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Ship structural health monitoring (SHM) systems are essential for ensuring operational safety. 
Monitoring stress distribution is a critical function of such systems. Analysis of stress data collected 
by pressure sensors can enhance understanding of SHM performance and facilitate the prevention 
of structural failures. In this study, we propose a machine learning–based computational method to 
analyze the stress distribution of a crane ship. The method first employed extreme gradient boosting 
(XGBoost) to evaluate relationships among stress data from multiple pressure sensors, and then used 
multilayer perceptron (MLP) to construct regression models. For each pressure sensor, an optimal 
MLP regression model was established to infer its stress values from those of related sensors. These 
models demonstrated strong fitting performance on both training and independent test datasets. 
Furthermore, the method identified key pressure sensors whose measurements were particularly 
important for recovering stresses at most monitoring points. These findings improve interpretability of 
the method and provide insights into the mechanisms of the monitoring system. The robustness and 
rationality of the approach were further examined through ablation tests, confirming its effectiveness 
for ship SHM applications.
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Ship structural health monitoring (SHM) systems are of critical importance, particularly for specialized vessels 
such as crane ships. Designing an SHM system that delivers reliable monitoring requires and decisions on 
numerous specifications, including sensor types, quantities, and placements, as well as data transfer, storage, 
and analysis techniques. However, the complexity of hull structures and the variability of marine environments 
present substantial challenges for system topology and data acquisition. The deployment of numerous sensors 
across wide areas can result in issues such as signal transmission delays, data conflicts, and insufficient real-time 
performance. Meanwhile, temperature fluctuations, vibration interference, and systematic errors may distort 
monitoring data, thereby compromising the accuracy of subsequent analyses. A well-functioning SHM system 
mitigates equipment failures and safety risks caused by structural deficiencies, ensuring personal safety, asset 
protection, ecological security, and effective vessel operation. One of the principal functions of an SHM system 
is to monitor stress distribution across the hull, which is achieved by deploying pressure sensors at key structural 
locations. Data from these sensors form the primary input for stress measurement and modeling, inform sensor 
placement strategies, and must be utilized for stress correction. In this study, feature attribution and ablation 
analyses are applied to identify sensors with disproportionately high influence and to quantify performance 
degradation under sensor loss, thereby providing evidence-based guidance for sensor prioritization, maintenance, 
and resilient operation. Stress values detected by pressure sensors are therefore considered essential data for 
analyzing and optimizing SHM systems.

Historically, pressure sensor outputs were displayed on screens, where crew members relied on empirical 
thresholds to assess ship structural health and trigger alarms. Advances in computer science have enabled more 
sophisticated data processing, allowing stress measurements to be exploited for deeper knowledge extraction. 
For example, Mincheul et al. estimated local ice loads from shear forces acting on transverse frames1, and Tak-
Kee et al. employed a finite element model to derive influence coefficients for converting measured hull strains 
into local ice pressures2. In practice, however, the limited number of pressure sensors installed on vessels hinders 
comprehensive stress monitoring. Certain structural locations are also unsuitable for direct sensor deployment, 
leaving stress values at those points unmeasured. Furthermore, SHM systems must incorporate fault tolerance: 
if one pressure sensor fails, the system should recover the corresponding stress values. Stress recovery is closely 
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related to these issues, as it enables reconstruction of full-field stress distributions and inference of stresses 
at unmonitored points. Several approaches have been proposed to address this problem, including modal 
methods3, Ko’s displacement theory4, and inverse finite element methods (iFEM)5–11. Among these, iFEM has 
gained wide application in stress recovery research. For example, Wei et al. developed an iFEM-based framework 
to construct a real-time digital twin of ship hull structures, where measured strains were assimilated online 
to reconstruct the full deformation field, subsequently visualized in a VR environment10. Similarly, Shen et 
al. employed a radial basis function approach to solve the inverse prediction problem and optimized sensor 
placement schemes to support SHM11.

In recent years, artificial intelligence (AI) algorithms, particularly machine learning (ML) and deep learning 
(DL), have opened new avenues for addressing the stress recovery problem. Hassani et al. discussed the use 
of optimization algorithms in SHM and confirmed the role of AI in analyzing the large volumes of data 
generated by monitoring systems12. Karvelis et al. framed ship SHM as a classification problem and employed a 
discrete cosine transform combined with a deep neural network to construct a classification model13. Sun et al. 
developed a data-driven approach to recover the full-field stress distribution in ship hull structures14 and later 
designed an end-to-end DL method for reconstructing full-field stress distributions15. Although these methods 
achieved strong performance, they did not identify the key factors underlying stress recovery. Such approaches 
are useful tools for reconstructing stress distributions but provide limited guidance for solving essential SHM 
problems, including optimal pressure sensor deployment and identification of the most critical monitoring 
points. This limitation reduces their capacity to advance fundamental understanding in ship engineering and 
support its development. Similar issues are evident in other SHM contexts, such as the connector structures of 
offshore platforms16 and the Shenzhen Bay stadium17. Current research tends to emphasize developing powerful 
computational techniques rather than uncovering the essence of the problem. ML and DL algorithms are highly 
effective in prediction and regression tasks across diverse fields, largely due to their ability to analyze large-scale 
datasets and extract meaningful patterns. However, these algorithms cannot address all challenges. Most ML and 
DL models operate as black boxes, relying on complex iterative processes that limit interpretability and obscure 
the essential information underlying a problem. Designing efficient computational methods based on ML and 
DL is valuable, but uncovering the mechanisms behind the problem with the aid of these algorithms is equally 
important, particularly in fields where theoretical development is critical. For stress recovery, ML and DL can 
serve as excellent tools, but extracting the underlying principles of the problem is essential for guiding the design 
of more powerful and resilient SHM systems. Few studies, however, have addressed this aspect.

