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Abstract

Drag embedment anchors (DEAs) play a vital role in maintaining the stability and safety of
offshore structures, including floating wind turbines, oil rigs, and marine renewable energy
systems. Accurate prediction of anchor performance is essential for optimizing mooring
system designs, reducing costs, and minimizing risks in challenging marine environments.
By leveraging advanced machine learning techniques, this research provides innovative
solutions to longstanding challenges in geotechnical engineering, paving the way for more
efficient and reliable offshore operations. The findings contribute significantly to devel-
oping sustainable marine infrastructure while addressing the growing global demand for
renewable energy solutions in coastal and deep-water environments. This current study
evaluated tree-based machine learning algorithms, e.g., decision tree regression (DTR) and
random forest regression (RFR), to predict the holding capacity and efficiency of DEAs in
sand seabed. To train and validate the results of machine learning models, the K-fold cross-
validation method, with K = 5, was utilized. Eleven geotechnical and geometric parameters,
including sand friction angle (¢), fluke-shank angle («), and anchor dimensions, were ana-
lyzed using 23 model configurations. Results demonstrated that RFR outperformed DTR,
achieving the highest accuracy for capacity prediction (R = 0.985, RMSE = 344.577 KN) and
for efficiency (R = 0.977, RMSE = 0.821 KN). Key findings revealed that soil strength domi-
nated capacity, while fluke-shank angle critically influenced efficiency. Single-parameter
models failed to capture complex soil-anchor interactions, underscoring the necessity of
multivariate analysis. The ensemble approach of RFR provided superior generalization
across diverse seabed conditions, maintaining errors within £10% for capacity and £5%
for efficiency.

Keywords: drag embedment anchors (DEAs); sand seabed; decision tree regression;
random forest regression; tree machine learning algorithms

1. Introduction

Drag Embedment Anchors (DEAs) are a simple yet highly effective and economical
option for securing floating offshore structures like production units, drilling platforms, and
renewable energy devices. Installed by applying tension that drives them into the seabed,
DEAs are suitable for temporary and permanent mooring and can be reused when needed.
Their lightweight design offers high holding capacity and adaptability to various seabed
conditions, making them a versatile anchoring solution. Despite the widespread use of
traditional drag anchors in practical projects, thanks to their low cost, reusability, and strong
bearing capacity, accurately predicting their embedded trajectory and ultimate capacity
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remains challenging due to factors such as soil conditions and fluke design. Figure 1
illustrates the schematic of DEA.

g

Figure 1. Schematic layout of a drag embedment anchor.

Several researchers have advanced the understanding of drag embedment anchors
(DEAs) by analyzing their static and dynamic holding capacities, embedment trajectories,
and interactions with various soil types. Methods range from empirical testing and limit
equilibrium analyses to kinematic modeling and quasi-static simulations, with factors
such as anchor geometry, soil behavior, and installation techniques playing critical roles.
While foundational studies laid the groundwork for current design guidelines, recent
research emphasizes improving prediction accuracy and efficiency using analytical and
experimental approaches [1-7].

Tian et al. [8] derived analytical solutions for the ultimate embedment depth and
potential holding capacity of plate anchors in clay and sand. The authors supposed that
the plate anchor is a rigid circular disk that penetrates the soil under a constant horizontal
load, and applied limit equilibrium analysis and plasticity theory to model the soil failure
mechanism and the soil-anchor interaction. They obtained closed-form expressions for
ultimate embedment depth and potential holding capacity of plate anchors in terms of soil
parameters, anchor geometry, and load angle, and compared the analytical solutions with
experimental data and numerical results, showing good agreement. The study suggested
simple and accurate approaches for predicting the performance of plate anchors in clay and
sand seabed. Tian et al. [8] focused on plate anchors, which are fundamentally different
from drag embedment anchors in both design and installation methods. Plate anchors
are generally installed vertically or via suction, and their behavior is governed by their
orientation, embedment depth, and soil conditions. In contrast, drag embedment anchors
are dragged horizontally across the seabed during installation, creating complex trajectories
and soil-anchor interaction mechanisms.

Moharrami and Shiri [9] conducted a reliability analysis of drag embedment anchors
intended for use in deep offshore regions of Canada. Their study focused on estimating the
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probability of failure for these anchors when used with intact catenary mooring lines. They
incorporated probabilistic models to represent seabed soil conditions and environmental
loads specific to deep-water locations near Newfoundland and Labrador. Additionally,
they simulated the ultimate holding capacity of the anchors using plastic yield loci, ac-
counting for the embedded chain’s geometry and frictional resistance. In a subsequent
study, Moharrami and Shiri [10] evaluated the reliability of drag embedment anchors in
clay seabed using a first-order reliability method. This analysis considered uncertainties in
soil properties, anchor configuration, and external loading, and the results were compared
against those derived from conventional deterministic design approaches.

Zhang et al. [11] examined the uplift behavior of drag embedment anchors in sand,
focusing on applications for renewable energy systems like floating wind turbines. Labo-
ratory tests analyzed group anchor performance under varying embedment depths and
spacings. Results showed reduced group efficiency at close spacing due to overlapping
failure zones. Deeper embedment improved capacity but was limited by group effects. The
findings aid in optimizing mooring systems for offshore renewable energy infrastructure.

Chen et al. [12] explored the six-degree-of-freedom (6DOF) behavior of drag embed-
ment anchors (DEAs) in clay through both numerical modeling and large-scale experimen-
tal testing. They developed a 6DOF model based on rigid body dynamics and soil-anchor
interaction, validating it against physical tests that measured anchor trajectory, orientation,
and capacity. Their findings demonstrated that the model reliably predicts DEA perfor-
mance and highlighted the significant influence of anchor geometry, soil properties, and
load direction, offering valuable insights for the effective design and optimization of DEAs
in clay seabed.

Guo et al. [13] investigated the axial resistance of embedded mooring chains in South
China Sea carbonate sand, focusing on how resistance varies with confining stress. This
was critical for understanding and improving the performance of DEAs used in mooring
floating offshore structures such as wind turbines and oil platforms.

