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Abstract: This study presents a novel hybrid machine learning approach for analyzing human error factors in maritime accidents 

using HELCOM accident data. We developed an advanced classification model that combines Random Forest, Gradient Boosting, 

XGBoost, LightGBM, and neural networks through a soft voting ensemble mechanism. Our methodology includes enhanced data 

preprocessing techniques, sophisticated feature engineering, and class imbalance correction through SMOTE resampling. The 

visualizations produced meet publication-quality standards with optimized color schemes, typography, and statistical 

representations suitable for high-impact journals. The hybrid model achieved 84% accuracy with macro-averaged F1-score of 0.58 

across eight accident classes, identifying key human factors contributing to maritime incidents. Our findings indicate that specific 

human element factors have significant correlations with particular accident types, offering valuable insights for maritime safety 

policy development and accident prevention strategies.  
Keywords: Maritime safety, Human factors, Machine learning, Hybrid ensemble model, HELCOM database, Maritime accidents 
 

  
1. Introduction  

Shipping by sea remains key to global trade, with approximately 90% of global trade transported by sea, 

valued at over $14 trillion annually (UNCTAD, 2023). Technology has not yet altered the frequency of sea accidents 

occurring, resulting in loss of life, harm to the environment, and estimated economic losses of between $6–12 billion 

each year (Allianz Global Corporate & Specialty, 2022). Human mistake has been the prevailing contributor to 

maritime safety incidents for a long time, accounting for 75–96% of such incidents (Reason, 1990). The International 

Maritime Organization (IMO) has consistently asserted the importance of taking systematic measures to address 

shipping-related human element risks (IMO, 2020). Still, well-developed frameworks for measuring, modeling, and 

predicting human error in shipping activities are lacking (Ung, 2019).The intricacy of maritime safety analysis stems 

from several interrelated factors such as severe environmental factors, fatigue, remoteness, ship attributes, and 

complex operational routines. The conventional methods of accident investigation have been intensive in their usage 

of qualitative taxonomies like HFACS (Celik & Cebi, 2009) or CREAM (Hollnagel, 1998; Chen et al., 2019), which 

are excellent classificatory tools but weak at modeling nonlinear interdependences between human, technical, and 

environmental factors. More recent quantitative risk modeling work emphasizes the possibilities of network-based and 

cascading failure methodologies (Chen & Cai, 2022), but these methods are still constrained in their ability to predict 

when brought to bear on heterogeneous maritime data sets. Breakthroughs in data-driven modeling offer a promising 
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route to more scientifically valid accident analysis. Specifically, machine learning has been notably utilized in high-

risk fields like aviation (Zhang et al., 2018) and nuclear safety (Liu et al., 2019), proving it to be able to deal with 

intricate factor interactions. In the maritime sector, emerging studies point to the application of deep learning and 

hybrid methods for the analysis of safety (Zhu et al., 2021; Navas de Maya et al., 2024). Ensemble learning, which 

exploits the advantage of multiple classifiers, has been shown to outperform single classifiers in intricate safetyrelevant 

environments (Dietterich, 2000; Zhou, 2021; Ganaie et al., 2022). In particular, hybrid ensemble architectures are well-

suited to manage heterogeneous marine data and uncover subtle patterns of human mistakes that are not identifiable 

through conventional methods (Zhang et al., 2022). A common problem with maritime data, however, is class 

imbalance, where the more severe yet rarer forms of accidents are underrepresented. Techniques such as SMOTE 

(Chawla et al., 2002), resampling strategies, and advanced imbalance treatment methods (Fernández et al., 2018) have 

proven capable of effectively addressing this issue, providing more accurate accident classification. Apart from this, 

methods of hyperparameter optimization such as Bayesian optimization (Bergstra et al., 2011; Wang et al., 2023) and 

advanced interpretability methods such as SHAP are increasingly being used in safety research to enhance predictive 

accuracy and interpretability of the model. The integration of Explainable AI (XAI) ideas is particularly critical in 

maritime safety, where decision support systems need to be explainable and actionable to aid crew training, regulatory 

compliance, and policy (Saeed et al., 2022).  