In this study, we propose an ML-based computational approach to analyze stress distribution in ships. The 
contributions are twofold. First, we constructed optimal regression models to infer stress at monitoring points 
using ML algorithms. This contribution is comparable to those reported in previous ML- and DL-based studies. 
Second, we extracted key monitoring points for the entire system by analyzing the components of the optimal 
regression models, thereby enhancing the interpretability of the method. To our knowledge, this aspect has 
received little attention in prior research. Stress data were collected from a crane ship to build one training dataset 
and one independent test dataset. In the training dataset, stress values measured by a given pressure sensor were 
treated as the target, while stress values from other sensors served as explanatory variables. We adopted extreme 
gradient boosting (XGBoost)18, a powerful feature selection algorithm, to evaluate the relationships between 
targets and variables and to generate feature rankings. Incremental feature selection (IFS)19, incorporating a 
multilayer perceptron (MLP) as the regression algorithm, was then applied to the ranked features. An optimal 
regression model was constructed for each pressure sensor, enabling inference of its stress values based on 
readings from related sensors. These models achieved high performance on both training and independent test 
datasets. Moreover, we identified the key pressure sensors in the monitoring system, offering new insights into 
the mechanisms underlying stress distributions measured by SHM systems.

Materials and methods
In this study, we designed a ML-based method for analyzing stress values on a crane ship. The objectives were 
twofold: (1) to construct a regression model for each pressure sensor to infer its stress values, and (2) to identify 
the essential pressure sensors of the ship SHM system. The overall workflow is illustrated in Fig. 1 and comprises 
four stages. In the first stage, stress data were collected from a crane ship, and preprocessing was performed to 
construct two well-defined datasets: a training dataset and an independent test dataset. In the second stage, 
each pressure sensor was treated in turn as a target feature, while the remaining sensors served as explanatory 
variables. For each target feature, an optimal regression model was built from these variables. XGBoost was 
adopted to evaluate the relationships between the target feature and the variables, yielding a ranked feature list 
that ordered variables by decreasing importance. In the third stage, each feature list was analyzed using IFS, with 
MLP regression models constructed and evaluated across all possible feature subsets. This process produced 
the optimal regression model and optimal feature subset for each target. Finally, in the fourth stage, the optimal 
models were further analyzed to extract feasible models for each target. Intersection analysis of the key features 
from these feasible models enabled the identification of essential features (pressure sensors) that are most critical 
for monitoring stress in the crane ship. Detailed descriptions of each step are provided below.

Dataset and problem description
Stress data were retrieved from a 1600-ton crane ship, “Zhongtian 9” (Fig. 2). The vessel is equipped with 27 
identical pressure sensors, deployed in four monitoring areas. Specifically, four sensors were installed beneath 
the main deck, while 23 were installed at the ship bottom—five at midship and nine each at the port and starboard 
sides. The distribution and identifiers of these sensors are summarized in Table 1.

Stress values were collected on March 3, 2023, yielding 65,535 data records that included monitoring time, 
sensor identifier, and stress value. These records were first grouped by sensor. Each sensor captured 2,427 or 
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2,428 values at different time points. Because stress values recorded by a sensor within a short interval were 
highly similar, homogenization could occur if all values were retained. To mitigate this, a sampling interval of 
five minutes was adopted. Accordingly, each sensor contributed 53 stress values at different time points. The 
selected values from all 27 sensors were arranged into a 53 × 27 matrix, denoted by M . Each row of M  
indicated the stress values of 27 sensors at one monitoring time, whereas each column corresponded to stress 
values detected by a single sensor across 53 time points.

In this formulation, each row of M  was treated as a sample and each column as a feature. The system 
therefore consisted of 53 samples, s1, s2, · · · , s53, each described by 27 features, F1, F2, · · · , F27. The aim 

Fig. 2.  Picture of the crane ship “Zhongtian 9”.

 

Fig. 1.  Flowchart to show the computational method. The method contains four stages. In the first stage, 
stress value data is collected from a crane ship, which is preprocessed to generate one training dataset and one 
independent test dataset. In the second stage, XGBoost is adopted to yield 27 feature lists. The incremental 
feature selection method is used in the third stage for analyzing the feature lists, yielding the optimal models 
and features. In the last stage, we further extract the feasible models for different target features and analyze the 
key features of these models to extract essential features and corresponding pressure sensors.
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was to model the relationships among features by constructing a regression model for each feature using the 
others as explanatory variables. For each feature Fk , a regression model RMk  was defined by the following 
optimization problem:

	 Min ||Fk − F̂k||

	 subject to F̂k = RMk(F1, F2, · · · , Fk−1, Fk+1 · · · , F27)� (1)

where F̂k  denotes the predicted value of Fk  and the norm ||Fk − F̂k|| measures the discrepancy between 
observed and predicted values. These models were trained on the dataset M , which was designated as the 
training dataset.