DEAs can withstand steady loads effectively; however, their performance under dy-
namic or rapidly changing forces is less predictable. To address this, designers often apply
safety factors based on the mooring line’s load capacity. Additional considerations may
include seabed erosion and hydrodynamic forces. Despite these factors, the DEA design
remains relatively straightforward. They offer key advantages such as adaptability to
various seabed conditions, as well as ease and speed of manufacturing and installation [14].

Although Drag Embedment Anchors (DEAs) are simple to install, accurately pre-
dicting their geotechnical performance is complex due to the three-dimensional nature of
anchor-soil interaction. Traditional methods often simplify the problem to 2D models or
rely on costly and time-intensive experimental or numerical techniques, such as large de-
formation finite element analysis (FEA). These limitations highlight the industry’s ongoing
need for more efficient, accurate, and cost-effective solutions.

Traditional FEA, especially when used for large deformation seabed modeling, is
hindered by high computational costs, numerical instability in plastic zones, and complex
meshing and convergence issues. In contrast, real-time predictions, robustness across
non-linear ranges, scalability to large design datasets, and flexibility for extension to
multi-layer soils, cyclic loads, or real-time control are offered by the proposed ML-based
framework. Thus, industry demands for rapid, cost-efficient design validation without
accuracy compromise are effectively addressed.

The holding capacity being defined as the maximum horizontal load that can be
resisted by the drag anchor before failure, based on embedment depth and soil resistance,
while efficiency is calculated as the ratio of holding capacity to submerged weight, which
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reflects how effectively the anchor’s weight is converted into load-bearing resistance, a
performance indicator commonly used in offshore mooring applications.

Machine Learning (ML) offers a promising alternative by capturing complex, non-
linear relationships that traditional models may overlook [15]. However, existing ML
studies on DEAs have often been limited in scope, failing to account for variations in
anchor geometry, soil properties, and environmental conditions due to the use of small or
narrow datasets.

This study addresses these gaps by developing two robust Tree-based ML algorithms,
e.g., decision tree regression (DTR) and random forest regression (RFR), to predict the
holding capacity and efficiency of DEAs. The approach includes four key steps: data gener-
ation (covering diverse anchor types, soil conditions, and loads using iterative analytical
methods), data preprocessing (cleaning and transforming data for ML use), model training
(applying algorithms like decision tree and random forest regression), and model evaluation
(assessing performance based on accuracy, correlation, and complexity). The framework
also incorporates sensitivity and uncertainty analyses to enhance model reliability and
practical applicability in offshore mooring system design.

2. Methodology
2.1. Decision Tree Regression (DTR)

Using decision trees, machine learning can be achieved in a non-parametric manner.
An algorithm for supervised learning determines and labels input variables. There is a
hierarchical structure to a decision tree, which consists of an internal node, branches, and
leaf nodes. The decision tree method divides the data into binary categories based on
defined parameters called features for classification. A measure of ML’s accuracy can be
found by measuring its entropy.

A set of nodes and branches makes up a tree data structure, in which each node is a
decision tree (DT). The DT can be used to solve both classification and regression problems.
The DT comprises several parts, including a root node, internal nodes, branches, and some
leaf nodes. The root node is located at the top of the tree, while the terminal nodes (leaf
nodes) contain class labels. The non-leaf nodes are referred to as internal nodes, and they
are interconnected using branches [16]. To ensure the fitness function in the DT algorithm,
the mean squared error (MSE) was used in the present study.

Despite their advantages, decision trees have notable drawbacks. One significant
limitation is their tendency to overfit the training data, especially when the tree is deep and
highly complex. Overfitting occurs when the model captures noise or random fluctuations
in the training data rather than the underlying pattern, resulting in poor generalization
to unseen data. This issue can be mitigated through pruning techniques, limiting tree
depth, or using ensemble methods like random forests that aggregate multiple trees to
reduce variance.

2.2. Random Forest Regression (RFR)

The random forest algorithm is a powerful ensemble learning method utilized for both
classification and regression problems [17,18]. It serves as an extension of the Classification
and Regression Tree (CART) algorithm, addressing one of its common issues, overfitting.
Compared to CART, the random forest algorithm exhibits robustness against overfitting,
making it a more reliable option [18].

The random forest algorithm operates by constructing multiple decision trees and com-
bining their results through a voting process [17-19]. This approach enables the algorithm to
provide accurate predictions by aggregating the outputs of individual trees. In the context
of random forest regression, the number of trees created for a random vector is increased.
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The input and output parameters of the tree predictor are treated as numerical values. By
generating a random vector of trees and independently constructing each tree using the
training dataset, the algorithm calculates the mean squared generalization error [17,19].

To enhance the performance of random forest models, a weighted correlation between
residuals and applied randomization is employed, effectively reducing the average er-
ror [17]. Additionally, this method utilizes bootstrap replicas, which are sets of resampled
data generated based on the given dataset. These replicas serve multiple purposes, in-
cluding filling in potential missing data and improving the quality of the trees within the
random forest [19].

In summary, the random forest algorithm overcomes the overfitting issue associated
with the CART algorithm, providing increased reliability. By constructing multiple decision
trees and leveraging a voting mechanism, it produces accurate predictions. Moreover, the
utilization of weighted correlation, along with bootstrap replicas, contributes to minimizing
errors and enhancing the performance of random forest models.

Figure 2 shows the flowchart of the methodology for predicting the performance of
DEAs using machine learning (ML) techniques, integrating both data-driven and geotech-
nical engineering perspectives. The process began with data collection, where the inputs
consisted of critical anchor and soil parameters such as fluke-shank angle (), soil strength
(¢), embedment depth, and other relevant geometric and geotechnical features. Follow-
ing this, data preprocessing was conducted to ensure quality and consistency, including
normalization, outlier removal, and handling of missing values. Feature selection was
then employed using statistical correlation techniques to identify dominant input variables
influencing DEA capacity and efficiency. The refined dataset was split into training and
testing subsets, and two ML models, DTR and RFR, were developed and trained. These
models were evaluated using statistical metrics, allowing for a comprehensive assessment
of their predictive accuracy. A model validation step confirmed the generalizability of the
trained models across unseen data. Finally, performance interpretation involved radar
plots and sensitivity analyses to quantify the influence of individual features, where RFR
was demonstrated to outperform DTR, providing robust, reliable predictions. This work-
flow not only ensured a scientifically rigorous approach but also enabled the practical
deployment of ML in offshore engineering design scenarios.