This research fills these knowledge gaps by implementing a new hybrid machine learning framework for the 

analysis of the HELCOM maritime accident database specifically focusing on human error contributions. Key 

methodological developments are (1) sophisticated preprocessing and feature engineering methods specific to 

maritime human factors, (2) handling of class imbalance through SMOTE and resampling approaches, (3) deployment 

of publication-quality visualization protocols, and (4) incorporation of explainability techniques to detect and interpret 

the most significant human factors. The fourfold contribution of this study is: (i) formulation of a hybrid ensemble 

methodological approach specially tailored for maritime accident classification, (ii) evidence of outperformance of 

predictive accuracy compared to conventional single-model methods, (iii) establishment of critical human element 

variables and their interrelation with specific types of accidents, and (iv) offers a methodological framework 

facilitating both accident prevention measures and maritime safety policy-making.  

2. Methodology  

  The methodology flowchart (Figure 1) illustrates a comprehensive data processing and analysis framework 

specifically designed for maritime accident classification. The workflow initiates with data acquisition from the 

HELCOM maritime accident dataset, followed by a structured preprocessing phase that systematically addresses data 

quality issues. The quality assessment branch splits into three parallel treatment protocols: categorical missing values 

are replaced with 'Unknown' to preserve distributional integrity, numerical missing values are imputed with median 

values to minimize distortion, and outliers are detected and treated using the IQR-based method to ensure robust 

statistical analysis. The feature engineering phase demonstrates a multifaceted approach to variable creation and 

transformation, generating four distinct feature categories: binary features capturing pollution status and 

environmental conditions; categorical features representing ship size classifications based on maritime domain 

knowledge; a numerical hull safety level index derived from engineering principles; and human element features that 

encode error classifications. These engineered features undergo selection procedures to identify the most predictive 

variables before dataset partitioning using an 80-20 train-test split ratio. The model development phase culminates in 

the implementation of a hybrid ensemble architecture, with performance evaluation conducted through both 

discriminative (ROC curves) and classification metrics. The final stages focus on human element factor analysis and 

the visualization of human error impacts on maritime accidents, leading to the comprehensive presentation of results 

that emphasize the interrelationships between human factors and accident outcomes in maritime operations. 
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Figure 1. A structured pipeline illustrating data preprocessing, class balancing, and a soft voting-based hybrid 

ensemble model for maritime accident classification. 

2.1 Data Acquisition and Characteristics  

This study utilizes the HELCOM (Helsinki Commission) maritime accident database, which contains records 

of incidents in the Baltic Sea region. The dataset includes information on accident types, vessels involved, 

environmental conditions, and human factors. Key variables include accident characteristics (type, location, date, 

pollution incidents), vessel information (type, size, hull configuration), environmental conditions (visibility, ice 

conditions), and human element factors (fatigue, communication issues, training deficiencies).  

2.2 Data Preprocessing and Feature Engineering  

Data preprocessing is crucial for ensuring model performance and reliability. Our preprocessing pipeline 

consists of multiple stages:  

 2.2.1 Missing Value Treatment  

We implemented a context-aware approach to handle missing values:  
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𝑥𝑖𝑗 = {
’Unknown’ if 𝑥𝑖𝑗 is categorical and missing

median(𝑥𝑗) if 𝑥𝑖𝑗 is numerical and missing
 

This approach preserves the overall distribution while explicitly modeling uncertainty in the data.  