To fully evaluate the regression models, an independent test dataset was constructed. Twelve monitoring 
time points not included in the training dataset were randomly selected from the original 65,535 records. The 
stress values of the 27 sensors at these time points formed the independent test dataset, organized into another 
matrix denoted as M ′.

Extreme gradient boosting
In this study, we adopted XGBoost to assess relationships among features (pressure sensors). XGBoost is a classic 
and robust feature selection algorithm18 with broad applications in analyzing complex systems20–27.

XGBoost was originally designed for classification and regression tasks. It is based on a gradient boosting 
framework that enhances predictive performance by integrating multiple decision trees. Compared with 
traditional methods, XGBoost incorporates regularization, parallel computing, and automatic handling of 
missing values, thereby improving efficiency and reducing overfitting. It is particularly effective for large-scale, 
high-dimensional data. As a tree ensemble method, XGBoost builds additive functions in which the outputs of 
successive trees are aggregated until a predefined number of trees is reached. Suppose that there are K decision 
trees. The prediction of XGBoost is defined as:

	
ŷi =

∑ K

k=1
fk (xi)� (2)

where fk (xi) is the output of the k-th decision tree for input xi, which is the weight of one leaf in this tree. The 
loss function to optimize the ensemble is:

	
L =

∑
il (yi, ŷi) +

∑
K
k=1Ω (fk)� (3)

where l (yi, ŷi) is a differentiable convex loss function between prediction ŷi and target yi. The regularization 
term is defined as Ω (fk) = γ T + 1

2 λ ||w||2 ( T  stands for the number of leaves in the k-th tree and w 
represents the weights of the leaves. The first term of the loss function measures prediction error, whereas the 
second controls model complexity to avoid overfitting.

XGBoost is built by iteratively adding a decision tree to the current ensemble tree model. Suppose the current 
ensemble tree model contains t–1 trees. To construct the t-th tree, XGBoost determines the weights of leaves of 
the new tree by solving the following optimization problem:

	
Min L(t) =

∑n

i=1
l
(
yi, ŷi(t−1) + ft (xi)

)
+ Ω(ft)� (4)

where ŷi(t−1)  denotes the prediction of the ensemble before adding the t-th tree, and ft is the output of the 
candidate new tree. The tree is built by repeatedly selecting the optimal splitting features and thresholds. Once 
constructed, the tree is added to the ensemble. This process repeats until the predefined number of trees is 
reached. Figure 3 illustrates this procedure.

Beyond its predictive capabilities, XGBoost can also be used for feature selection. Because XGBoost builds 
an ensemble of decision trees, the importance of a feature can be quantified by how frequently it is chosen to 
split nodes across all trees. Features that appear more frequently are considered more influential. Thus, XGBoost 
provides a ranked feature list based on feature importance.

In this study, XGBoost was employed for feature selection. Each of the 27 features was treated in turn as 
the target, with the remaining 26 provided as explanatory variables. This process produced a feature list for 
each target, in which the 26 variables were ranked by their relevance to the target feature. Since the 27 features 
correspond to stress values measured by 27 pressure sensors, this procedure enabled extraction of inter-sensor 

Monitoring area Number of sensors Identifier

Main deck 4 MD1, MD2, MD3, MD4

Ship bottom (midship) 5 BM1, BM2, BM3, BM4, BM5

Ship bottom (port) 9 BP1, BP2, BP3, BP4, BP5, BP6, BP7, BP8, BP9

Ship bottom (starboard) 9 BS1, BS2, BS3, BS4, BS5, BS6, BS7, BS8, BS9

Table 1.  Distribution of pressure sensors.
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relationships, forming the basis for inferring stress values at one monitoring point from those at others. For 
a given feature Fi, the feature list generated by XGBoost was denoted as F Li. The XGBoost package was 
obtained from https://xgboost.readthedocs.io/en/stable/ and executed using default parameters.

Incremental feature selection
XGBoost provides a ranking of feature importance but does not specify which features should be selected for 
modeling or analysis. To address this, we employed IFS19 to refine the feature lists. Suppose the feature list 
for target feature Fi is F Li = [ci

1, ci
2, · · · , ci

m], where m is the number of explanatory features ( m = 26 in 
this study). IFS constructs a series of feature subsets, each containing the top features in the ranked list. The 
j-th feature subset is defined as F Sj = {ci

1, ci
2, · · · , ci

j}. For each subset, the samples are represented by the 
selected features, and a regression model is built using these features to predict the target. Model performance 
is evaluated using a metric such as the root mean square error (RMSE). The model with the best performance is 
selected as the optimal model, and the features in this model are designated as optimal features. These features 
are considered to have particularly strong relationships with the target, as they enable the most accurate inference 
of its values.

Multilayer perceptron
Within the IFS procedure, a regression model must be constructed for each feature subset. In this study, we 
employed a MLP to build regression models, as relationships among stress values from different pressure sensors 
may be nonlinear, and MLPs can capture such nonlinearities.