Constructing dataset

‘ Splitting dataset into training and testing sub-samples ‘

‘ Defining the DTR & RFR models ‘

l

Creating the decision trees and then tune the DTR & RFR hyperparameters ‘

Is the quality of fit
acceptable?

‘ Comparing with DTR & RFR models ‘

‘ Introducing the best RF models and influential inputs ‘

Figure 2. Flowchart of the methodology for predicting the performance of DEAs.
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2.3. Development of Models

This study is intended to develop data-driven models for predicting the performance
of tensile anchors that consider the characteristics of the anchor as well as the relevant soil.
The anchoring behavior of sand has been studied by a series of high-quality centrifugal
anchor tests, where an extensive array of anchor force and kinematic data has been gathered.
Additionally, the study of anchor chain behavior plays a vital role in the overall performance
of the anchor system. Based on the results of these studies, static and kinematic models
were developed for the drag anchor behavior, from which, in a simulation program, by
entering various parameters, the capacity and efficiency of the anchor could be determined.
Thus, the data generated by machine learning algorithms have been analyzed to determine
the influence of the parameters on anchor behavior.

2.4. A Theoretical Study of Drag Anchors in Sand

Several factors determine drag embedment anchor capacities, including their size,
shape, weight, and soil conditions at the seabed or riverbed. Anchor capacity may be
affected by the design of a structure as well as the depth of the water and tidal and
current conditions.

A theoretical model of the problem can be simplified by considering two fundamental
aspects of drag anchor behavior. A correct understanding and model of the forces acting on
the anchor at any given depth and orientation begins with an understanding of the balance
of forces on the anchor. To predict the chain tension, the ultimate tension necessary to move
the anchor, a static analysis adopts a system of forces acting on the anchor. These forces are
evaluated for given soil properties and anchor geometry.

A second fundamental aspect to consider once the forces acting on the anchor are
understood is how it will move at failure for a specific chain load orientation.

Chains are commonly used in drag embedment anchors. Anchor tension is transferred
to the anchor shank padeye by the chain attached to the mooring line. The ultimate
anchor capacity can be determined by both soil resistance and the frictional capacity of a
chain [8,20,21] and can play a major role in overall system behavior.

As a result of the chain frictional capacity and second, the angle of the attachment
points on the anchor, the soil-chain interaction should be analyzed. To implement the
soil-chain interaction effects, Neubecker and Randolph [22] used a simplified closed-form
solution. According to the model, there is an equilibrium force between the friction force
F and the normal soil reaction Q for a segment of the embedded anchor chain, as shown
in Figure 3.

wds

Figure 3. Force equilibrium of the chain element embedded in the soil.
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For the following general soil strength profile given by Neubecker and Randolph [22],
the frictional capacity of the embedded anchor chain can be calculated as follows:

sy = k-z% 1)
T.0; -
% = daQ (2)
% — e.”(eafeo) (3)
z* = e ¥ 4)
T = T,et %0 4 yws )

where s, is undrained shear strength; k is the gradient of shear strength with depth; z is
depth; « is soil profile index; T, is chain tension at anchor; 6, is chain inclination at anchor;

d, is the depth of the chain attachment point; Q is average normal resistance of chain over
embedment depth; T, is chain tension at mudline; u is chain-soil friction coefficient; 0,
is chain inclination at mudline; z* is depth normalized by d,; x* is horizontal distance
normalized by d,;; w is chain self-weight per unit length; s is the length of chain; and 6 is the
chain angle in any given point.

2.5. Finite Element Modeling of Floating System

A floating wind turbine platform with a catenary spread mooring system was con-
sidered in the current study. The mooring design includes eight lines that each have a
chain/wire-rope/chain structure. The lower and upper sections of the mooring system
are chains, whereas the middle segment is a wire rope. The platform was supposed to be
at a water depth of 700 m in the Caspian Sea. To involve the environmental loads on the
platform and obtain the resulting tension forces in the mooring system touchdown point
(TDP), a finite element analysis (FEA) model was conceptualized. The most laboriously
burdened line was specified for a 100-year return period sea state, while significant wave
height (Hs) = 9.5 m, spectral peak period (T}) = 12.8 s, and wind velocity (U1g) =29 m/s,
via generating 3 h’ time histories at TDP. The most important outcomes of the mooring
system simulation, such as the design line tension (T4), the line angle at mudline (8,), the
characteristic mean tension (Tmean-c), and characteristic mean maximum dynamic tension
(Tdyn,max-c) for 100-year return period sea states, are provided in Table 1.

Table 1. Applied parameters for the simulation of the catenary mooring system.

Parameter

Ty (s)

Tdyn,max-c (KN) 0, (°) Tq (kN) Ujp (m/s) Tmean-c (KN) H; (m)

Value

12.8

623 1.3 2493 29 846 9.5

Based on the studies conducted and the standards used in the field of drag anchors
and their performance in the sand, 11 important parameters in soil and anchors that affect
anchor capacity were identified as data input parameters, including effective unit weight y’
(KN /m3), Peak friction ¢ (Deg), Dilation angle \ (Deg), Anchor friction § (Deg), Anchor
weight W (kg), Fluke-shank angle «x(Deg), Fluke length Lf(m), Fluke width bf(m), Shank
width bg(m), Shank length Ls (m) and Anchor submerged weight, W," (kN) and were
determined to determine anchor capacity and efficiency. Using the existing relationships
and equations for the anchor in a programming language, a value for the anchor’s capacity
and efficiency was determined and defined as an output of data. To evaluate the anchor

capacity and anchor efficiency from the created data, 23 different models were created
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using machine learning and decision tree algorithms. Figure 4 depicts the DTR models
developed based on combinations of input parameters.