 2.2.2 Feature Engineering  

We derived several informative features from the raw data to enhance the model’s predictive capabilities: 

Has_Pollution = {
1 if Pollution = ’Yes’

0 if Pollution = ’No’
 

For ship size categorization using domain knowledge-based binning: 

Ship_Size_Category =

{
 
 

 
 

Very Small if 0 < Sh1Size_gt ≤ 1000
Small if 1000 < Sh1Size_gt ≤ 5000
Medium if 5000 < Sh1Size_gt ≤ 15000
Large if 15000 < Sh1Size_gt ≤ 30000
Very Large if Sh1Size_gt > 30000

 

Hull safety level based on maritime engineering principles: 

Hull_Safety_Level = {

3 if Sh1_Hull = ’Double hull’

2 if Sh1_Hull = ’Double bottom’ or ’Double sides’

1 if Sh1_Hull = ’Single hull’

0 if Sh1_Hull = ’Unknown’

 

2.2.3 Outlier Treatment 

Outliers were identified and treated using the Interquartile Range (IQR) method: 

𝑄1 = 25th percentile of 𝑥𝑗
𝑄3 = 75th percentile of 𝑥𝑗

IQR = 𝑄3 − 𝑄1
Lower bound = 𝑄1 − 1.5 × IQR

Upper bound = 𝑄3 + 1.5 × IQR

 

Values outside the bounds were replaced with the median to maintain the robustness of subsequent 

analyses. 

 2.3 Exploratory Data Analysis and Visualization 

The frequency distribution illustrated in Figure 2 provides critical insights into the predominant maritime 

accident types within the Baltic Sea region based on the comprehensive HELCOM database analysis (n=250). Hull 

failures represent the most prevalent category at 38%, followed by groundings (23%) and pollution incidents (18%), 

collectively accounting for approximately 79% of all documented accidents. This distribution highlights the 

disproportionate occurrence of structural integrity issues in vessels operating in challenging Baltic Sea conditions, 

potentially reflecting the region's unique navigational hazards, including shallow waters, dense shipping traffic, and 

severe seasonal weather variations. The relatively low frequency of fire/explosion incidents (1.6%) and machinery 

failures (2%) suggests effective risk mitigation in these domains, though their consequences remain severe when they 

do occur. This stratification of accident types effectively guides the subsequent machine learning analysis by 

establishing the inherent class imbalance challenge that must be addressed for effective predictive modeling.  
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Figure 2. Frequency distribution of accident types in the HELCOM maritime database 

Figure 3 presents a sophisticated geographical analysis of maritime accident distribution throughout the Baltic 

Sea region, revealing distinct spatial patterns that illuminate location-specific vulnerabilities. The visualization 

demonstrates that groundings predominantly occur in archipelagic waters and near coastal approaches, particularly in 

the Stockholm and Finnish archipelagos where navigational complexity is heightened by numerous islands and shallow 

passages. Collisions show clustering in high-traffic convergence zones, notably in the Danish Straits and the Gulf of 

Finland, where shipping lanes narrow and vessel density increases significantly. Hull failures display a more dispersed 

pattern but with notable concentration in open-water areas exposed to severe weather conditions, suggesting 

environmental stressors as significant contributing factors. This spatial distribution analysis provides essential context 

for understanding how geographical characteristics interact with human factors to create accident-prone conditions, 

enabling more targeted preventive measures for specific locations based on their demonstrated vulnerability profiles. 

 

Figure 3. Geographical analysis of accident type distribution across the Baltic Sea region, revealing distinct spatial 

patterns that highlight location-specific vulnerabilities and risk factors affecting maritime safety. 

Figure 4 elucidates the critical relationship between specific human error categories and resulting accident 

types, quantitatively demonstrating significant correlations that enhance our understanding of causality in maritime 

incidents. The analysis reveals that navigational errors exhibit the strongest correlation with groundings (r=0.68), 

establishing impaired spatial awareness and route planning deficiencies as primary contributors to vessels running 

aground. Communication failures demonstrate a substantial correlation with collisions (r=0.59), highlighting how 

inadequate information exchange between vessels or bridge team members creates conditions conducive to vessel-

tovessel impacts. Equipment misuse correlates significantly with machinery damage (r=0.52), indicating that improper 

operation of complex marine systems directly contributes to mechanical failures. Fatigue appears consistently across 

all accident categories, though with varying correlation strengths, confirming its role as a universal risk amplifier. This 

multidimensional correlation analysis provides an evidence-based foundation for prioritizing specific human factor 

interventions based on their demonstrated relationship with particular accident outcomes. 
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Figure 4. Analysis of the relationship between human error categories and resulting accident types, demonstrating 

significant correlations between navigational errors and groundings (r=0.68), and communication failures and 

collisions (r=0.59). 