An MLP is a feedforward neural network composed of an input layer, one or more hidden layers, and an output 
layer. Information is transmitted between nodes through weighted connections, with nonlinear transformations 
introduced by activation functions. For an input vector x(0), the transformation through the j-th hidden layer is:

	 x(j) = σ (W (j)x(j−1) + b(j))� (5)

where x(j) is the output of the j-th hidden layer, W (j) and b(j) are the trainable weight matrix and bias in the 
j-th hidden layer, and σ  is an activation function. If there are l hidden layers, the output layer processes the x(l) 
using the following equation:

	 ŷ = W ′ x(l) + b′ � (6)

where ŷ is the output of the MLP, W ′  and b′  are the trainable weight matrix and bias in the output layer. To 
quantify regression performance, we adopted the widely used loss function for regression, RMSE loss, defined as:

	
LRMSE =

√
1
n

∑
n
i=1(yi − ŷi)2� (7)

where n is the number of samples, yi and ŷi are the observed and predicted values of the i-th sample, 
respectively. The RMSE loss reflects the degree of deviation between observed and predicted values. In this study, 
yi corresponds to the stress measured by a target pressure sensor, and ŷi to the predicted stress value. A smaller 

Fig. 3.  Flowchart to show the addition of a new decision tree to the current ensemble tree model in XGBoost. 
The weights of leaves in the new decision tree are determined by solving an optimization problem. Then, the 
new decision tree is constructed by repeatedly selecting optimal feature for splitting and optimal splitting 
threshold.
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RMSE indicates better performance. Using this loss can help the MLP to extract optimal trainable parameters 
through the back propagation, which were implemented by Adam optimizer28.

We implemented an MLP with three hidden layers containing 64, 32, and 16 neurons, respectively. These 
configurations were selected after testing several alternatives and optimizing through grid search. ReLU was 
used as the activation function in all hidden layers.

Model performance
Multiple metrics were used to evaluate regression models. While RMSE (Eq. 7) served as the primary evaluation 
metric, we also employed mean absolute error (MAE) and the coefficient of determination R2 for a more 
comprehensive assessment:

	
MAE = 1

n

∑ n

i=1
|yi − ŷi|� (8)

	

R2 = 1 −
∑ n

i=1(yi − ŷi)2

∑ n

i=1(yi−
−
y)

2 � (9)

where n, yi, and ŷi are same as those in Eq. 7, and 
−
y  is the mean of the observed values. RMSE and MAE 

measure error magnitude, with smaller values indicating better performance. R2 reflects the proportion of 
variance explained by the model, with values closer to 1 indicating stronger predictive capability.

Results and discussion
Results of XGBoost
As illustrated in Fig. 1, XGBoost was first applied to analyze the relationships among features (pressure sensors). 
Using the training dataset organized in matrix M , each feature (one column in M ) was treated sequentially as 
the target, while the remaining features served as explanatory variables. XGBoost was then applied to produce a 
ranked feature list for each target. Because the dataset contained 27 features in M , 27 feature lists were obtained 
and are provided in Table S1. In this table, each column corresponds to a feature list for one target feature, 
identified by the pressure sensor label. For example, the first column (excluding the “Rank” header) represents 
the feature list generated when BM1 was the target. In this case, the stress values from BP7 showed the closest 
relationship with BM1, as BP7 occupied the highest rank. MD1 and BP6 followed as the second- and third-
ranked related features, respectively. These feature lists served as the basis for subsequent analyses using the IFS 
method.

Results of the IFS method
The IFS method was applied to each feature list. For every target, 26 MLP regression models were constructed 
using progressively larger subsets of top-ranked features. Their RMSE values are provided in Table S2. To 
facilitate interpretation, IFS curves were plotted for each target, with RMSE on the y-axis and the number of 
features used on the x-axis (Fig. 4).

For sensors located under the main deck, the IFS curves are shown in Fig. 4(A). The lowest RMSE values 
for MD1, MD2, MD3, and MD4 were 0.219, 0.358, 0.315, and 0.356, respectively. These results were achieved 
using 25, 19, 14, and 14 features. The corresponding feature subsets were selected as the optimal features, and 
the regression models built from them were designated as the optimal models. Table 2 lists the MAE and R2 
values for these models, all of which exhibited MAE < 0.25 and R2 values approaching 1, confirming their strong 
predictive performance.

For the five midship sensors located at the ship bottom, the IFS curves are shown in Fig. 4(B). The lowest 
RMSE values for BM1, BM2, BM3, BM4, and BM5 were 0.449, 0.257, 0.286, 0.245, and 0.439, respectively, 
obtained using 15, 25, 6, 22, and 23 features. These models likewise demonstrated low MAE and high R2 values 
(Table 2), further validating their robustness.

For the nine portside bottom sensors, the IFS curves are shown in Fig. 4(C). The optimal models required 
19, 7, 26, 17, 18, 8, 23, 6, and 20 features, yielding RMSE values of 0.347, 0.280, 0.659, 1.395, 0.289, 0.264, 
0.480, 0.288, and 0.320, respectively. Except for BP4, which showed an RMSE above 1.0, all models achieved 
RMSE values below 0.7, indicating reliable performance. MAE and R2 values (Table 2) further confirmed the 
effectiveness of these models.

