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 a b s t r a c t

Environmental information is vital for the safety of marine operations, with waves being the primary external 
force affecting floating structures. Accurate sea state estimation enhances safety and efficiency in offshore activ-
ities, particularly as ocean engineering becomes increasingly complex. The wave buoy analogy (WBA) utilizes 
ship motion data to estimate wave energy distribution, offering a cost-effective and flexible solution for real-time 
monitoring. Although non-stationary ocean waves are often approximated as stationary for large-scale observa-
tions, the simplification can introduce potential inaccuracies and uncertainties in WBA technologies. It overlooks 
the inherent time-involved nature of waves, leading to errors in real-time applications of the WBA. To address 
these challenges, semi-stationary sea states are defined, and a wavelet-based adaptive segmentation algorithm is 
proposed for time-dependent sea state estimation, mitigating the inaccuracies inherent in traditional stationary 
assumptions. Simulations demonstrate the effectiveness of the proposed approach.

1.  Introduction

Environmental information is critical for ensuring the safety of var-
ious marine operations (Fossen, 2011; Ren et al., 2021b; Wang et al., 
2025). Among external forces, waves are the most dominant factor af-
fecting floating structures. As a result, sea state estimation is essential 
for maintaining safety, improving efficiency, and supporting decision-
making in offshore crane operations, pile driving, and other marine ac-
tivities. It becomes especially important given the increasing scale and 
complexity of modern marine operations (Ren et al., 2021c; Ma et al., 
2024; Yan et al., 2025).

Conventional observation methods such as satellite, wave rider 
buoys, and ship-borne wave radar are commonly used for monitoring 
wave conditions. However, airborne observations often introduce sig-
nificant time delays and provide lower resolution (Martin, 2014), which 
may not be adequate for marine activities that require real-time support 
and low-risk tolerance. Wave rider buoys are one of the most commonly 
used solutions for wave monitoring, offering accurate wave parameters 
by processing data from accelerometers. However, their complex de-
ployment and retrieval make them better suited for long-term service 
than for marine operations that require frequent relocation. Ship-borne 
wave radar, typically X-band radar, is a powerful tool that offers real-
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time updates while being able to move with the ship (Huang et al., 
2017). However, its high cost and frequent calibration requirements re-
sult in a relatively low deployment rate. The wave buoy analogy (WBA) 
aims to extract valuable sea state information by using ship motions as 
input. It estimates the on-site distribution of wave energy by analyz-
ing readily accessible ship responses (Iseki and Ohtsu, 2000; Tannuri 
et al., 2003). This approach balances real-time capabilities with flexi-
bility, and due to the widespread installation of motion sensors, it can 
achieve near-zero-cost observations. As a result, the WBA serves as a 
valuable supplement to traditional sea state observation methods, of-
fering a more flexible and responsive solution for real-time monitoring 
during marine operations.

The concept and mathematical formulation of wave estimation from 
ship motions are initially proposed by Iseki and Ohtsu (2000), Tan-
nuri et al. (2003). Through years of development, it has become widely 
adopted within the community and continues to evolve with advance-
ments in technology and methodology (Nielsen et al., 2023a). Paramet-
ric and non-parametric approaches are two options for solving the ill-
posed sea state estimation problem. Parametric approaches rely on pre-
defined wave spectrum shape, such as JONSWAP and Bretschneider, 
which limit adaptability and flexibility. Nonparametric approaches, on 
the other hand, are free from the limitations of predefined spectrum 
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shapes and can directly provide the distribution of wave power, offering 
a more accurate and flexible solution. Additionally, WBA techniques can 
be categorized into model-based and data-driven approaches, based on 
the requirement for wave-response transfer functions, i.e., the response 
amplitude operators (RAOs) (Majidian et al., 2022).

In model-based approaches, the linear assumption is applied to sim-
plify the ship’s response to waves as a linear superposition of individ-
ual wave components. RAO serves as the transfer function, with the 
sea state estimation framed as an inverse problem to be solved. The 
Bayesian framework provides a powerful method for integrating prior 
information with observational data, offering a robust and transparent 
way to estimate sea conditions while explicitly accounting for uncer-
tainties (Nielsen, 2008; Mas-Soler and Simos, 2020). Different variants 
of Kalman filters are employed to solve the inverse problem of sea state 
estimation in real time. The Kalman filter efficiently integrates new data 
into the existing estimate while accounting for uncertainties in both the 
model and the measurements, offering a robust solution (Pascoal and 
Guedes Soares, 2009; Kim et al., 2019; Peng et al., 2019). Optimiza-
tion methods provide another powerful approach, aiming to determine 
the best sea state that explains the observed ship motions. These tech-
niques work by minimizing the discrepancy between the modeled ship 
response and the actual observations, leading to more accurate sea state 
estimations (Pascoal et al., 2017; Ren et al., 2021a; Zhang et al., 2024).

The data-driven WBA endeavors to estimate wave information 
through the utilization of either online or offline training models, aiming 
to reduce reliance on the RAOs. Therefore, it is crucial to consider well-
prepared training data that encompasses a wide range of possible pa-
rameter combinations and wave spectrum shapes (Nielsen et al., 2024). 
Classifiers (Tu et al., 2018), convolutional neural networks (Cheng et al., 
2019; Kawai et al., 2021), adversarial networks (Han et al., 2022b), 
and multi-task learning (Mittendorf et al., 2022) techniques are often 
employed to capture the complexity of sea state estimation. A compar-
ison between time-domain and frequency-domain models in terms of 
accuracy is essential to evaluate their performance (Mittendorf et al., 
2022). Additionally, the involvement of physics-based information can 
significantly improve accuracy by integrating model-based wave-ship 
interactions into the learning framework (Han et al., 2022a; Nielsen 
et al., 2023b). Nevertheless, the constraints imposed by the scarcity 
of training data and the high computational costs must be taken into
account.

Aside from sea state estimation, there are also intriguing topics and 
research within the WBA framework. The investigation of parameter-
ized, frequency-domain models using alternative inputs like hull stress 
responses represents a key effort to further utilize monitoring data (Chen 
et al., 2021, 2020). Concurrently, advancing high-resolution, phase-
resolved wave reconstruction in the time-domain is essential for han-
dling short-term and multi-directional sea states (Takami et al., 2022, 
2023). Identifying or tuning a ship seakeeping model parameters is 
one such topic (Takami et al., 2024; Han et al., 2021; Brodtkorb and 
Nielsen, 2023). Additionally, multi-spectral fusion techniques have been 
explored to improve sea state estimation (Nielsen et al., 2019; Zhang and 
Ren, 2025). Furthermore, addressing the correction of the Doppler ef-
fect in advancing ships is another important consideration in this field 
(Nielsen, 2017; Mounet et al., 2023).

