some researchers have attempted to employ object
detection algorithms for region-based detection.

Based on the YOLOV5s algorithm, Jia et al. [191] developed an
automated model to detect corrosion in facilities through bounding
boxes, with the precision and recall achieving 90.2% and 90.8%,
respectively. Yu et al. [192] proposed an improved YOLOV5 model
to identify corroded metals in coastal regions, achieving 4%
improvement over the original YOLOV5 model. Wang et al. [193]
employed YOLOV?7 to localize corroded carbon steels, where the
convolution block attention module was introduced to enhance
localization performance. Similarly, YOLOV?7 was also utilized for
localizing bridge corrosion, considering the impact of training
database quality [194]. Li et al. [195] employed GAN to augment
the database by generating images, and then established the
corrosion detection model for steel bridge bolts, with precision and
recall being 93.50% and 94.90%, respectively.

Compared with the object detection algorithms, semantic
segmentation methods can offer pixel-level localization of corrosion
rather than bounding boxes, providing more detailed data supports
for structural maintenance. Based on the UNet algorithm and data
projection scheme, Katsamenis et al. [196] proposed three-layered
simultaneous precise localization and classification architecture
employing a UNet model (SPLAC UNet) to localize corrosion and
evaluate its grade, with the overall architecture illustrated in Fig.
15a. Compared with the traditional UNet model, their model
achieves an error reduction of 14.58% in F, score and 13.54% in
intersection over union (IoU). Nash et al. [198] developed a DL
model to perform pixel-level localization of corrosion, and three
Bayesian variants were employed to provide useful confidence levels
for each pixel. Xu et al. [197] employed multiple ensemble CNN
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Table5 Comparison of corrosion evaluation methods in existing references

Reference Application

Corrosion grade Evaluation criterion

Wang et al. [201], 2018 Steel structure

Xu et al. [197], 2020 Steel structure

Sanchez et al. [202], 2020 M4140 steel
Rahman et al. [203], 2021 Facility
Bianchi et al. [204], 2022 Steel bridge

Katsamenis et al. [196], 2022 Metal structure

Jia et al. [191], 2023 Public facility
Wang et al. [193], 2024 Q235 steel
Guo et al. [205], 2024 Steel bridge
Lietal. [195], 2024 Steel bridge bolt

— Overall corrosion ratio
Rust ratio and rust color
Corrosion time
Grayscale value
BIRM guidelines

ISO 8501-1

Color, texture, and other
features of metal

W o R W W e

w

Corrosion time
4 BIRM guidelines
3 USA, Japan, and ISO standards

Note: ISO, International Organization for Standardization.

models to localize corrosion in steel structures, with model
structure shown in Fig. 15b. Results reveal that the ensemble model
outperforms corresponding single model, and the learning method
is more effective than voting method in integrating predictions of
base models. Based on cycle GAN, Munawar et al. [199] established
an end-to-end corrosion detector for civil infrastructures.
Furthermore, CNN was also applied in combined vision and
thermographic images to localize corrosion in steel bridges [200].

3.4.3 Corrosion degree evaluation

Comparatively, research on the corrosion degree evaluation
remains relatively limited, with details summarized in Table 5. It is
observed that the corrosion grades are generally categorized into
three or four levels, according to the macroscopic and microscopic
indicators such as the proportion of corroded areas, corrosion time,
color, texture, etc. Based on the grayscale values of images, Rahman
et al. [203] classified corrosion degrees of facilities into three levels.
Bianchi et al. [204] established a four-grade assessment criterion
following Bridge Inspector’s Reference Manual (BIRM) guidelines,
with both DeepLabV3 and DeepLabV3+ adopted for evaluating
corrosion status of steel bridges. The F; score and Jaccard index
were 88.57% and 83.17% for the optimized DeepLabV3+ model
using spectrum loss, respectively. Xu et al. [197] employed
ensemble CNN models while Jia et al. [191] adopted YOLOV5s to
quantitatively evaluated corrosion degrees.

4 Further research directions and challenges

A comprehensive review is conducted in this paper for the
application of various ML algorithms in marine structures in terms
of design, construction, and maintenance stages, highlighting the
potential of ML in this field. Based on the above review, research
directions and challenges in the future are summarized and
discussed.