Finally, for the nine starboard bottom sensors, the IFS curves are presented in Fig. 4(D). The optimal models 
used 10, 24, 8, 13, 18, 7, 23, 14, and 22 features, and yielded RMSE values of 0.289, 0.270, 0.251, 0.198, 0.210, 
0.219, 0.327, 0.250, and 0.287, all below 0.4. This consistently demonstrates high performance, which was 
corroborated by MAE and R2 values in Table 2.

In total, 27 optimal MLP regression models were obtained. The mean RMSE, MAE, and R2 values across all 
models were 0.354, 0.239, and 0.993, respectively (Table 2), highlighting the strong overall fitting ability of the 
models. Each optimal model enables inference of stress values at a specific monitoring point based on stress 
values recorded by a subset of highly related sensors.

Performance of the optimal models on the independent test dataset
As described in section "Dataset and problem description", an independent test dataset was constructed and 
organized in matrix M ′. This dataset was used to evaluate the generalization performance of the optimal models 
obtained in section "Results of the IFS method". The results, expressed as RMSE, MAE, and R2, are summarized 
in Table  3. Overall, RMSE values increased for all 27 pressure sensors. Four sensors (BP1, BP7, MD4, and 
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BM5) showed increases greater than one, with BP1 exhibiting the largest increase (8.784). For the remaining 
23 sensors, the increase was below one. The average RMSE was 1.107, representing a 0.753 increase compared 
with the training dataset. Similar trends were observed for MAE. On three sensors (BP1, BP7, and BM5), MAE 
increased by more than one, while on the other 24 sensors, the increase was below one. The average MAE was 
0.718, 0.479 higher than in the training dataset. For R2, values on eight sensors remained unchanged relative 
to the training dataset. The largest decrease was observed on BS5, where R2 dropped from 0.980 to 0.559. The 
average R2 was 0.958, which was 0.035 lower than that in the training dataset.

These results indicate that the optimal regression models exhibited reduced performance on the independent 
test dataset. However, the decrease was moderate, and the models still maintained acceptable accuracy, 
demonstrating their generalization capability.

Ablation tests
In the proposed computational method, XGBoost and MLP played central roles: XGBoost was used to assess 
feature importance, and MLP was used to construct regression models. To confirm that these choices were 
reasonable, ablation tests were conducted.

First, we replaced XGBoost with two widely used feature selection algorithms, LightGBM29 and CatBoost30. 
Feature lists generated by these algorithms were processed using the same pipeline as our method, producing 
27 optimal regression models for each case. Their average performance on the training dataset is summarized 
in Table 4, together with the results of our original method for comparison. Using LightGBM yielded average 
RMSE, MAE, and R2 values of 0.407, 0.262, and 0.993, respectively, while CatBoost produced 0.406, 0.261, and 
0.994. Compared with these, our method achieved an RMSE advantage of approximately 0.05 and an MAE 
advantage of about 0.02, while R2 values were similar across all three methods. On the independent test dataset, 
the differences were more pronounced. Models based on LightGBM showed substantially poorer generalization, 
with average RMSE and MAE values of 5.993 and 2.092, respectively, and an average R2 of 0.921. CatBoost 
performed better, with results closer to those of our method, but was still inferior: the average RMSE and MAE 
were approximately 0.6 and 0.2 higher, respectively. These findings indicate that using XGBoost provided better 
overall results than LightGBM or CatBoost, supporting its selection for this study.

Fig. 4.  IFS curves for 27 pressure sensors. (A) IFS curves for four pressure sensors under the main deck; (B) 
IFS curves for five pressure sensors at ship bottom (midship); (C) IFS curves for nine pressure sensors at ship 
bottom (port); (D) IFS curves for nine pressure sensors at ship bottom (starboard). The lowest RMSE and the 
corresponding number of features are marked on each curve.
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Second, we replaced MLP with linear regression and least absolute shrinkage and selection operator (Lasso)31 
as the regression algorithm. The corresponding computational methods were evaluated on both training and 
independent datasets, with results reported in Table 5. Compared with MLP, both linear regression and Lasso 
performed significantly worse. On average, RMSE increased by more than six and MAE by more than three. 
R2 was about 0.05 lower on the training dataset and about 0.1 lower on the independent dataset. These results 
demonstrate that MLP is more suitable for this task than linear regression or Lasso. The latter two algorithms can 
only capture linear relationships, whereas the stress values recorded by pressure sensors at different monitoring 
points are likely governed by nonlinear dependencies. Because MLP incorporates activation functions, it can 
model nonlinear relationships and therefore achieves superior performance.