Estimating the wave spectrum requires time-frequency transforma-
tion, a crucial preliminary step in converting time-domain responses into 
the frequency domain. For wave rider buoys, the power spectral density 
of heave, pitch, and roll motions can be directly used to derive wave 
parameters. In large-scale observations, time-involved sea conditions 
are often simplified to a stationary system, allowing for 30-min man-
ual segmentation in moored buoy measurements, a practice also com-
mon in WBA. However, such simplifications introduce inaccuracies and 
uncertainties in onsite WBA operations by neglecting time-dependent 
variations. Additionally, small deviations in the response spectra can 
be significantly amplified in the ill-posed system, leading to potentially 
misleading estimates.

To address these challenges, we propose a wavelet-based adaptive 
segmentation algorithm that enhances real-time WBA performance by 
adapting to time-involved sea states. Simulations verify the method’s 
effectiveness in capturing the inherent variability of ocean waves. The 
main contributions of the present study are highlighted as follows

• Semi-stationary evolutionary sea states are considered to closely re-
flect practical sea conditions.

• Wavelet-based response spectral analysis is applied for balancing 
time-domain resolution and frequency-domain accuracy.

• Adaptive segmentation algorithm is introduced to detect the evolu-
tion in the time-involved sea state, enhancing real-time capabilities.

The paper is organized as follows. Section 2 formulates the WBA 
problem within a mathematical framework and outlines the challenges 
this work aims to address. Section 3 introduces the proposed adaptive 
segmentation algorithm. Section 4 exhibits the simulation results and 
Section 5 concludes the study.

2.  Problem formulation

2.1.  Ship as a buoy

The conception of using an oscillating ship as a wave buoy to observe 
the real-time sea state is building upon the simplified linear relationship 
between waves and ship responses. The wave-induced forces and mo-
ments acting on the ship are typically determined using potential flow 
theory, assuming inviscid, incompressible, and irrotational flow. Within 
a simplified framework of wave-body interaction, the ship’s motions are 
assumed to be small and proportional to the wave amplitudes, allowing 
for a linear superposition of wave-induced responses in the time domain. 
Meanwhile, in the frequency domain, the motion RAOs describe how a 
ship responds to wave excitation at different frequencies, thus estab-
lishing a connection between the wave spectrum and the ship’s motion 
spectra. The WBA involves the inverse resolution of wave information 
by leveraging easily accessed ship motions (see Fig. 1).

In this study, the dynamic positioning (DP) scenario, a common sit-
uation in marine operations, is considered. The global reference frame 
is oriented with true north at zero degrees, progressing clockwise, and 
the distribution along a ship’s longitudinal axis is referred to as the 
body-fixed reference frame. The ship’s six degrees of freedom (DOFs) 
motions (surge, sway, heave, roll, pitch, yaw) are indexed by the set 
𝕁 = {1, 2, 3, 4, 5, 6}, respectively. Heave, roll, and pitch motions are uti-
lized to derive real-time sea state because the influence of the DP system 
can be neglected (Skjetne and Ren, 2020), i.e., 𝕀 = {3, 4, 5} ⊆ 𝕁. The total 
number of selected motions is denoted by 𝑁𝑑 = 3. The directional wave 
spectrum, denoted by 𝐸(𝜔, 𝛼), is a two-dimensional variable that varies 
with frequency 𝜔 and incoming wave direction 𝛼. During onsite observa-
tion, the ship’s heading angle with respect to the true North, denoted by 
𝜂, is known and used to transform from body-fixed to global references 
frame. The transformation is represented as 𝐸(⋅, 𝛽) = 𝐸(⋅, 𝛼 − 𝜂), where 
𝛽 is the wave direction relative to the vessel’s heading (see Fig. 2).

The linear wave-ship system in the frequency domain is discretized 
into a network with 𝑁𝜔 frequencies and 𝑁𝛽 directions. The specific fre-
quency and direction are indexed by 𝑚 ∈ 𝕄 = {1, ⋅𝑠,𝑁𝜔} and 𝑛 ∈ ℕ =
{1, ⋅𝑠,𝑁𝛽}, respectively. Consequently, the ship’s response cross-spectra 
at specific frequency 𝜔𝑚 can be expressed as the integral over all wave 
headings, yielding

𝑆𝑖𝑗 (𝜔𝑚) = ∫

𝜋

−𝜋
Φ𝑖(𝜔𝑚, 𝛽)Φ𝑗 (𝜔𝑚, 𝛽)𝐸(𝜔𝑚, 𝛽)d𝛽

≈ Δ𝛽
𝑁𝛽
∑

𝑛=1
Φ𝑖(𝜔, 𝛽𝑛)Φ𝑗 (𝜔𝑚, 𝛽𝑛)𝐸(𝜔𝑚, 𝛽𝑛),

(1)

where 𝑆𝑖𝑗 is the cross-spectra between the 𝑖th and 𝑗th DOFs with 𝑖, 𝑗 ∈
𝕀, Φ is the complex transfer function Φ(𝜔, 𝛽) = ℜ(Φ(𝜔, 𝛽)) + 𝐢ℑ(Φ(𝜔, 𝛽)), 
and Δ𝛽 is the intervals among the discrete 𝛽𝑛. Because of the complex 
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Fig. 1. Overview of the WBA concept.

Fig. 2. Ship’s coordinate system and the the six degrees of freedom.

nature of cross spectra and transfer functions, the linear equation Eq. (1) 
at specific frequency can be formulated in a three-section vector form, 
expressed as

𝑏𝑚 = 𝐴𝑚𝑓𝑚 (2)

where 𝑏𝑚 ∈ ℝ𝑁2
𝑑  is a vector containing elements related to the real and 

imaginary parts of the response spectra, 𝐴𝑚 ∈ ℝ𝑁2
𝑑×𝑁𝛽  is a three-section 

matrix constructed from transfer functions, and 𝑓𝑚 ∈ ℝ𝑁𝛽  involves the 
wave spectrum at specific frequency, given by

𝑏𝑚
(

𝜔𝑚
)

=
[

𝑆𝑖𝑖
(

𝜔𝑚
)

,… ,ℜ
(

𝑆𝑖𝑗
(

𝜔𝑚
))

,… ,ℑ
(

𝑆𝑖𝑗
(

𝜔𝑚
))

,…
]⊤, (3a)