Y' (KN/m3)

¥ (Deg)

Y (Deg) 6 (Deg) W (N) a (Deg) Lf (m) bf (m) bs (m) Ls (m) Wa' (KN)

Model 1

Model 2

Model 3

Model 4

Model 5

Model 6

Model 7

Model 8

Model 9

Model 10

Model 11

Model 12

Model 13

Model 14

Model 15

Model 16

Model 17

Model 18

Model 19

Model 20

Model 21

Model 22

Model 23

Figure 4. Combinations of input parameters to develop ML models.

The dataset in this study was synthetically generated using a combination of theoretical
models, validated analytical solutions, and finite element simulations grounded in geotech-
nical engineering literature, with key references including [8,12,22] that provided a sound
physical basis for data generation. A total of 50 samples were generated to capture a range
of seabed and anchor configurations, with 11 input parameters comprising geotechnical
properties (effective unit weight y': 8-13 KN/m?, peak friction angle ¢: 28°-45°, dilation
angle \: 0°-15°, anchor—soil interface friction 6: 20°-35°), geometric characteristics (fluke
length L¢: 1.2-2.5 m, fluke width b¢: 0.3-0.6 m, shank width bs, shank length L, fluke-shank
angle «: 25°-45°), and other factors (anchor weight W: 7845.32-13,729.31 kg, submerged
weight Wa'), while output targets included holding capacity (~1500-9000 KN) and effi-
ciency. Feature importance and sensitivity analysis were also applied in the manuscript
to assess feature influence, indirectly capturing correlation structure, with the models
identifying fluke length, peak friction angle, and fluke-shank angle as dominant predictors,
consistent with established geomechanical theory.

The dataset employed in the present study was synthetically generated rather than
obtained from direct laboratory or field measurements. Its construction was carried out
through a combination of validated analytical solutions, finite element simulations, and
theoretical models derived from established geotechnical engineering literature. Refer-
ences [8,12,22] were used to ensure that the simulated data were consistent with docu-
mented drag embedment anchor (DEA) behavior in sandy seabeds.

The parameterization of the dataset was based on full-scale anchor configurations.
Geometric dimensions, unit weights, and soil strength ranges were selected to match those
reported for offshore installations and experimental programs in sandy soils. The finite
element simulations were calibrated against trends observed in published centrifuge and
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full-scale studies so that scale fidelity was preserved. No reduced-scale experimental results
were directly incorporated into the dataset.

As the data were generated from models, no direct measurement errors, such as sen-
sor noise or calibration drift, were present. However, uncertainty arose from modeling
assumptions, including the representation of soil as homogeneous and isotropic. This un-
certainty was addressed indirectly by applying broad parameter ranges to capture realistic
variability in geotechnical and geometric properties. Sensitivity and feature importance
analyses were subsequently performed to confirm that the developed machine learning
models maintained robustness across the simulated variability.

Since no physical test beds were involved, non-uniformity due to differences in seabed
preparation or stratification was not present in a literal sense. Instead, non-uniformity was
emulated parametrically by systematically varying key soil properties such as peak friction
angle (¢), dilation angle (), and effective unit weight (/) across ranges documented for
natural sandy seabeds. This procedure was intended to reproduce the diversity of seabed
conditions while maintaining a controlled and reproducible dataset generation process.

To ensure reproducibility and facilitate application by other researchers, complete
input and output parameter ranges, along with their units, were reported in the manuscript.
References to all physical and numerical models used for data generation were provided,
allowing the dataset to be reproduced under identical assumptions. It was clarified that the
dataset and trained models were most directly applicable to full-scale DEA installations in
sandy seabeds, and that application to clay or layered seabeds would require retraining
with suitably representative data.

The 11 parameters were selected based on their relevance in the mechanics of anchor-
soil interaction, their presence in prior experimental and analytical studies [14,21], and
their representation of both material properties and geometric configuration. The necessity
of these parameters was confirmed by feature importance analysis, as their removal was
found to degrade model performance.

According to Figure 4, model 1 was created with all eleven input parameters; however,
in the analysis of models 2 to 12, one input parameter was removed each time to determine
the optimal model. The analysis of models 13 through 23 has been performed with only one
input parameter, allowing the identification of the effective parameters to be performed.

To train and validate the results of machine learning models, the K-fold cross-
validation method, with K = 5, was utilized. This approach divides the dataset into
five equal-sized subsets (folds), where each fold serves as a validation set once, while
the remaining four folds are used for training. The process is repeated five times, en-
suring that every data point is used for both training and validation exactly once. The
K =5 configuration was chosen as it offers a good balance between computational effi-
ciency and reliable performance estimation, providing sufficient validation iterations while
maintaining adequate training data size in each fold.

To properly assess model generalization and detect potential overfitting, the dataset
was initially split into training (80%) and test (20%) sets, with the test set held out en-
tirely during the model development process. The K-fold cross-validation was performed
exclusively on the training set to select optimal hyperparameters and evaluate model
performance during development. After model selection and training were completed,
a final performance evaluation was conducted on the previously unseen test set. This
methodology ensures an unbiased assessment of model performance, as the test set metrics
provide a reliable indicator of how well the models will generalize to new, unseen data.
Comparison between the cross-validation scores and test set performance allows for de-
tection of overfitting—significant degradation in test performance relative to validation
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performance would indicate that the model has memorized training patterns rather than
learned generalizable features.

2.6. Quality of Fit

To examine the precision, correlation, and complexity of DTR models, five criteria
were utilized, such as correlation coefficients (R), root mean square errors (RMSEs), the
Willmott Index (WI), coefficients of residual mass (CRMs), and Akaike Information Criteria
(AICs). These DTR models were evaluated based on the R and WI criteria. These models
were, however, assessed for their precision using RMSE indices. DTR models have also
been evaluated based on their performance and complexity using WI and AIC. R, and WI
criteria were found to be highly correlated with values observed when compared to one
representing the TDR model. Based on the proximity of the RMSE and CRM indices to
zero, it appears that the TDR model has the lowest degree of imprecision; however, the
complexity of the TDR model has not been examined based on the indices introduced. This
restriction was overcome using the Akaike Information Criteria (AIC). Therefore, the best
DTR model would have the lowest AIC index as well as the lowest error levels (RMSE and
CRM), along with the highest correlation (R and WI) [17]:

R = : 2 2 (6)
Yo —P) X/ 1(0i - 0)
j [— 2
RMSE = ani_lﬂ’i—oi) 7)
n . D)2
WI =1- Zi:l(f)l b) — (8)
i 1(|Pi — O] +10; — O)?
Yio10i -5 P
C = 9
kM Yi-10i ®)
j [— 2
AIC = n x log<\/nzi_l(Pi—Oi) ) +2k (10)

The values of O;, P;, O, P, n and k are the observations, the predicted amounts, the
average observational values, the average predicted amounts, the number of observations,
and the number of independent variables.