Intersection analysis
As described in section "Results of the IFS method", 27 optimal MLP regression models were obtained, with 
their performance and numbers of selected features listed in Table 2. Some of these models required nearly all 
available features. For example, the optimal model for BM2 used the top 25 features out of 26, making it difficult 
to isolate the most influential features. To address this, further selection was carried out for the 20 optimal 
models that used more than ten features. By examining the IFS results in Table S2, we constructed 20 feasible 
MLP regression models that used fewer features than the corresponding optimal models, at the cost of only 
slightly higher RMSE values. The RMSE values and the number of selected features for these feasible models 
are listed in Table 6. For example, while the optimal model for BM2 required 25 features, the feasible model 
relied on only 8 features, a reduction of 17. The RMSE increased only modestly, from 0.257 to 0.349 (Δ = 0.092). 
This finding indicates that the 8 selected features were substantially more informative than the remaining 17 for 
predicting BM2 stress values. Similar observations were made for other feasible models. For the seven models 
that initially required ten or fewer features, no changes were made; they were retained as feasible models for 
consistency.

In total, 27 feasible models were obtained. Each model was capable of inferring the stress value at a specific 
monitoring point from a subset of related pressure sensors. At the system level, however, some sensors 
contributed disproportionately, being repeatedly selected across many feasible models. Such sensors should be 
considered essential for the SHM system, as they serve as key predictors of stresses at multiple monitoring 
points. To identify them, we counted the frequency with which each of the 27 pressure sensors appeared in 
feasible models (Fig. 5). The analysis revealed that BP8, BM2, BP3, BS6, and BM4 occupied the top five ranks, 

Target feature (Pressure sensor) Number of variables (Related pressure sensors) RMSE MAE R2

MD1 25 0.219 0.149 0.998

MD2 19 0.358 0.232 0.999

MD3 14 0.315 0.223 0.998

MD4 14 0.356 0.242 0.999

BM1 15 0.449 0.247 0.940

BM2 25 0.257 0.166 0.984

BM3 6 0.286 0.228 0.987

BM4 22 0.245 0.150 0.996

BM5 23 0.439 0.310 0.999

BP1 19 0.347 0.246 0.999

BP2 7 0.280 0.196 0.992

BP3 26 0.659 0.399 0.996

BP4 17 1.395 0.787 0.999

BP5 18 0.289 0.187 0.999

BP6 8 0.264 0.205 0.999

BP7 23 0.480 0.355 0.999

BP8 6 0.288 0.186 0.999

BP9 20 0.320 0.216 0.999

BS1 10 0.289 0.212 0.974

BS2 24 0.270 0.200 0.994

BS3 8 0.251 0.176 0.983

BS4 13 0.198 0.138 0.997

BS5 18 0.210 0.162 0.980

BS6 7 0.219 0.180 0.999

BS7 23 0.327 0.230 0.999

BS8 14 0.250 0.203 0.998

BS9 22 0.287 0.218 0.999

Mean 0.354 0.239 0.993

Table 2.  Performance of the optimal regression model for each target feature (pressure sensor).
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Regression algorithm

Training dataset
Independent test 
dataset

RMSE MAE R² RMSE MAE R²

MLP 0.354 0.239 0.993 1.107 0.718 0.958

Linear regression 6.603 3.713 0.946 8.159 4.831 0.850

Lasso 6.860 3.761 0.941 8.274 4.888 0.851

Table 5.  Average performance of the optimal models on the training and independent test datasets with 
different regression algorithms.

 

Feature selection algorithm

Training dataset
Independent test 
dataset

RMSE MAE R² RMSE MAE R²

XGBoost 0.354 0.239 0.993 1.107 0.718 0.958

LightGBM 0.407 0.262 0.993 5.993 2.092 0.921

CatBoost 0.406 0.261 0.994 1.691 0.955 0.968

Table 4.  Average performance of the optimal models on the training and independent test datasets with 
different feature selection algorithms.

 

Pressure sensor RMSE MAE R2

MD1 0.543 (↑0.324) 0.469 (↑0.320) 0.987 (↓0.011)

MD2 1.015 (↑0.657) 0.721 (↑0.489) 0.997 (↓0.002)

MD3 0.535 (↑0.220) 0.416 (↑0.193) 0.997 (↓0.001)

MD4 1.516 (↑1.160) 1.138 (↑0.896) 0.992 (↓0.007)

BM1 0.612 (↑0.163) 0.430 (↑0.183) 0.862 (↓0.078)

BM2 0.507 (↑0.250) 0.368 (↑0.202) 0.906 (↓0.078)

BM3 0.669 (↑0.383) 0.478 (↑0.250) 0.907 (↓0.080)

BM4 0.512 (↑0.267) 0.422 (↑0.272) 0.983 (↓0.013)

BM5 1.597 (↑1.158) 1.335 (↑1.025) 0.999 (→)

BP1 9.131 (↑8.784) 3.240 (↑2.994) 0.997 (↓0.002)

BP2 0.504 (↑0.224) 0.412 (↑0.216) 0.958 (↓0.034)

BP3 1.174 (↑0.515) 0.875 (↑0.476) 0.988 (↓0.008)

BP4 2.192 (↑0.797) 1.598 (↑0.811) 0.999 (→)

BP5 0.523 (↑0.234) 0.469 (↑0.282) 0.999 (→)

BP6 0.608 (↑0.344) 0.365 (↑0.160) 0.949 (↓0.050)

BP7 2.330 (↑1.850) 1.781 (↑1.426) 0.999 (→)