𝐴𝑚(𝜔𝑚) =

⎡

⎢

⎢

⎢

⎢

⎣

⋅𝑠 ℜ(Φ𝑖(𝜔𝑚, 𝛽))ℜ(Φ𝑖(𝜔𝑚, 𝛽)) +ℑ(Φ𝑖(𝜔𝑚, 𝛽))ℑ(Φ𝑖(𝜔𝑚, 𝛽)) ⋅ 𝑠
⋮
⋅𝑠 ℜ(Φ𝑖(𝜔𝑚, 𝛽))ℜ(Φ𝑗 (𝜔𝑚, 𝛽)) +ℑ(Φ𝑖(𝜔𝑚, 𝛽))ℑ(Φ𝑗 (𝜔𝑚, 𝛽)) ⋅ 𝑠
⋮
⋅𝑠 ℑ(Φ𝑖(𝜔𝑚, 𝛽))ℜ(Φ𝑗 (𝜔𝑚, 𝛽)) −ℜ(Φ𝑖(𝜔𝑚, 𝛽))ℑ(Φ𝑗 (𝜔𝑚, 𝛽)) ⋅ 𝑠

⎤

⎥

⎥

⎥

⎥

⎦

Δ𝛽,

(3b)

𝑓𝑚
(

𝜔𝑚
)

=
[

𝐸
(

𝜔𝑚, 𝛽1
)

, 𝐸
(

𝜔𝑚, 𝛽2
)

,… , 𝐸
(

𝜔𝑚, 𝛽𝑁𝛽
)]⊤

. (3c)

Assembling equations from all considered frequencies yields

𝐛 = 𝐀𝐟 , (4)

where 𝐛 = [𝑏⊤1 , 𝑏
⊤
2 , ..., 𝑏

⊤
𝑁𝜔

]⊤ ∈ ℝ𝑁2
𝑑𝑁𝜔 , 𝐀 ∈ ℝ𝑁2

𝑑𝑁𝜔×𝑁𝛽𝑁𝜔 , and 
𝐟 = [𝑓⊤1 , 𝑓

⊤
2 , ..., 𝑓

⊤
𝑁𝜔

]⊤ ∈ ℝ𝑁𝛽𝑁𝜔 . The cutoff frequency 𝜔𝑁𝜔  is se-
lected where the values of the response spectra tend towards zero, 
which means the wave-induced responses excited by the wave compo-
nents with frequencies larger than 𝜔𝑁𝜔  are neglected. Hereafter, the 
sea state estimation involves solving for the unknown directional wave 
spectrum from Eq.  (4), which is an ill-posed inverse problem.

One commonly used technique for addressing inverse problem is con-
vex optimization. Sparse regression can be introduced to improve the 
estimation performance. The sparsity and smoothness control terms for 
wave spectrum estimation have been described in previous study (Ren 
et al., 2021a). Regularization regression based cost function is estab-
lished to calculate the vector-form wave spectrum 𝐟 from the transfer 
matrix 𝐀 and response spectra 𝐛, additionally. The wave spectrum esti-
mate 𝐟 is received by solving the following cost function
𝐟 = arg min𝐟 ||𝐀𝐟 − 𝐛||22 + 𝛾1||𝐟 ||1 + 𝛾2||𝐷𝐟 ||22,
s.t. 𝐟 ≥ 0,

(5)

where 𝛾1 and 𝛾2 are tuning parameters that provide trade-offs be-
tween accuracy and smoothness. The matrix 𝐷 is a differential matrix 
specifically constructed to enforce this smoothness. It is built as a sparse 
matrix, with its rows designed to calculate the second-order differences 
between adjacent elements of the 𝐟 vector. This calculation is performed 
along both the frequency (𝜔) and directional (𝛽) dimensions of the wave 
spectrum. Therefore, minimizing the ||𝐷𝐟 ||22 term “penalizes” any solu-
tion 𝐟 that is not smooth, i.e., has high curvature or sharp oscillations, 
ensuring unsmooth estimates are less likely to be accepted. Since the 
real wave spectrum is non-negative, the constraint 𝐟 ≥ 0 is enforced in 
Eq. (5). Finally, by reshaping the optimal 𝐟 into a matrix, we obtain the 
estimated directional wave spectrum, representing the current sea state.

2.2.  Semi-stationary wave-ship interaction

Ocean waves are inherently non-stationary processes, with proper-
ties that change constantly over time. Consequently, wave-induced re-
sponses in floating structures exhibit time-dependent variability, as their 
transfer functions are generally time-invariant. A stationary assumption 
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Fig. 3. Construction of the semi-stationary sea states.

is often applied in large-scale observational analysis to facilitate statis-
tical estimation (Iseki and Ohtsu, 2000). However, the simplification is 
not suitable for capturing the short-term, time-dependent variation that 
is crucial for WBA techniques.

time-involved sea states are modeled to demonstrate the neces-
sity and effectiveness of the proposed method. An approach termed 
’semi-stationary sea states’ is introduced, defined as an evolutionary 
process where wave properties change continuously. Such a defini-
tion contrasts with earlier approaches that assumed constant half-hour
intervals.

The simulation of this evolutionary process is inspired by configura-
tions in marine operation software (SINTEF, 2024). A one-hour condi-
tion is divided into four sequential stages, with the specific time of each 
changepoint occurring randomly. To model a continuous, non-discrete 
evolution, ‘evolutionary phases’ are introduced between the stages. Dur-
ing these phases, the wave parameters undergo a linear interpolation 
from the preceding stage’s parameters to the next. This combination of 
random changepoints and gradual, linear evolution is intended to ap-
proximate the unpredictable and continuous nature of real-world sea 
states. The resulting model structure is illustrated in Fig. 3 and repre-
sents a continuous process.

The semi-stationary wave spectrum with time-involved wave param-
eters can be established as 
𝐸(𝜔, 𝛽, 𝑡) = 𝑃 (𝜔, 𝑡) ⋅ 𝑝𝑁(𝛽, 𝑡). (6)

In the construction of the semi-stationary directional wave spectrum 
𝐸(𝜔, 𝛽, 𝑡), the time dependent wave spectrum 𝑃 (𝜔, 𝑡) and spreading func-
tion 𝑁(𝛽, 𝑡) are cross-multiplied.