3. Results and Discussion

Table 2 demonstrates the results of statistical indices for the capacity of the DEA
predicted by the DTR models. The DTR models provided a clear hierarchy in predictive
performance based on input parameters. DTR 1 to 12 exhibited strong predictive capability,
with correlation coefficients (R) ranging from 0.937 to 0.973 and RMSE values between
441.5 KN and 671.3 KN. Notably, DTR 6 emerged as the optimal model, achieving an R of
0.973 and an RMSE of 441.5 KN, indicating that excluding certain parameters (e.g., shank
width bs) did not significantly degrade performance. In contrast, DTR 13 to 23, which
utilized only single parameters, performed poorly, with R values as low as 0.098 (DTR
18) and RMSE values exceeding 1800 KN. This stark decline underscored the multivariate
nature of anchor capacity prediction, where isolated parameters cannot capture the complex
interactions governing anchor behavior.
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Table 2. Results of statistical indices for the capacity of the DEA predicted by the DTR models.

Model R RMSE AIC CRM WI

DIR 1 0.971 450.486 175.836 0.002 0.998
DIR 2 0.951 586.961 183.191 0.007 0.996
DIR 3 0.937 671.341 186.924 0.010 0.994
DIR 4 0.969 477.945 177.480 0.005 0.997
DTR 5 0.971 467.628 176.874 0.008 0.997
DIR 6 0.973 441.456 175.273 0.004 0.998
DTR 7 0.970 462.494 176.567 0.003 0.997
DTR 8 0.966 488.400 178.082 0.003 0.997
DTR 9 0.968 479.950 177.597 0.009 0.997
DTR 10 0.961 524.644 180.071 0.006 0.997
DIR 11 0.953 583.052 183.005 —0.004 0.996
DTR 12 0.971 462.233 176.551 0.007 0.997
DTR 13 0.291 1826.026 214.736 —0.027 0.956
DIR 14 0.308 1812.104 214.524 —0.023 0.957
DIR 15 0.151 1908.426 215.963 —0.035 0.953
DIR 16 0.319 1805.962 214.429 —0.024 0.957
DIR 17 0.853 1016.991 198.468 0.025 0.986
DTR 18 0.098 1896.717 215.792 —0.020 0.952
DTR 19 0.918 787.096 191.346 0.022 0.992
DTR 20 0.918 787.096 191.346 0.022 0.992
DTR 21 0.918 787.096 191.346 0.022 0.992
DTR 22 0.918 787.096 191.346 0.022 0.992
DTR 23 0.853 1016.991 198.468 0.025 0.986

Anchor capacity in sand was governed by soil strength parameters (e.g., peak friction
angle ¢, dilation angle ¢) and anchor geometry (e.g., fluke length Ly, fluke width by). The
strong performance of DTR 6 suggested that fluke geometry and soil friction are dominant
factors, aligning with geotechnical theory that anchor holding capacity is primarily a
function of shear resistance along the fluke-soil interface.

Hence, DTR 6 as a function of effective unit weight (y’), peak friction (¢), dilation
angle (), dnchor friction (), fluke-shank angle («), fluke length (Lf), fluke width (by),
shank width (bs), shank length (L), and anchor submerged weight (Wal) showed the
highest level of precision, correlation, and the lowest level of complexity. According to
the sensitivity analysis, fluke length (L¢) was recognized as the most influential input
parameters to predict the anchor holding capacity using the DTR algorithm.

Table 3 presents the results of statistical indices for the capacity of the DEA predicted by
the RFR models. The Random Forest Regression (RFR) models consistently outperformed
DTR, with RFR 5 emerging as the top performer (R = 0.985, RMSE = 344.577 kN). This
represented a 22% improvement over the best DTR model, highlighting the advantages
of ensemble learning in handling non-linear relationships. The robustness of RFR models,
even with reduced parameters (e.g., RFR 8-12), suggested effective identification of key
parameter interactions. Regarding the modeling results, RFR’s success stemmed from
its ability to simulate progressive soil failure, particularly in cohesive sediments where
strain-softening behavior was significant. The model accurately captured the combined
effects of soil density (v'), friction angle (¢), and anchor geometry, mirroring real-world
anchor behavior across diverse seabed conditions.
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Table 3. Results of statistical indices for the capacity of the DEA predicted by the RFR models.

R RMSE AIC CRM WI
RFR 1 0.983 368.953 170.286 0.013 0.998
RFR 2 0.974 428.212 174.426 —0.003 0.998
RFR 3 0.979 398.256 172.410 0.007 0.998
RFR 4 0.983 362.948 169.830 0.012 0.998
RFR 5 0.985 344.577 168.386 0.009 0.999
RFR 6 0.983 357.348 169.398 0.011 0.998
RFR 7 0.976 417.060 173.693 0.007 0.998
RFR 8 0.984 354.298 169.160 0.011 0.998
RFR 9 0.984 354.298 169.160 0.011 0.998
RFR 10 0.984 354.298 169.160 0.011 0.998
RFR 11 0.983 357.755 169.429 0.011 0.998
RFR 12 0.983 362.963 169.831 0.012 0.998
RFR 13 0.236 1874.211 215.460 —0.033 0.954
RFR 14 0.313 1812.018 214.522 —0.027 0.957
RFR 15 0.130 1928.236 216.250 —0.040 0.952
RFR 16 0.280 1833.023 214.843 —0.029 0.956
RFR 17 0.853 1019.801 198.545 0.025 0.986
RFR 18 0.109 1898.251 215.815 —0.024 0.952
RFR 19 0.917 795.778 191.651 0.023 0.992
RFR 20 0.917 795.778 191.651 0.023 0.992
RFR 21 0.917 795.778 191.651 0.023 0.992
RFR 22 0.917 795.778 191.651 0.023 0.992
RFR 23 0.853 1019.801 198.545 0.025 0.986