BP8 0.700 (↑0.412) 0.529 (↑0.343) 0.999 (→)

BP9 1.195 (↑0.875) 0.902 (↑0.686) 0.999 (→)

BS1 0.565 (↑0.276) 0.547(↑0.335) 0.891 (↓0.083)

BS2 0.343 (↑0.073) 0.286 (↑0.086) 0.988 (↓0.006)

BS3 0.496 (↑0.245) 0.413 (↑0.237) 0.937 (↓0.046)

BS4 0.308 (↑0.110) 0.287 (↑0.149) 0.993 (↓0.004)

BS5 0.564 (↑0.354) 0.398 (↑0.236) 0.559 (↓0.421)

BS6 0.356 (↑0.137) 0.292 (↑0.112) 0.997 (↓0.002)

BS7 0.407 (↑0.080) 0.337 (↑0.107) 0.999 (→)

BS8 0.435 (↑0.185) 0.387 (↑0.184) 0.994 (↓0.004)

BS9 0.562 (↑0.275) 0.496 (↑0.278) 0.999 (→)

Mean 1.107 (↑0.753) 0.718 (↑0.479) 0.958 (↓0.035)

Table 3.  Performance of the optimal regression models on the independent test dataset$. $: symbols “↑”, “↓”, 
“→” indicate the increase, decrease, and equal compared with the performance on the training dataset.
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each being used to infer stresses at more than 11 monitoring points. BM2 and BM4, located on the bottom 
centerline (midship), likely owe their importance to their proximity to many other sensors (e.g., those at the port 
bottom). BP8, situated on the port side near L/4, is located in a region of high local stress. BP3 is positioned at the 
termination of a transverse framing member, a well-known site for stress concentration. BS6, located at frame 
60, coincides with the on-bottom operating condition, where the bottom structure rests on seabed sediments 
and stress concentration occurs.

Fig. 5.  Bar chart to show the frequencies of 27 pressures for constructing feasible MLP regression models.

 

Target feature (Pressure sensor) Number of other features (Pressure sensors) RMSE Optimal RMSE Difference

MD1 6 0.278 0.219 0.059

MD2 12 0.908 0.358 0.550

MD3 5 0.515 0.315 0.200

MD4 6 0.616 0.356 0.260

BM1 10 0.577 0.449 0.128

BM2 8 0.349 0.257 0.092

BM4 7 0.409 0.245 0.164

BM5 10 0.583 0.439 0.144

BP1 10 0.468 0.347 0.121

BP3 19 0.785 0.659 0.126

BP4 11 1.943 1.395 0.548

BP5 8 0.754 0.289 0.465

BP7 18 0.783 0.480 0.303

BP9 3 0.444 0.320 0.124

BS2 9 0.327 0.270 0.057

BS4 4 0.213 0.198 0.015

BS5 7 0.228 0.210 0.018

BS7 6 0.367 0.327 0.040

BS8 7 0.259 0.250 0.009

BS9 15 0.327 0.287 0.040

Table 6.  Performance of the feasible regression models for some target features (pressure sensors).
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The locations of these five critical sensors (BP8, BM2, BP3, BS6, and BM4) are illustrated in Fig. 6. Their 
importance can be explained in terms of classic ship structural mechanics. For a longitudinally framed, double-
bottom ship, the normal bending stress in hull plating can generally be expressed as:

	
σ = ± 6M

t2 � (10)

where M  is the bending moment and t is the plate thickness.
According to this relation, larger bending moments M produces a larger stress σ. For rectangular thin plates 

used in hull structures, regardless of aspect ratio, the bending moment and stress attains its maximum at the 
midpoint of the long edge. From the standpoint of global longitudinal strength, the transverse section at the 
midpoint along the long-edge direction may therefore experience the peak stress. Therefore, on plating subjected 
to significant external loads, such as the upper deck and bottom shell, relatively large stresses tend to occur at the 
mid-length on the upper and lower surfaces of structure in way of the centerline, as well as at locations such as 
longitudinal primary members and structural discontinuities.

In addition, when the hull is in still water or waves, local hydrostatic and hydrodynamic pressures introduce 
transverse loads that may cause local deformation or even failure. Under China Classification Society (CCS) 
Rules, high local stresses are typically expected near one-quarter of the ship length from the bow and stern ( L/4 
from amidship).

BM2 and BM4, located on the centerline at mid-length ( L/2) and L/4, respectively, are therefore prone 
to elevated stresses and were reinforced by the higher density of nearby sensors. BP8, positioned on the port 
side near L/4, is also in a region of substantial local stress. BP3 is located at the termination of a transverse 
framing member, a typical stress concentration site. BS6, located at frame 60, aligns with the stress concentration 
region during on-bottom operations, where the bottom structure rests on seabed sediments. Finally, due to the 
longitudinal symmetry of the hull, stresses at port or starboard locations can often be inferred from symmetric 
counterparts (e.g., BP8, BP3, and BS6).

Taken together, the importance of BP8, BM2, BP3, BS6, and BM4 is consistent with structural mechanics 
and operational considerations. These findings confirm both the effectiveness and the interpretability of the 
proposed method, demonstrating its ability to uncover critical information underlying the monitoring system.