The wave spectrum was discretized into a 𝑁𝜔 ×𝑁𝛽 matrix. The trans-
fer functions for wave-response interaction were discretized on the same 
scale. The responses of the DP ship under such a semi-stationary sea state 
can be modeled as a superposition of the product of the RAOs and the di-
rectional wave spectrum, which encompasses all wave frequencies and 
directions, given by 

𝑅𝑖(𝑡) =
𝑁𝜔
∑

𝑚=1

𝑁𝛽
∑

𝑛=1
𝑎𝑚𝑛(𝑡)cos(𝜔𝑚𝑡 + 𝜙𝑚𝑛 + 𝜖𝑚𝑛), (7a)

𝑎𝑚𝑛(𝑡) = |Φ𝑖(𝜔𝑚, 𝛽𝑛)|
√

2𝐸(𝜔𝑚, 𝛽𝑛, 𝑡)Δ𝜔Δ𝛽, (7b)

𝜙𝑚𝑛 = arctan
(

ℑ[Φ𝑖(𝜔𝑚, 𝛽𝑛)]
ℜ[Φ𝑖(𝜔𝑚, 𝛽𝑛)]

)

, (7c)

where 𝑅𝑖 denote the ship’s motion at specific DoF, 𝜙𝑚𝑛 represents the 
phase information of the ship motion RAO, and 𝜖𝑚𝑛 represents the ran-
dom phase of the waves at specific frequency 𝜔𝑚 and wave heading 𝛽𝑛. 
Total number of 𝑁𝜔 frequencies and 𝑁𝛽 wave directions are considered. 
The increments of the discrete frequencies and directions are denoted 
as Δ𝜔 and Δ𝛽 respectively.

2.3.  Necessity of time-involved analysis

The assumption of stationary sea conditions, commonly approxi-
mated by 30-min segmentation, is widely adopted within the WBA 
community for near real-time measurements (Nielsen and Dietz, 2020; 
Han et al., 2022b). While this approach may be suitable for long-term 
analyses, such as seasonal or annual forecasting with fixed-position 
wave rider buoys, short-term variations in wave direction and frequency 

are critical for supporting onsite marine operations, where specific 
wave characteristics can significantly impact activities. Unlike wave 
buoys, which allow direct derivation of sea states through power spec-
tral density analysis, WBA faces a highly ill-posed inverse wave spec-
trum resolution problem, where even minor biases in the cross-spectra 
of ship responses can result in considerable errors in wave spectrum
estimates.

Based on Eq. (4), a theoretical benchmark can be established for the 
input to the WBA solver. We define this as the ideal response spectra: 
the spectra derived directly from the mathematical model by multiply-
ing the known transfer functions with the ground truth semi-stationary 
wave spectra. Fig. 4 illustrates the time-frequency distributions of these 
ideal self and cross spectra for a predefined semi-stationary sea state. 
The specific case shown is Sea state 1. The detailed formulation of which 
is presented in Section 4.3 and Table A.1. As the figure highlights, even 
with narrow changes in the input wave parameters, the ideal response 
spectra exhibit significant variations.

In such semi-stationary conditions, the traditional segmentation–
defined here as the common practice of applying a fixed 30-min win-
dow to the data–introduces significant uncertainties. The traditional 
approach incorrectly averages across distinct, evolving sea states. The 
uncertainty complicates WBA efforts to achieve stable and reliable sea 
state estimation, as the ill-posed nature of the problem leads to a lack of 
unique solutions and heightened sensitivity to perturbations. Deviations 
in the spectral analysis of ship motions can evolve into significant errors 
in sea state estimates.

To demonstrate the necessity of time-involved response spectral 
analysis, a comparative case study was conducted. This study utilizes 
a 60-min simulation of a semi-stationary sea state, which is composed 
of four sequential stages connected by gradual transitions. For this com-
parison, Stage 4 from Sea state 1 was selected, as detailed in Table A.1 
As illustrated in Fig. 5, four distinct estimations for this specific stage 
are presented for comparison:

• Preset spectrum: This represents the ground truth, predefined direc-
tional wave spectrum for the selected stage as defined by the simu-
lation parameters.

• Estimate from ideal response spectra: This represents a theo-
retical benchmark, corresponding to the WBA solver’s output 
when provided with the perfect, analytically derived response
spectra.

• Estimate from corresponding section: This represents an idealized 
benchmark. It is the estimate derived from the time-series data 
using only the correct time window. This demonstrates the po-
tential WBA performance under conditions of perfect temporal
segmentation.

• Estimate from 30-min Section: This represents the traditional, non-
adaptive method. It is the estimate derived from a fixed 30-min win-
dow, which incorrectly averages the temporal data.

It can be observed that the WBA framework achieves highly accurate 
estimates when provided with ideal response spectra. When using the 
correct time window segmentation corresponding to the semi-stationary 
wave stage, the main characteristics of the waves are accurately cap-
tured. However, when adopting the traditional 30-min segmentation 
strategy, the results show significant deviations, highlighting the sys-
tem’s sensitivity to inaccuracies in the input data.
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Fig. 4. Response spectra under the semi-stationary sea states.

Fig. 5. Estimates of semi-stationary sea states using input response spectra in different time windows.

This clearly demonstrates the inadequacy of a fixed-segmentation 
approach. Real-world sea states are not truly stationary but are charac-
terized by a random, non-stationary evolution. This inherent stochas-
ticity introduces significant uncertainty into the response spectral 
analysis. Given that the WBA framework is a highly ill-posed in-
verse problem, any such spectral uncertainties are prone to signif-
icant amplification, leading to large and potentially misleading es-
timation errors. It is therefore crucial to develop a robust method-
ology capable of identifying and accounting for these random tem-
poral variations in the ship’s response, effectively balancing the in-
herent time-frequency trade-off to capture the evolving sea state
characteristics.

2.4.  Problem statement

In this study, the application of the WBA is extended to time-
dependent sea state estimation by accounting for semi-stationary waves. 
However, traditional response signal processing methods are inad-
equate, as they assume stationarity, overlook the inherently time-
involved nature of waves, and introduce misleading errors in esti-
mates. To capture time-involved variations, time-involved response 
spectral analysis is essential for balancing time-domain resolution and 
frequency-domain accuracy, providing accurate and robust input for 
the WBA and enabling more reliable and responsive wave spectrum
estimations.

Ocean Engineering 350 (2026) 124030 

5 



T. Zhang et al.

Fig. 6. Application procedure of the wavelet-based adaptive segmentation method.

3.  Wavelet-based adaptive segmentation

In spectral analysis, the time-frequency resolution requires a trade-
off, referring to the inherent compromise between time and frequency 
resolution when analyzing signals that vary over time, particularly in 
non-stationary processes. The trade-off arises from the uncertainty prin-
ciple in signal processing, which states that it is impossible to simultane-
ously achieve high precision in both time and frequency domains. In this 
section, a wavelet-based time-frequency analysis is proposed to support 
adaptive time series segmentation, enabling more accurate detection of 
time-involved characteristics in the sea waves.

3.1.  Wavelet-based time-frequency analysis

Ocean waves exhibit unique time-frequency characteristics, marked 
by their low-frequency oscillations and complex energy distribution pat-
terns. Unlike high-frequency signals, which display rapid variations and 
sharp peaks, ocean waves evolve more gradually over time. As a result, 
commonly used time-frequency analysis methods, such as those applied 
in areas like voice, earthquake, and electroencephalogram signal anal-
ysis, encounter challenges when adapted to the slower, more complex 
dynamics of floating structure behavior (Newman, 2018).