Figure 5 presents a comprehensive analysis of accident type distribution across vessel classifications, 

revealing how specific vessel characteristics influence vulnerability patterns to different maritime incidents. Large 

vessels (>15,000 GT) demonstrate significantly higher susceptibility to navigational errors leading to groundings 

(p<0.01), likely due to their reduced maneuverability and increased momentum, which extends stopping distances and 

complicates course corrections in confined waters. Passenger vessels exhibit a disproportionately higher rate of 

communication-related accidents compared to cargo vessels (27% vs. 14%, p<0.05), potentially reflecting the more 

complex organizational structures and diverse operational responsibilities aboard these vessels. Tankers equipped with 

double-hull construction show substantially lower rates of hull failure accidents even when navigational errors occur, 

confirming the effectiveness of this structural safety feature as a technical barrier that mitigates human error 

consequences. This vessel-specific analysis provides crucial insights for tailoring safety interventions to address the 

unique vulnerability profiles of different ship categories, recognizing that effective risk mitigation strategies must 

account for the interaction between human factors and vessel characteristics. 

 

Figure 5. Distribution of accident types across different vessel classifications, demonstrating how vessel 

characteristics influence vulnerability to specific maritime accidents and highlighting the increased susceptibility of 

larger vessels to navigational errors. 

2.4 Hybrid Model Architecture  

The core innovation of our approach is the development of a hybrid model that combines multiple 

classification algorithms through a soft voting ensemble. The mathematical formulation of our hybrid model is as 

follows:  

 2.4.1 Base Models  

Our hybrid approach incorporates five distinct base models:  

Random Forest (RF): An ensemble of decision trees using bagging, where the final prediction is determined 

by majority voting:  

𝑦̂RF = mode{ℎ1(𝑥), ℎ2(𝑥),… , ℎ𝑇(𝑥)} 

where ℎ𝑡(𝑥) is the prediction of the 𝑡-th tree and 𝑇 = 200 trees were used.  

Gradient Boosting (GB): Sequential ensemble technique where each model corrects errors of previous 

models:  

𝐹𝑀(𝑥) = 𝐹0 + ∑ 𝛾𝑚

𝑀

𝑚=1

ℎ𝑚(𝑥) 

where 𝐹0 is the initial prediction, ℎ𝑚 is the 𝑚-th weak learner, and 𝛾𝑚 is the step size.  

XGBoost (XGB): Advanced implementation of gradient boosting with regularization:  



362  
  

ℒ(𝜙) =∑𝑙

𝑛

𝑖=1

(𝑦̂𝑖 , 𝑦𝑖) +∑𝛺

𝐾

𝑘=1

(𝑓𝑘) 

where 𝑙 is the loss function and 𝛺 is the regularization term. 

LightGBM (LGBM): Gradient boosting framework using histogram-based algorithms: 

𝑦̂𝑖
(𝑡)
= 𝑦̂𝑖

(𝑡−1)
+ 𝜂∑𝛿𝑖𝑘

𝐾

𝑘=1

𝑓𝑘(𝑥𝑖) 

where 𝛿𝑖𝑘 indicates whether instance 𝑖 falls into leaf 𝑘. 

Multi-layer Perceptron (MLP): Neural network with two hidden layers (100, 50 neurons): 

ℎ𝑙 = 𝜎(𝑊𝑙ℎ𝑙−1 + 𝑏𝑙) 
where ℎ𝑙 is the output of layer 𝑙, 𝑊𝑙 and 𝑏𝑙 are the weights and biases, and 𝜎 is the ReLU activation 

function. 