Therefore, RFR 5 was known as the superior RFR model to predict the holding capacity
of DEAs using the RFR algorithm. The RFR 5 model predicted the target value using
effective unit weight (y’), peak friction (¢), dilation angle (), anchor weight (W), fluke-
shank angle (x), fluke length (L¢), fluke width (b¢), shank width (bs), shank length (Ls),
and anchor submerged weight (W,"), whereas RFR 19 was identified as the best model
between the models with one input parameter (L¢), so fluke length had the hieghest level
of effectiveness to model the target values.

Table 4 shows the results of statistical indices for the efficiency of the DEA predicted
by the DTR models. DTR models for efficiency prediction showed that DTR 1 (R = 0.971)
and DTR 19 (R = 0.764) were the most reliable. The significant performance gap between
these and single-parameter models (DTR 13 to 23) underscored that efficiency depended on
specific parameter combinations, particularly fluke-shank angle («) and submerged weight
(WJ'). Sensitivity analysis revealed that DTR 19's relative success was due to its focus on
parameters governing energy dissipation during anchor setting. The poor performance
of single-input models confirmed that no isolated variable could adequately represent the
complex soil-flow mechanisms around the anchor fluke.

Thus, DTR 1, as a function of all inputs, demonstrated the highest degree of accuracy,
correlation, and simplicity in estimating the efficiency of DEAs. Moreover, fluke length (L¢)
was the most important input parameter to model the efficiency of the DEA, since DTR 19
was the best model among the DTR models with one input.
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Table 4. Results of statistical indices for the efficiency of the DEA predicted by the DTR models.

Model R RMSE AIC CRM WI

DIR 1 0.971 0.897 2.977 0.001 0.998
DIR 2 0.963 1.021 6.570 —0.002 0.998
DIR 3 0.955 1.117 9.063 0.004 0.997
DIR 4 0.970 0.917 3.585 0.002 0.998
DTR 5 0.961 1.042 7137 0.000 0.998
DIR 6 0.964 1.007 6.195 —0.001 0.998
DTR 7 0.940 1.285 12.974 0.004 0.996
DTR 8 0.971 0.897 2.986 —0.002 0.998
DTR 9 0.964 1.002 6.054 0.001 0.998
DTR 10 0.966 0.976 5.328 0.000 0.998
DIR 11 0.955 1.123 9.233 —0.003 0.997
DTR 12 0.965 0.992 5.788 0.000 0.998
DTR 13 0.495 3.305 39.224 0.018 0.974
DTR 14 0.511 3.246 38.722 0.008 0.976
DIR 15 0.351 3.564 41.327 0.012 0.970
DIR 16 0.457 3.402 40.033 0.018 0.973
DIR 17 0.581 3.072 37.195 0.008 0.978
DTR 18 0.169 3.732 42.606 0.008 0.967
DTR 19 0.764 2.429 30.672 0.001 0.987
DTR 20 0.764 2.429 30.672 0.001 0.987
DTR 21 0.764 2.429 30.672 0.001 0.987
DTR 22 0.764 2.429 30.672 0.001 0.987
DTR 23 0.581 3.072 37.195 0.008 0.978

Table 5 represents the results of statistical indices for the efficiency of the DEA pre-
dicted by the RFR models. RFR models demonstrated exceptional consistency, with RFR 6
(R=0.977) and RFR 19 (R = 0.767) leading in efficiency prediction. The minimal variation
between RFR 1-12 indicated that the ensemble method effectively prioritized the most
influential parameters, such as o« and W,". From a geotechnical standpoint, RFR’s accuracy
reflected its ability to model energy transfer during anchor penetration, including soil
deformation and frictional losses. The maintained performance with fewer parameters
suggested that the algorithm identified physically dominant interactions, aligning with
experimental observations of anchor behavior.

Therefore, RFR 6, as the best RFR model in estimating the efficiency of the DEA,
predicted the objective function in terms of effective unit weight (y’), peak friction (¢),
dilation angle (1), dnchor friction (8), fluke-shank angle (x), fluke length (L¢), fluke width
(bg), shank width (bs), shank length (L), and anchor submerged weight (W). Similarly,
among the models with one input, RFR 19 was the best model, as a result, the fluke length
(L¢) was detected as the most significant parameter to model the efficiency of DEA in the
sand seabed.

Figure 5 shows the scatter plots for the best DTR and RFR models for modeling the
holding capacity and efficiency of the DEAs in the sand seabed. Regarding the mod-
eling results, the superior ML models demonstrated the highest level of correlation in
comparison to other ML models. The scatter plots illustrated RFR’s superior predictive ca-
pability. For capacity, RFR 5 (Figure 5c) exhibited tight clustering around the 1:1 line, while
DTR 19 (Figure 5b) showed dispersion at higher loads. DTR 6 showed strong agreement
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between simulated and observed capacities using a DTR with 10 input features. Most points
are situated close to the diagonal, indicating good prediction accuracy. For efficiency, RFR
6 (Figure 5g) achieved near-perfect alignment, whereas DTR 19 (Figure 5f) underestimated
efficiency in low-friction soils. The RFR 6 model provided a good prediction of efficiency,
closely following the observed trend.

Table 5. Results of statistical indices for the efficiency of the DEA predicted by the RFR models.