The wavelet transform is a potent mathematical technique used to 
process and analyze signals, enabling the decomposition of a signal into 
different scale or resolution components. In contrast to the Fourier trans-
form’s breakdown of a signal into sine and cosine functions with vary-
ing frequencies, the wavelet transform employs wavelets (small oscilla-
tions resembling waves) that are localized in both time and frequency 
domain (Sifuzzaman, 2009). The wavelet transform’s ability to local-
ize signals is particularly advantageous for analyzing time-involved and 
non-stationary signals with dynamic frequency characteristics. Unlike 
the short-time Fourier transform (STFT), which operates with a fixed 
window size, the wavelet transform adapts its window size based on the 
frequency being analyzed narrowing for high frequencies and widen-
ing for low frequencies. This adaptive feature enhances the frequency 
resolution for low-frequency components, capturing subtle variations in 
longer waves, while improving the time resolution for high-frequency 
components, where rapid changes occur. As a result, the wavelet trans-
form provides a more flexible and detailed analysis across a wide range 
of frequency bands.

The mathematical representation of the continuous wavelet trans-
form (CWT) can be expressed as follows 

𝑊𝑖(𝑎, 𝑏) = ∫

∞

−∞
𝑅𝑖(𝑡)𝜓𝑎,𝑏(𝑡)𝑑𝑡 (8a)

𝜓𝑎,𝑏(𝑡) =
1

√

|𝑎|
𝜓
( 𝑡 − 𝑏

𝑎

)

(8b)

where 𝜓𝑎,𝑏(𝑡) is the scaled and translated wavelet function, 𝑎 and 𝑏 is 
the scaling parameter and the translation parameter respectively. In the 
current study, the Morlet wavelet function is used as the basis function, 
expressed as

𝜓(𝑡) = 1
√

𝜋𝜎
𝑒𝐢𝜔0𝑡𝑒−

𝑡2

2𝜎2 (9)

where 𝜔0 is the central frequency of the wavelet, 𝜎 is the standard de-
viation, and 𝐢 is the imaginary unit. After applying the wavelet trans-
form to the ship’s response signals, which are excited by time-involved 
sea states, a two-dimensional time-frequency power distribution is ob-
tained.

3.2.  Adaptive segmentation by PELT algorithm

By applying the CWT, the time-frequency power distribution of ship 
motions can be obtained, revealing how different frequency components 
evolve over time. However, further segmentation is needed to accurately 
identify and capture changes in the sea state. The pruned exact linear 
time (PELT) (Killick et al., 2012) method is a statistical approach used to 
identify change points within time series data, with the goal of achiev-
ing precise, optimal segmentation. The method begins by defining a cost 
function for segmenting the time series and initializing a set of candidate 
change points. Next, PELT computes the cost of segmenting the series 
up to each candidate point and incorporates the cost of the segment that 
follows the change point. A pruning condition is then applied to discard 
candidate points that cannot improve the current best solution. This it-
erative process continues until all points have been evaluated, ensuring 
that the remaining candidates represent the minimal cost segmentation 
of the time series. By traversing all considered motion DoFs, an inte-
grated change points set can be obtained. The pseudo-code for PELT is 
shown in Algorithm 1.

By minimizing the overall cost of segmentation, the PELT incorpo-
rates a penalty term 𝛽 to prevent overfitting by penalizing the introduc-
tion of unnecessary changepoints. The mean and variance are selected 
as the statistics to measure the fit condition of candidate changepoints. 
The fit measure function  for the two-dimensional wavelet matrix is 
given by


(

𝑊𝑖 [(𝜏+1)∶𝜏∗)]

)

=
𝑁𝑎
∑

𝑎=1

𝜏∗
∑

𝑡=𝜏+1

(

𝑊𝑖(𝑎, 𝑡) −mean
(

𝑊𝑖
(

𝑎,
[

(𝜏 + 1) ∶ 𝜏∗
])

))2
.

(10)

The process begins with initializing key variables and then iteratively 
calculating the optimal cost for each potential change point by con-
sidering previous candidates and updating the set of potential change 
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points through a pruning mechanism. The pruning step, based on a con-
stant 𝐾, ensures computational efficiency by discarding less promising 
candidates.

The PELT algorithm not only identifies the change points based 
on different penalty parameter 𝛽 but also allows for flexibility by 
setting parameters such as the desired number of change points or 
the minimum segment length. This flexibility makes PELT highly 
adaptable to different applications. In the context of WBA, the algo-
rithm can be adjusted according to the specific needs of the opera-
tion, ensuring that it provides the required segmentation for real-time
monitoring.

3.3.  Workflow for adaptive segmentation

The adaptive segmentation process significantly enhances cross-
spectral analysis of ship responses, improving accuracy while accom-
modating time-domain variations. The workflow is illustrated in Fig. 6. 
Initially, ship responses for the relevant DOFs are collected, followed 
by the CWT to obtain the time-frequency power distribution. The PELT 
algorithm is then applied to the wavelet matrices to identify optimal 
segmentation points. Typically, change points across different DOFs 
are similar. However, under specific sea states, such as head seas, the 
roll motion may be minimal, making it difficult to detect sea state 
changes using only the roll motions as an input. Therefore, incorporat-
ing all DOFs improves the robustness of the proposed adaptive segmen-
tation approach and results in an integrated segmentation strategy. Af-
ter adaptive segmentation, sea states at different stages can be estimated 
through cross-spectral analysis of ship motion, with each stage analyzed 
individually. Subsequent experiments will validate the performance 
advantages of the proposed method compared to traditional direct
segmentation. 

Algorithm 1 PELT algorithm.
Input: Wavelet matrix 𝑊𝑖(𝑎, 𝑡) at DoF 𝑖, cost function that measures the 

fit of segments between change points (.), penalty parameter 𝛽, 
constant for pruning 𝐾.