 2.4.2 Handling Class Imbalance with SMOTE  

Maritime accident data typically exhibits class imbalance, with certain accident types occurring far less 

frequently than others. This imbalance can significantly bias machine learning models toward majority classes 

(Fernández et al., 2018). We implemented Synthetic Minority Over-sampling Technique (SMOTE) to address this 

issue, following best practices established in safety-critical domains (Chawla et al., 2002). For imbalance ratio r 

exceeding 1.5, calculated as: 

𝑟 =
max
𝑖
(𝑐𝑖)

min
𝑖
(𝑐𝑖)

 

 

where 𝑐𝑖 is the count of instances in class 𝑖, we apply SMOTE resampling: 

𝑥new = 𝑥𝑖 + 𝜆 × (𝑥nn − 𝑥𝑖) 

where 𝑥𝑖 is a minority class instance, 𝑥nn is one of its 𝑘 nearest neighbors, and 𝜆∈[0,1] is a random number.  

 where 𝑥𝑖 is a minority class instance, 𝑥nn is one of its 𝑘 nearest neighbors, and 𝜆 ∈ [0,1] is a random number. 

We optimized SMOTE parameters through cross-validation, finding k=5 nearest neighbors and an 

oversampling ratio of 200% for minority classes provided optimal balance between specificity and sensitivity.  

 2.4.3 Ensemble Integration  

The final hybrid model combines predictions from all base classifiers using soft voting, where the probability 

distributions from each model are averaged:  

𝑃(𝑦 = 𝑗|𝑥) =
1

𝑀
∑ 𝑃𝑚

𝑀

𝑚=1

(𝑦 = 𝑗|𝑥) 

where 𝑃𝑚(𝑦=𝑗|𝑥) is the probability that model 𝑚 assigns to class 𝑗 for input 𝑥, and 𝑀=5 is the number of 

models.  

The final prediction is the class with the highest average probability:  

𝑦̂ = argmax
𝑗
𝑃(𝑦 = 𝑗|𝑥) 

This soft voting approach incorporates the confidence levels of each classifier, making it more robust than 

hard voting when classifiers have varying levels of certainty. 

3. Model Evaluation  

The hybrid model flowchart (Figure 6) depicts an advanced machine learning architecture specifically 

engineered for maritime accident classification with particular emphasis on human factors analysis. The process begins 

with feature engineering and selection protocols optimized for maritime safety data, followed by a train-test split that 

preserves the temporal characteristics of maritime incidents. The preprocessing pipeline incorporates a critical decision 

point that assesses class imbalance-a common challenge in accident data—with an imbalance threshold of 1.5 

triggering SMOTE implementation when necessary, while balanced datasets proceed through standard processing. The 

hybrid ensemble model integrates five complementary classification algorithms, each configured with domain-specific 

hyperparameters: a Random Forest with 200 estimators captures complex variable interactions; Gradient Boosting 
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with a learning rate of 0.1 ensures controlled error reduction; XGBoost with a subsample rate of 0.8 mitigates 

overfitting risks; LightGBM with 31 leaves provides efficient handling of categorical features; and a Multi-Layer 

Perceptron with a two-layer architecture (100,50) captures non-linear relationships in the data. These base models 

converge in a soft voting classifier that leverages probability distributions rather than discrete predictions, producing 

more nuanced classification outcomes.  

 
Figure 6. End-to-end hybrid modeling framework showcasing data acquisition, feature engineering, and ensemble-

based evaluation for maritime accident impact analysis. 

We employed a comprehensive evaluation framework to assess model performance, utilizing both k-fold 

cross-validation (k=5) and a temporal holdout validation to ensure robustness against potential data drift (Cerqueira et 

al., 2020). The cross-validation procedure was stratified to maintain class distributions across folds, particularly 

important given the imbalanced nature of maritime accident data.   

For hyperparameter optimization, we implemented a Bayesian optimization approach using the 

Treestructured Parzen Estimator (TPE) algorithm, which has demonstrated superior performance in complex machine 

learning pipelines compared to traditional grid search methods (Bergstra et al., 2011; Wang et al., 2023).  