In this study, stress values at four monitoring areas were analyzed: main deck, ship bottom (midship), ship 
bottom (port), and ship bottom (starboard). For each area, we examined the features used to construct the 
feasible models. Upset graphs were plotted for each monitoring area (Fig.  7), showing that certain features 
were consistently related to multiple target pressure sensors. Features associated with more target sensors were 
evidently more important. To quantify this, we also calculated the frequency of each feature within each area 
(Fig. 8).

From Fig. 7(A), two features, BS4 and BS8, were highly related to three target sensors beneath the main 
deck, as illustrated in Fig. 8(A). Because of structural constraints, relatively few sensors could be installed on the 
main deck, making stress recovery in this region dependent on sensors elsewhere. Structurally, the transverse 
bulkhead near BP8 and BS4 extends through multiple deck levels and ties the main deck to the bottom shell, 
thereby providing a load path that transmits stresses beneath the deck.

From Fig. 7(B), one feature (BP3, illustrated in Fig. 8(B)) was highly related to four target sensors at the 
midship bottom, and four features (BS6, BP8, BP4, and BM2, illustrated in Fig. 8(B)) were related to three target 
sensors each. Stresses in the bottom shell at midship are strongly coupled to those in the port and starboard side 
shells, as these regions lie in the same transverse section and are in close proximity. BP3 and BP4 are located 
near mid-length, where global longitudinal stresses peak, while BP8 and BS6 are positioned near frame 60 and 

Fig. 6.  Monitoring points of five key pressure sensors.

 

Scientific Reports |        (2025) 15:39717 11| https://doi.org/10.1038/s41598-025-23356-6

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


approximately L/4, where local stresses are pronounced. Since the midship bottom sensors are essentially co-
located with these regions, they play a critical role in reconstructing the midship stress state.

From Fig. 7(C), three features (BM2, BP2, and BP8, illustrated in Fig. 8(C)) were highly related to six target 
sensors on the port-side bottom shell. Two additional features, BP9 and BS6 (Fig. 8(C)), were related to five target 
sensors. BP2, BP8, and BP9 are key monitoring points on the port bottom shell. BP8 and BP9, in particular, lie 
beneath the ship’s deck crane; when the crane operates in on-bottom conditions, this region is subjected to 
elevated loads.

From Fig. 7(D), one feature (BM4, illustrated in Fig. 8(D)) was related to six target sensors on the starboard 
bottom. Three additional features (BM2, MD1, and MD4, illustrated in Fig. 8(D)) were related to five target 
sensors each. MD1 and MD4 are located on the starboard main deck. Since the main deck and bottom shell 
form the primary load-bearing structure under hull-girder bending, stresses on the main deck provide a useful 
reference for inferring bottom-shell stresses. BM4 and BM2 are located at mid-length and approximately L/4, 
respectively, consistent with locations of high bending and local stresses.

Taken together, these findings show that many of the pressure sensors highlighted in the area-level analyses 
overlap with those identified as essential for the entire monitoring system. Their consistent selection demonstrates 
the effectiveness and interpretability of the proposed method. These key sensors should be prioritized for careful 
maintenance to ensure the reliable operation of the SHM system.

Limitations
This study proposed a ML method to analyze the stress distribution of a ship. A regression model was constructed 
for each pressure sensor, and several key sensors were identified. However, certain limitations remain. First, the 
dataset used in this study cannot fully represent the stress distribution of the crane ship. All stress values were 
collected on a single day, and the five-minute sampling interval was not sufficiently rigorous to capture the full 
variability of stress states. Second, some regression models (e.g., the model for BP1) showed risks of overfitting, 
indicating that the proposed method can be further improved. Techniques such as dropout or additional forms 
of regularization could help mitigate this issue. Future work will address these limitations by collecting stress 
data across longer time spans and under varied operating conditions, and by incorporating advanced algorithms 
and improved techniques to develop more practical and robust methods.

Fig. 7.  Upset graphs to show the intersections of features used to construct feasible regression models at four 
monitoring areas. (A) Upset graph for the monitoring area under the main deck; (B) Upset graph for the 
monitoring area at ship bottom (midship); (C) Upset graph for the monitoring area at ship bottom (port); (D) 
Upset graph for the monitoring area at ship bottom (starboard). The number for the black bar represents the 
number of features used to construct one feasible model. The number for the red bar denotes the number of 
features exactly used to construct some feasible regression models that are indicated by the dots and line below 
the bar.
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Conclusions
This study developed a ML–based computational method to analyze stress distribution in a ship. Stress data 
collected from a crane ship were used to evaluate the utility of the approach. For each pressure sensor, an optimal 
MLP regression model was constructed to infer its stress values from those recorded by other related sensors. 
All models demonstrated strong fitting performance. In addition, the proposed method identified several 
key sensors that play central roles within the monitoring system. These findings provide new insights into 
the mechanisms underlying stress monitoring and offer an interpretable framework for sensor prioritization. 
Overall, the proposed method presents a novel approach for analyzing stress data and has the potential to 
enhance the performance and reliability of ship SHM systems.

Data availability
The data is available upon request. Please contact Dr. Ji Zeng (zengji@shmtu.edu.cn).
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