Output: {cp}, integrated change points set.
Initialize: 
1: 𝐹 (0) ← −𝛽; ⊳ Negative cost to account for no change points initially
2: cp(0) ← Null; ⊳ No change points at the start
3: 𝑅1 ← {0}. ⊳ Initialize the set of candidate change points with only 0
Body:
4: for 𝑖 = 1∶ 𝑁𝑑 do ⊳ Traverse all considered DoFs
5:  for 𝜏∗ ← 1∶ length(𝑊 )  do ⊳  Iterate over each time point
6:  𝐹 (𝜏∗) ← min𝜏∈𝑅𝜏∗

[

𝐹 (𝜏) + (𝑊𝑖 [(𝜏+1)∶𝜏∗)]) + 𝛽
]

⊳ Compute the 
minimum cost

7:  𝜏opt ← argmin𝜏∈𝑅𝜏∗
[

𝐹 (𝜏) + (𝑊𝑖 [(𝜏+1)∶𝜏∗)]) + 𝛽
]

⊳ Identify 
optimum candidate

8:  cp𝑖(𝜏∗) ← [cp𝑖(𝜏opt), 𝜏opt] ⊳ Update the list of change points
9:  𝑅𝜏∗+1 ←

{

𝜏 ∈ 𝑅𝜏∗ ∪ {𝜏∗} ∶ 𝐹 (𝜏) + (𝑊𝑖 [(𝜏+1)∶𝜏∗)]) +𝐾 ≤ 𝐹 (𝜏∗)
}

⊳ Prune the candidate set for the next iteration
10:  end for
11: end for
Post-processing:
12: {cp} ← sort(

⋃𝑁𝑑
𝑖=1 cp𝑖) ⊳ Combine and sort change points across DoFs

13: for 𝑗 = 2 to length(cp) do
14:  if cp(𝑗) − cp(𝑗 − 1) < 𝛿 then
15:  {cp} ← {cp} ⧵ {cp(𝑗)} ⊳ Remove duplicates from the set
16:  end if
17: end for

return {cp}

4.  Simulation results

4.1.  Simulation setup

Numerical simulations were conducted to demonstrate the efficiency 
of the proposed adaptive segmentation strategy. Semi-stationary sea 
states were modeled over a 60-min period to demonstrate the limita-
tions of traditional methods and to highlight the effectiveness of the 
proposed adaptive segmentation approach. This 60-min period was di-
vided into four sequential stages, with the specific changepoints occur-
ring randomly, connected by three evolutionary phases applying linear 
interpolation. The two-peak JONSWAP wave spectrum is considered, 
given by

𝐸(𝜔, 𝛽, 𝑡) =
∑

𝜅
𝑃𝜅 (𝜔, 𝑡) ⋅ 𝑝𝑁𝜅 (𝛽, 𝑡). (11a)

𝑃𝜅 (𝜔, 𝑡) =
𝐻2
𝑠,𝜅

[(

4𝜆+1
4

)

(𝜔𝑝,𝜅 (𝑡))4
]𝜆

4Γ(𝜆)𝜔4𝜆+1
exp

[

−4𝜆 + 1
4

(𝜔𝑝,𝜅 (𝑡)
𝜔

)4]

, (11b)

𝑁𝜅 (𝛽, 𝑡) =
22𝑠𝜅−1Γ2(𝑠𝜅 + 1)
𝜋Γ(2𝑠𝜅 + 1)

cos2𝑠𝜅
( 𝛽 − 𝛽𝑝,𝜅 (𝑡)

2

)

. (11c)

Here, 𝜅 = 2 indicates the presence of two distinct spectral peaks, rep-
resenting wind waves and swell waves separately. 𝐻𝑠 is the significant 
wave height, 𝜔𝑝 is the peak angular frequency, 𝛽𝑝 is the mean wave 
direction, Γ is the Gamma function, and 𝑠 and 𝜆 are the shape parame-
ters. The dominating wave parameters, such as significant wave height 
𝐻𝑠(𝑡), peak wave frequency 𝜔𝑝(𝑡), and mean wave direction 𝛽𝑝(𝑡) within 
each stage fluctuate in a reasonable range, ensuring the time-involved 
characteristic of the semi-stationary process and avoiding sudden, un-
reasonable changes.

Moderate sea states were applied, as WBA techniques are better 
suited to the linear wave assumption in such conditions, which are 
also more commonly observed. Series of time-involved sea states were 
established, with significant wave heights 𝐻𝑠 ranging from 0.3 to 2 
m, wave periods 𝑇𝑝 between 5 and 15 s, and wave directions 𝛽𝑝 ran-
domly distributed from 0 to 360°. Wind waves were set as the dominant 
term, characterized by higher wave heights, longer wave periods, and 
a more scattered energy distribution, such that 𝐻𝑠,1 > 𝐻𝑠,2, 𝑇𝑝,1 > 𝑇𝑝,2, 
and 𝑠1 < 𝑠2. All considered sea state are listed in Table A.1.

A key parameter in the adaptive segmentation is the penalty term, 
𝛽, used by the PELT algorithm, which controls the sensitivity of the 
changepoint detection. In the simulations presented, the semi-stationary 
process is idealized with relatively distinct evolutionary phases, the 
segmentation results were not highly sensitive to the precise value 
of 𝛽. However, the parameter’s role is critical in real-world appli-
cations where sea state evolution is more complex and the ground 
truth is unknown. In such operational scenarios, 𝛽 serves as a tun-
able parameter. It can be adjusted by the operator based on spe-
cific needs, such as setting a high value to capture only large-scale, 
significant changes or a lower value to detect more subtle, frequent
variations.

4.2.  Sea states change points identification

A cargo ship with a length of 55 m, a breadth of 12 m, and a draught 
of 4 m was used, and the RAOs, or transfer functions, were calculated 
using seakeeping code, as illustrated in Fig. B.1. Sea state 1 is selected 
as an example to demonstrate the procedure of the proposed algorithm.

The generated ship motions under Sea state no.1 are presented 
in Fig. 7, illustrating the heave, roll, and pitch motions. Wavelet 
transformation was applied to analyze the time-frequency power dis-
tribution of the ship responses, followed by the implementation of 
the PELT algorithm to detect change points in the time-involved sea
state.
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Fig. 7. Heave, roll, and pitch motions.

Fig. 8. Normalized CWT result of simulated ship responses, with gaps indicating detected change points using the PELT algorithm.

The resulting normalized time-frequency power distributions are 
shown in Fig. 8, where colors from blue to red represent low to high 
power, respectively (on a scale from 0 to 1). The change points iden-
tified by the PELT algorithm are marked by vertical gaps. It is evi-
dent that the detected change points across different motion responses 
generally fall within a similar range. However, in some specific condi-
tions, such as the case study depicted in Fig. 8, the roll motion misses 
a change point that the heave and pitch motions detect at around 2700 
second. By considering the change points from the three degrees of 
freedom collectively, an integrated adaptive segmentation strategy can 
be developed to enhance time-dependent sea state estimation. Identi-
fying transition periods and adaptively segmenting the data allows re-
gression optimization, following Eq. (5), to derive estimates for each
stage.

4.3.  Estimates of semi-stationary sea states

A total of 10 predefined semi-stationary sea states were consid-
ered, as listed in Table A.1. The preset wave spectrum and wave es-
timates from different segmentation strategies, 30-min manual sepa-
ration and the proposed adaptive segmentation approach, were com-
pared using mean square error as an indicator. Response spectral analy-

sis results were also compared with the ideal response spectra, obtained 
by superposing the preset wave spectra and known transfer functions, 
to demonstrate the efficiency of the proposed algorithm. In all pre-
defined conditions, the segmentation algorithm successfully detected 
the change points. The signal processing significantly improved the 
quality of response spectral analysis and, consequently, provided sea 
state estimation with lower errors compared to traditional segmentation
strategy.