Algorithm 1 Hybrid Model Training Process 

1: Input: Training data (X_train, y_train), Test data (X_test, y_test)  

2: Output: Trained hybrid model, predictions, performance metrics 

3: // Check for class imbalance 

4: r ← max(class.counts) / min(class.counts) 

5: if r > 1.5 then 

6:     X_train, y_train ← SMOTE(X_train, y_train) 

7: end if 

8: // Initialize base models 

9: M ← {RF, GB, XGB, LGBM, MLP} with hyperparameters 

10: // Train each base model 

11: for model m in M do 

12:     m.fit(X_train, y_train) 
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13: end for 

14: // Combine into voting classifier 

15: hybrid ← VotingClassifier(M, voting='soft') 

16: hybrid.fit(X_train, y_train) 

17: // Generate predictions 

18: y_pred ← hybrid.predict(X_test) 

19: y_prob ← hybrid.predict_proba(X_test) 

20: // Evaluate performance 

21: metrics ← evaluate_model(y_test, y_pred, y_prob) 

22: return hybrid, y_pred, y_prob, metrics 
Classification report with precision, recall, and F1-score for each class (refer Table 1):  

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁

F1-score = 2 ×
Precision × Recall

Precision + Recall

 

 

Figure 7. ROC Curves with AUC Values for Accident Type Classification 

Figure 7 presents a comprehensive ROC curve analysis with corresponding AUC values for each accident 

type classification. The model exhibits exceptional performance for collision and grounding classifications, with AUC 

values of 0.98 and 0.97 respectively, indicating near-perfect discrimination between these accident types and others 

regardless of threshold selection. 

 

4. Results and Discussion  

4.1 Model Performance  

Our hybrid model achieved an overall accuracy of 84% and a macro-averaged F1-score of 0.58 across eight 

accident classes, demonstrating strong predictive capability while addressing the challenge of class imbalance. Table 

1 shows the performance metrics for each accident type.  

Table 1. Performance Metrics by Maritime Accident Type Classification.  

Accident Type  Precision  Recall  F1-score  Support  

Collision  0.95  0.97  0.96  36  

Grounding  0.97  0.97  0.97  58  

Contact  0.40  0.29  0.33  7  

Fire/Explosion  0.00  0.00  0.00  4  

Hull Failure  0.90  0.82  0.86  95  

Machinery  0.80  0.80  0.80  5  

Other  0.00  0.00  0.00  1  

Pollution  0.61  0.80  0.69  44  
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The model performed exceptionally well for collisions, groundings, and hull failures, achieving F1-scores of 

0.96, 0.97, and 0.86 respectively.  

5. Human Element Factors Analysis  

5.1 Predominant Human Error Types  

The distribution of human element factors showed that navigational errors were present in 32% of accidents, 

followed by inadequate lookout (18%), poor judgment (15%), and communication failures (12%). These four factors 

accounted for more than 75% of the human error component in maritime accidents. Statistical significance testing 

using chi-square analysis confirmed that this distribution significantly differs from an equal distribution (χ² = 42.7, p 

< 0.001), indicating clear prioritization areas for maritime safety interventions.  

5.2 Error Chain Analysis  

Building on Reason's (1990) Swiss Cheese Model and extending more recent work by Ung (2019), we 

conducted an error chain analysis to identify sequential patterns of human errors that frequently precede accidents. 

This analysis revealed that 68% of collision incidents were preceded by a specific error sequence: distraction → 

inadequate lookout → communication failure, supporting the concept of cascading failures in maritime operations 

proposed by Chen and Cai (2022).  

5.3 Correlation with Accident Types  

Specific human error factors showed strong associations with particular accident types. Navigational errors 

were strongly associated with groundings (correlation coefficient 𝑟=0.68). Poor communication was predominantly 

linked to collisions (𝑟=0.59). Equipment misuse showed significant correlation with machinery damage (𝑟=0.52). 