R RMSE AIC CRM WI
RFR 1 0.977 0.821 0.525 0.002 0.999
RFR 2 0.957 1.109 8.872 —0.007 0.997
RFR 3 0.956 1.113 8.964 0.003 0.997
RFR 4 0.977 0.827 0.726 0.003 0.999
RFR 5 0.977 0.826 0.693 0.002 0.999
RFR 6 0.977 0.821 0.525 0.002 0.999
RFR 7 0.875 1.858 23.215 0.005 0.993
RFR 8 0.975 0.853 1.575 0.001 0.998
RFR9 0.976 0.831 0.853 0.002 0.999
RFR 10 0.977 0.826 0.686 0.001 0.999
RFR 11 0.969 0.941 4.298 0.002 0.998
RFR 12 0.975 0.849 1.445 0.001 0.998
RFR 13 0.493 3.305 39.227 0.017 0.974
RFR 14 0.511 3.242 38.689 0.006 0.976
RFR 15 0.350 3.569 41.365 0.011 0.970
RFR 16 0.466 3.366 39.737 0.012 0.974
RFR 17 0.587 3.057 37.059 0.008 0.978
RFR 18 0.138 3.751 42.749 0.010 0.967
RFR 19 0.767 2417 30.529 0.003 0.987
RFR 20 0.767 2417 30.529 0.003 0.987
RFR 21 0.767 2417 30.529 0.003 0.987
RFR 22 0.767 2417 30.529 0.003 0.987
RFR 23 0.587 3.057 37.059 0.008 0.978

Geotechnically, these trends mirrored the non-linear response of marine sediments
to anchor loading. RFR’s ensemble approach better captured the transition from elastic
to plastic soil behavior, a critical factor in capacity and efficiency prediction. RFR models
tended to be more stable than DTR, especially RFR 5 and RFR 6.

Figure 6 demonstrates the results of error analysis for the best DTR and RFR models
to predict the holding capacity and efficiency of DEAs. Error distributions revealed that
RFR models (Figure 6¢,g) maintained symmetric, low-magnitude errors, while DTR models
(Figure 6b,f) exhibited skewness. This indicated that RFR balanced predictions across all
soil conditions, whereas DTR struggled with extreme values. RFR 5 achieved the best
performance for both capacity (83% < 10% error) and efficiency (94% < 10% error), while
DTR 1 also demonstrated strong results for efficiency (90% < 10% error). For the DTR
6 model, 71% of predictions were within 10% error, and only 2% exceeded 20%, indicating
strong predictive performance. The holding capacity predicted by the DTR 19 model had
an error of 23% within a 10% range, and 25% of the results had errors of greater than
20%. In contrast, models using 19 features (DTR 19 and RFR 19) performed poorly, with
a notable increase in errors > 20%. Overall, the results suggested that Random Forest
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models outperformed Decision Trees, and that minimizing the number of input features
significantly enhanced prediction reliability. The geotechnical interpretation highlighted
RFR’s advantage in handling heterogeneous seabed, where anchor performance varied
significantly with soil type and density. DTR’s limitations in extrapolating beyond training
data were particularly evident in cohesive soils.
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Figure 5. Scatter plots for (a) capacity predicted by DTR 6 (b) capacity predicted by DTR 19 (c) capacity
predicted by RFR 5 (d) capacity predicted by RFR 19 (e) efficiency predicted by DTR 1 (f) efficiency
predicted by DTR 19 (g) efficiency predicted by RFR 6 (h) efficiency predicted by RFR 19.
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Figure 6. Error analysis plots for (a) capacity predicted by DTR 6 (b) capacity predicted by DTR
19 (c) capacity predicted by RFR 5 (d) capacity predicted by RFR 19 (e) efficiency predicted by
DTR 1 (f) efficiency predicted by DTR 19 (g) efficiency predicted by RFR 6 (h) efficiency predicted
by RFR 19.
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Figure 7 shows the discrepancy ratio (DR) values, minimum, average, and maximum,
for both capacity and efficiency predictions using different models. DR is defined as the
predicted values to observed values ratio, and the magnitude of the DR approaching unity
indicates the better performance of the ML model. For capacity predictions, DR(max)
consistently reached around 1.6 across all models (a & d), while DR(min) remained close
to zero, and DR(ave) hovered around 0.6-0.7. For efficiency predictions (e & h), a similar
pattern was observed: DR(max) values were also near 1.6, DR(min) close to 0, and DR(ave)
values fell in the 0.6 to 0.7 range, indicating comparable dispersion and consistency in
prediction discrepancies across all models.
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RFR models (Figure 6¢,g) consistently stayed within +10% error bands for capacity
and +5% for efficiency. In contrast, DTR models (Figure 6b,f) exceeded £20% errors in
certain conditions.

These results aligned with field data, where anchor capacity in stiff clay and efficiency
in loose sand showed high variability. RFR’s robustness against such variability made it
preferable for practical applications.
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Figure 7. Discrepancy ration analysis plots for (a) capacity predicted by DTR 6 (b) capacity predicted
by DTR 19 (c) capacity predicted by RER 5 (d) capacity predicted by RFR 19 (e) efficiency predicted
by DTR 1 (f) efficiency predicted by DTR 19 (g) efficiency predicted by RFR 6 (h) efficiency predicted
by RFR 19.

Figure 8 presents a comparison between observed and predicted values for two different
performance metrics, capacity and efficiency, using DTR and RFR models across varying
configurations. Subplots (a) through (d) depicted the capacity predictions, while (e) through
(h) illustrated the efficiency predictions. Overall, both regression models demonstrated
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a strong ability to track the observed trends, although prediction accuracy varied across
configurations. For capacity prediction, DTR 6 (a) and RFR 5 (c) closely follow the peaks
and troughs of the observed values, indicating excellent fitting, while DTR 19 (b) and
RFR 19 (d) showed slightly more deviation, particularly at sharp peaks, suggesting some
reduced generalization. Similarly, in efficiency prediction, DTR 1 (e) and RFR 6 (g) showed
high consistency with observed values, capturing fluctuations well. On the other hand,
DTR 19 and RFR 19 revealed more scattered predictions, with noticeable divergence from
observed trends, particularly between observation numbers 10 and 30. This indicated
that lower tree depth (or fewer estimators) might help preserve model generalizability in
these cases. Hence, the DTR 6, RFR 5, DTR 1, and RFR 6 models seemed to perform better,
potentially due to reduced complexity and overfitting.
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Figure 8. Comparison between observed with (a) capacity predicted by DTR 6 (b) capacity predicted
by DTR 19 (c) capacity predicted by RER 5 (d) capacity predicted by RFR 19 (e) efficiency predicted

by DTR 1 (f) efficiency predicted by DTR 19 (g) efficiency predicted by RFR 6 (h) efficiency predicted
by RFR 19.
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RFR models matched observed values across the full range, while DTR models devi-
ated at extremes. This demonstrated RFR’s ability to generalize across diverse geotechnical
conditions. The geotechnical significance was in RFR’s simulation of progressive anchor-
soil failure, a complex phenomenon that single-tree models like DTR could not fully capture.
This explained RFR’s superior performance in real-world scenarios.