Fig. 9 illustrates the integrated and separated error analysis for 
both response spectra and sea state estimates under Sea state 1. The 
integrated error, shown by dashed bars, represents a weighted av-
erage result based on temporal weighting. The separated errors in-
dicate the errors at different stages correspond to specific sections 
within the semi-stationary sea states. The bars above the timeline, in 
lighter colors, indicate the sea state estimation errors compared to the 
predefined time-involved sea state. The downward bars represent the 
response spectra errors relative to the perfect response spectra, dis-
playing the spectral analysis accuracy both integrally and in differ-
ent stages. Purple and blue represent the traditional 30-min segmenta-
tion and the proposed adaptive segmentation, respectively, while black 
and gray arrows mark the actual and detected change points. It can 
be observed that under Sea state 1, the change points are correctly
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Fig. 9. Error comparison of different segmentation strategies (Sea state 1).

Fig. 10. Error comparison of different segmentation strategies (Sea state 2).

Table 1 
Estimate error analysis.
 Case  Estimate error analysis (MSE)  Integrated  Stage 1  Stage 2  Stage 3  Stage 4

1
 Adaptive Seg.  9.05E-04  8.41E-04  1.09E-03  5.14E-04  1.26E-03
 30-min Seg.  1.45E-03  1.16E-03  1.70E-03  6.20E-04  1.49E-03
 Error reduction rate (%)  37.71  27.53  36.09  17.10  15.32 

2
 Adaptive Seg.  1.03E-03  6.84E-04  1.30E-03  1.45E-03  8.05E-04
 30-min Seg.  1.49E-03  8.48E-04  2.19E-03  1.77E-03  1.25E-03
 Error reduction rate (%)  43.65  24.00  68.34  22.13  55.08 

3
 Adaptive Seg.  9.39E-04  1.63E-03  5.15E-04  3.60E-04  1.12E-03
 30-min Seg.  1.36E-03  1.78E-03  1.10E-03  5.57E-04  1.03E-03
 Error reduction rate (%)  31.01  8.16  52.93  35.45 -8.97 

4
 Adaptive Seg.  2.37E-04  2.84E-04  2.13E-04  1.92E-04  2.19E-04
 30-min Seg.  4.46E-04  1.93E-04  9.12E-04  2.16E-04  5.89E-04
 Error reduction rate (%)  46.84 -46.98  76.60  11.04  62.79 

5
 Adaptive Seg.  1.25E-03  6.73E-04  8.74E-04  1.51E-03  1.65E-03
 30-min Seg.  2.29E-03  1.44E-03  2.20E-03  3.75E-03  2.18E-03
 Error reduction rate (%)  45.49  53.16  60.34  59.65  24.22 

6
 Adaptive Seg.  5.08E-04  3.58E-04  3.71E-04  6.89E-04  8.70E-04
 30-min Seg.  7.77E-04  4.40E-04  6.62E-04  8.33E-04  1.46E-03
 Error reduction rate (%)  34.70  18.80  43.94  17.32  40.31 

7
 Adaptive Seg.  9.91E-04  4.64E-04  1.51E-03  8.38E-04  1.54E-03
 30-min Seg.  2.28E-03  7.36E-04  3.66E-03  1.52E-03  3.69E-03
 Error reduction rate (%)  56.48  36.93  58.85  44.73  58.38 

8
 Adaptive Seg.  4.00E-04  2.04E-04  1.21E-04  9.54E-04  8.81E-04
 30-min Seg.  4.36E-04  2.05E-04  2.23E-04  1.19E-03  6.94E-04
 Error reduction rate (%)  8.12  0.30  45.80  19.64 -26.98 

9
 Adaptive Seg.  1.04E-03  6.18E-04  4.43E-04  1.50E-03  1.11E-03
 30-min Seg.  1.90E-03  1.17E-03  6.64E-04  1.59E-03  2.51E-03
 Error reduction rate (%)  45.39  47.04  33.23  5.26  55.73 

10
 Adaptive Seg.  1.38E-03  1.69E-03  1.35E-03  8.03E-04  1.28E-03
 30-min Seg.  2.04E-03  1.51E-03  2.14E-03  1.62E-03  3.24E-03
 Error reduction rate (%)  32.57 -11.82  37.05  50.32  60.50 
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Fig. 11. Typical cases: predefined wave spectrum, estimates from traditional method, and estimates from proposed adaptive segmentation.

identified, and the error indicators consistently demonstrate the advan-
tages of the proposed segmentation algorithm. Additionally, the accu-
racy of the response spectra is proportional to the accuracy of sea state 
estimation, highlighting the critical role of data preprocessing in the
WBA.

In Fig. 10, for Sea state 2, the change points are accurately detected, 
and the proposed approach leads to improved estimates. Despite a sub-
optimal response spectra mean square erro (MSE) in stage 3, the corre-
sponding sea state estimate still achieves a satisfactory result. Addition-
ally, in Table 1, sea state estimation error using the traditional method 
and the proposed adaptive segmentation for all considered sea states, 
totaling 40 conditions, are listed. The error reduction rates, expressed 
as percentages, are analyzed, with blue indicating improved results and 
red indicating otherwise. It can be observed that across all sea states, 
the proposed strategy achieves a significantly improved integrated er-
ror over time. Specifically, in nearly all 40 conditions, the proposed ap-
proach demonstrates lower MSE, with only rare exceptions. These oc-
currences are attributed to the inherent time-frequency trade-off: the 
traditional 30-min segment has low variance but high bias, while our 
adaptive short segment has low bias but higher variance. In these few 
instances, the higher variance was likely amplified by the ill-posed WBA 
problem. However, this is an acceptable trade-off, as the method’s supe-
rior integrated performance across all sea states demonstrates its overall 
advantage.

Additionally, typical cases are presented in Fig. 11 to demonstrate 
the errors associated with applying the traditional 30-min segmentation 
and the improvements achieved by the proposed method. In Case 1, 

the estimate using 30-min segmentation miscalculated the main wave 
direction and underestimated the wave energy. When the adaptive seg-
mentation was applied, the estimate improved significantly, and both 
spectrum peaks are successfully captured. In Case 2, although the tra-
ditional method provided a relatively accurate result, there is a slight 
deviation in the wave direction, and the overall energy is underesti-
mated. The proposed method corrects the deviation. Case 3 represents 
a distinctive scenario where neither segmentation strategy can achieve 
an accurate solution. In beam seas, the ship’s inherent hydrodynamics 
limit WBA performance, as discussed in our previous studies (Zhang 
and Ren, 2025). However, the estimate using adaptive segmentation 
still achieve better result. In Case 4, the estimate from the 30-min seg-
mentation introduce considerable error by significantly underestimat-
ing the wave energy. The proposed method provide a much improved
estimation.