4.1 Establishment of comprehensive databases

Depending on the architecture, each ML algorithm demands
different quantity of training data to achieve excellent performance.
Compared with ML algorithms, DL approaches like CNN typically
requires larger databases due to their vast number of trainable
parameters. Training model with limited data tends to result in
overfitting or underfitting, leading to poor generalization and
unreliable predictions [132,204]. Moreover, the data diversity is also
crucial to ensure the model generalization, and the training data
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should encompass all scopes of potential application scenarios since
ML is an excellent learner rather than an extrapolator. As a result,
large-scale and high-quality databases are the foundation for
effectively applying ML in marine engineering. Unfortunately,
acquiring and labelling data generally require resource-consuming
experiments or computation-demanding simulations, and the data
scarcity is a prolonged challenge in the marine engineering domain.
Building a cloud platform to share data is a promising direction for
future development, and the performance of ML model can be
expected to be further improved. AL methods can serve as valuable
tools for researchers to develop targeted data generation plans, and
data augmentation techniques, such as generative algorithms, image
augmentation methods, etc., can be employed to further enrich the
database.

4.2 Determination of appropriate ML algorithm with
optimal hyperparameters

Determining the most appropriate ML algorithm for a given issue is
both challenging and complicating, which requires comprehensive
consideration of multiple factors such as the issue nature, data
characteristics, computational efficiency, etc. Despite numerous
comparative and benchmark studies that have been conducted in
existing literatures to identify suitable algorithms for different
topics, a unified selection criterion remains limited, and some
findings are somewhat inconsistent. Further research is needed to
reasonably select an appropriate algorithm tailored to the certain
problem. Hyperparameter optimization is another essential process
to achieve the excellent model performance, with several techniques
developed like the grid search, Bayesian optimization, particle
swarm optimization, etc. However, these methods generally depend
on the prediction accuracy and ignore the structural mechanisms
underlying the prediction problems [63]. How to reasonably
consider the domain-specific principles during hyperparameter
optimization is an issue to be addressed, thereby ensuring reliable
and robust predictions.

4.3 Interpretation of ML models

The interpretability of ML models is as crucial as their accuracy,
especially in safety-critical applications such as the decision-making
for marine structures. Clarifying the basis of model predictions is
fundamental to ensuring that they reasonably reflect the mechanical
principles. Furthermore, interpretability builds trust in ML models,
facilitating their integration into decision-making processes.
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However, ML models, especially DL models with complex
architectures, impose huge challenges to clarify underlying
mechanisms behind the model, which hinders the direct
application of ML models in marine structures. Although emerging
techniques such as feature importance analysis, Shapley additive
explanations, and local interpretable model-agnostic explanations
can provide valuable insights into the factors influencing model
decisions, further research is also needed to focus on developing
interpretable and transparent algorithms to make reliable
predictions. By bridging the gap between data-driven model and
existing engineering principles, ML methods are able to make
robust and informed decision-making.

44 Implementation of ML models in practice

The ultimate goal of developing ML models is their applications in
practical engineering. However, most models developed in
literature remains at the theoretical research stage, which have only
been attempted as tools to solve certain engineering problems
within limited scenarios. Successful implementation in practice
requires collaboration between ML experts and structural engineers
to bridge the gap between theory and practice, ensuring that ML
solutions are both accurate and reliable in real-world settings. The
deployment of ML models in practical scenarios encounters
substantial challenges regarding variable conditions, limited
computational resources, high reliability requirements, etc., which
presents further research directions. To accelerate the
implementation of ML models in practice, constructing a
collaborative platform that facilitates close cooperation between
experts from different disciplines is a promising alternative.

5 Conclusion

ML has become a promising technique applied in marine
structures, offering a potential alternative to traditional analysis and
simulation techniques. This paper provides an in-depth review of
existing ML algorithms along with their associated development
platforms, and their widespread applications in marine structures
across the design, construction, and maintenance stages. An
innovative framework is proposed for combining data-driven ML
algorithms with mechanical principles in terms of input parameter
selection, database subdivision, and hyperparameter determination,
which facilitates addressing a major limitation of unclear structural
mechanisms in ML models. In addition, the challenges and further
research directions are also emphasized and discussed, among
which the importance of data quantity, diversity, and accessibility is
emphasized due to complex marine conditions. Given that safety-
critical applications require models to provide clear and reliable
insights, the interpretability of ML model is also highlighted. It is
anticipated that this paper can assist structural engineers and
scholars without ML backgrounds in developing their own ML
models for practical applications.
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