The study demonstrated that RFR significantly outperformed DTR in predicting both
anchor holding capacity and efficiency due to its ensemble learning approach, which effec-
tively handled complex, non-linear relationships in the data. Key parameters influencing
predictions were identified, with soil strength (¢) proving critical for capacity estimation
and fluke-shank angle (x) being paramount for efficiency assessment. Single-parameter
models consistently failed to capture the intricate soil-anchor interactions, underscoring
the necessity of multivariate analysis for accurate predictions. RFR exhibited superior
performance characteristics, maintaining a symmetric and tightly distributed error pattern
that remained within £10% for capacity and +5% for efficiency, meeting rigorous engi-
neering standards. These robust findings offered valuable, practical insights for offshore
anchor design optimization, highlighting the transformative potential of advanced machine
learning techniques in geotechnical engineering applications. The research validated RFR
as a reliable predictive tool capable of addressing the complex, multi-faceted challenges
inherent in marine foundation design, while simultaneously demonstrating the limitations
of simpler modeling approaches in this domain.

To rigorously mitigate the overfitting issue, 5-fold cross-validation (K = 5) was in-
corporated into the methodology during model training and evaluation. The data was
randomly partitioned into 5 equal subsets (folds), with 4 folds being used for training
and 1 for testing in each iteration, and this process was repeated five times to ensure that
each sample served as a test instance once, while final performance metrics were averaged
across the 5 runs to reduce variance and prevent overfitting to any particular partition,
thus ensuring that the reported performance metrics (e.g., RMSE, R, AIC, Willmott Index)
reflect true generalization ability rather than mere in-sample fitting. Evidence of controlled
overfitting was demonstrated through RFR models that exhibited tight error bands with
83% of predictions within +10% error for capacity and 94% within £5% for efficiency,
while DTR models showed more dispersion but still provided useful baseline comparisons,
and discrepancy ratio analysis confirmed that model predictions closely tracked observed
values across the full dataset with low variance across folds.

Feature sensitivity analysis and model pruning were included in the methodology,
with both approaches identifying dominant physical relationships where capacity was
found to be influenced by peak friction angle (¢) and dilation angle (¢) governing shear
strength, as well as fluke length (L¢) and fluke width (b¢) controlling bearing area and
interaction depth, while efficiency was influenced by fluke-shank angle («) and submerged
weight (W) affecting embedment trajectory and load transfer. These findings were ob-
served to match field observations and mechanistic expectations [2], and the superior
performance of multivariate models versus univariate models was noted to quantitatively
reinforce that capacity and efficiency emerge from complex, interdependent soil-anchor
behaviors rather than from any single variable.

4. Conclusions

This study held substantial importance for both geotechnical engineering and offshore
mooring system design by addressing critical challenges in predicting the performance of
Drag Embedment Anchors (DEAs). It introduced machine learning (ML) techniques, DTR
& RFR, as cost-effective, accurate, and efficient alternatives to traditional empirical and
numerical methods such as finite element analysis. It was demonstrated that RFR outper-
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formed single-tree models due to its ensemble learning approach, which better captured
non-linear soil-anchor interactions. The study identified critical parameters influencing
DEA performance, with soil strength (¢) being the dominant factor for holding capacity and
fluke-shank angle (x) the most influential for anchor efficiency. It validated that multivari-
ate models were essential, as single-parameter predictions failed (R < 0.5), reinforcing the
need for holistic soil-anchor interaction analysis. Highly accurate predictive models (RFR
with R > 0.97, RMSE < 5%) were provided for offshore mooring systems, ensuring safer and
more efficient anchor deployment. The study showed that RFR maintained +10% error for
capacity and £5% for efficiency, meeting rigorous engineering standards for reliability. It
offered a data-driven framework adaptable to different seabed conditions (e.g., clay, mixed
soils) and anchor designs. Economically and environmentally, the study reduced reliance
on expensive experimental testing such as centrifuge tests and field trials by providing
computationally efficient ML models, and enhanced sustainability by optimizing anchor
designs, minimizing material waste, and improving long-term mooring stability in offshore
energy projects like wind turbines and oil platforms. It set a benchmark for applying
ML in geotechnical anchor analysis and encouraged further integration of Al in offshore
engineering, including real-time monitoring and adaptive mooring systems. Addition-
ally, it suggested future work on dynamic loading, cyclic seabed conditions, and hybrid
ML-physics models for greater accuracy. Overall, this study bridged the gap between
traditional geotechnical methods and modern data science, offering a reliable, scalable,
and efficient solution for DEA performance prediction with immediate applications in
offshore construction, renewable energy, and marine infrastructure, contributing to safer,
more economical, and sustainable mooring systems worldwide.

The framework can be easily adapted through retraining with datasets involving clays
or mixed soils, incorporation of cyclic load features, e.g., load frequency, amplitude, and
utilization of transfer learning if real-world data becomes available. Future studies can
be conducted to test the model under cyclic seabed stressors, erosion, and multi-anchor
systems, with the model’s modular architecture being leveraged for these investigations.

As the most important practical benefits of the current study, time-consuming field and
centrifuge tests for preliminary design are replaced, design optimization for floating wind
farms is enabled, sustainability is improved through minimized material use, and cost-
sensitive offshore installations are supported. However, limitations exist: the study is based
on synthetic data, requiring calibration with field tests; validation has only been conducted
for sand seabed thus far; and dynamic loading, along with long-term degradation effects,
have not yet been modeled. These aspects are openly highlighted, and future research
directions are suggested.
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