5.  Discussion

Estimating sea state from ship motions is an indirect observation 
method that involves response spectral analysis and solving the ill-
posed problem arising from complex transfer functions. Accurate esti-
mation in WBA relies heavily on robust response spectra, as the system 
is highly sensitive to disturbances. Previous studies, which applied a di-
rect segmentation under the assumption of stationarity based on fixed 
buoy observations, risk introducing inaccuracies. These errors can be-
come further amplified, leading to significant discrepancies in sea state
estimation.
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In this study, a semi-stationary condition is established, and 
an adaptive segmentation algorithm is proposed to achieve time-
involved estimation. Simulations were conducted to demonstrate the 
effectiveness of the proposed method in comparison to traditional
approach.

It is important to acknowledge the scope of the present study, 
which in turn highlights clear directions for future research. The simu-
lation study herein, involving semi-stationary sea states, was designed 
to demonstrate the feasibility and illustrate the mechanism of the pro-
posed algorithm, rather than to serve as an exhaustive statistical anal-
ysis. Although the semi-stationary sea state establishment was inspired 
by commercial software, it may not fully represent the actual complex-
ity of real sea states. Further, the primary assumption was the use of 
a perfect transfer function (RAO). In practical applications, however, 
RAO uncertainty remains a critical challenge for all model-based WBA 
techniques, as non-uniformly distributed RAOs can cause significant 
performance deterioration and lead to erroneous estimations. We have 
addressed this specific challenge in our related research (Zhang and 
Ren, 2025), which introduced the restricted isometry property to eval-
uate WBA performance. This provides an RAO-driven assessment cri-
terion to assess the reliability of an estimate based solely on the RAO
input.

To accurately capture the complex, time-involved characteristics of 
the physical sea state, further research is crucial, which must be vali-
dated against on-site measurement data.
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Appendix A.  Considered sea state

Table A.1 
Time-involved sea state definition.

Case Parameters
 Stage 1  CP1  Stage 2  CP2  Stage 3  CP3  Stage 4
𝜅 = 1 𝜅 = 2  (min) 𝜅 = 1 𝜅 = 2  (min) 𝜅 = 1 𝜅 = 2  (min) 𝜅 = 1 𝜅 = 2

1

𝐻𝑠(m)  1.81  0.76
13

 1.72  0.69
27

 1.37  0.7
45

 1.52  0.73
𝛽𝑝(°)  237.2  109.7  215.3  87.2  175.4  71.7  153.3  58.1
𝑇𝑝(s)  7.3  12.5  8  13.2  8.7  13.8  8.8  13.5
𝑠  17  45  17  45  20  40  20  40

2

𝐻𝑠(m)  1.52  0.67
18

 1.68  0.69
32

 1.7  0.7
46

 1.68  0.73
𝛽𝑝(°)  124.6  78.4  141.5  88.7  153.1  98.7  172.3  118.1
𝑇𝑝(s)  6.9  12.5  8.3  13.2  8.7  13.8  8.7  13.5
𝑠  19  45  19  45  22  40  22  40

3

𝐻𝑠(m)  1.55  0.55
19

 1.5  0.5
38

 1.37  0.6
50

 1.52  0.52
𝛽𝑝(°)  147.1  47  172.5  13.5  195.3  60  205.9  55
𝑇𝑝(s)  12.1  12.4  11.8  13  11.1  13.8  10.6  13.6
𝑠  19  39  19  39  20  50  20  50

4

𝐻𝑠(m)  1.22  0.42
23

 1.18  0.38
37

 1.25  0.45
49

 1.2  0.4
𝛽𝑝(°)  273.2  194.7  293.5  186.2  255.5  174.4  237.7  138.9
𝑇𝑝(s)  6.5  11.5  7  11.8  7.5  10.9  6.8  10.8
𝑠  23  40  23  40  21  49  21  49

5

𝐻𝑠(m)  1.64  0.58
16

 1.57  0.51
25

 1.7  0.65
37

 1.62  0.55
𝛽𝑝(°)(s)  78  221.5  108.1  200.5  113.1  251.5  162.3  238.7
𝑇𝑝(s)  8.3  10.8  10.5  10.5  11.3  11.7  11.7  11.6
𝑠  20  56  20  56  17  48  17  48

6

𝐻𝑠(m)  1.27  0.48
22

 1.2  0.41
39

 1.3  0.53
50

 1.24  0.44
𝛽𝑝(°)(s)  97.4  38.6  134  82  170  92  192.5  68
𝑇𝑝(s)  9.9  10.2  10.5  11.6  10.6  12.5  11.3  12.6
𝑠  20  39  20  39  22  46  22  46

7

𝐻𝑠(m)  1.67  0.52
25

 1.59  0.44
37

 1.75  0.65
40

 1.69  0.57
𝛽𝑝(°)  75.4  120.2  120.5  132.1  155.2  159.4  185.5  134.7
𝑇𝑝(s)  11.1  11.5  12.6  11.7  12.4  11.9  12.5  12.1
𝑠  20  40  20  40  18  55  18  55

8

𝐻𝑠(m)  1.28  0.45
29

 1.2  0.37
42

 1.37  0.54
51

 1.32  0.49
𝛽𝑝(°)  38.9  289.2  59.5  215.6  72.3  151.5  55.7  210.5
𝑇𝑝(s)  6.4  13.8  7.2  14.5  8.8  14.9  8.2  13.9
𝑠  22  42  22  42  19  51  19  51

9

𝐻𝑠(m)  1.53  0.57
7

 1.45  0.49
21

 1.61  0.65
42

 1.55  0.59
𝛽𝑝(°)  121.9  67.3  145  77  175  92  208.9  88.9
𝑇𝑝(s)  5.6  11.7  6.7  11.7  6.9  12.5  7.8  12.5
𝑠  17  48  17  48  21  42  21  42

10

𝐻𝑠(m)  1.68  0.59
25

 1.6  0.51
39

 1.75  0.66
50

 1.63  0.56
𝛽𝑝(°)  265.5  70.7  285  55  302.1  45.5  345  35.5
𝑇𝑝(s)  9.2  13.1  9.5  13.6  8.4  12.9  8.1  12.5
𝑠  19  39  19  39  17  45  17  45
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Appendix B.  Transfer function

Fig. B.1. RAOs of the cargo ship.
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