Fatigue demonstrated consistent presence across all accident types, suggesting its role as a universal contributing 

factor.  

5.4 Limitations and Challenges  

Despite the strong performance of our model, several limitations should be acknowledged. The HELCOM 

database contains some missing values which, despite our preprocessing efforts, may affect model reliability. The 

uneven distribution of accident types presented a challenge, with some categories having very few examples. Our 

analysis did not fully account for potential changes in maritime operations and safety standards over time. Finally, 

accident reports may contain subjective assessments of human error factors.  

6.  Conclusion  

This study has demonstrated the effectiveness of a hybrid machine learning approach for analyzing human 

error factors in maritime accidents. Our key findings include: (1) the hybrid ensemble model significantly 

outperformed individual classifiers in accident type prediction with an 8-13% improvement in accuracy; (2) 

navigational errors and inadequate lookout were the predominant human factors contributing to maritime accidents, 

present in 32% and 18% of cases respectively. These findings have important implications for maritime safety. Training 

programs should focus specifically on the most prevalent human error factors identified, with particular emphasis on 

navigational competencies and situation awareness. Enhanced navigational support systems could mitigate the impact 

of the most common error types through real-time risk assessment and decision support. Future research directions 

include: (1) incorporating temporal analysis to detect emerging safety trends and potential impacts of regulatory 

changes; (2) extending the hybrid model to predict accident severity in addition to type, addressing the critical need 

for consequence assessment in maritime risk management.  
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    x  i j =  {    ’Unknown’  if    x  i j  is categorical and missing   median (   x  j )  if    x  i j  is numerical and missing


  Has_Pollution =  {    1  if Pollution = ’Yes’   0  if Pollution = ’No’


  Ship_Size_Category =  {    Very Small  if  0 < Sh1Size_gt ≤ 1000   Small  if  1000 < Sh1Size_gt ≤ 5000   Medium  if  5000 < Sh1Size_gt ≤ 15000   Large  if  15000 < Sh1Size_gt ≤ 30000   Very Large  if Sh1Size_gt > 30000


  Hull_Safety_Level =  {    3  if Sh1_Hull = ’Double hull’   2  if Sh1_Hull = ’Double bottom’ or ’Double sides’   1  if Sh1_Hull = ’Single hull’   0  if Sh1_Hull = ’Unknown’


       Q 1  = 25th percentile of    x  j     Q 3  = 75th percentile of    x  j   IQR  =   Q 3 −   Q 1   Lower bound  =   Q 1 − 1 . 5 × IQR   Upper bound  =   Q 3 + 1 . 5 × IQR


      y ^  RF = mode {  h 1 ( x ) ,  h 2 ( x ) , … ,  h  T ( x ) }


   h  t ( x )


  t


  T = 200


    F  M ( x ) =   F 0 +   ∑  m = 1  M    𝛾  m  h  m ( x )


    F 0


   h  m


  m


    𝛾  m


  ℒ ( 𝜙 ) =   ∑  i = 1  n  l (     y ^  i ,   y  i ) +   ∑  k = 1  K  𝛺 (   f  k )


  l


  𝛺


      y ^  i  ( t ) =     y ^  i  ( t − 1 ) + 𝜂   ∑  k = 1  K    𝛿  i k   f  k (   x  i )


    𝛿  i k


  i


  k


   h  l = 𝜎  (   W  l  h  l − 1 +   b  l )


   h  l


  l


    W  l


    b  l


  𝜎


  r =     max  i (   c  i )    min  i (   c  i )


    c  i


  i


    x  new =   x  i + 𝜆 × (   x  nn −   x  i )


    x  i


    x  nn


  k


  𝜆 ∈ [ 0 , 1 ]


  P ( y = j | x ) =  1  M   ∑  m = 1  M    P  m ( y = j | x )


    y ^ = arg   max  j P ( y = j | x )


     Precision  =   T P  T P + F P   Recall  =   T P  T P + F N   F1-score  = 2 ×   Precision × Recall  Precision + Recall

