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Abstract
With recent advances in autonomous navigation technology, the importance of ship maneuvering models that can predict
maneuvering motions with high accuracy and interpretability has increased. This study proposes a hybrid maneuvering
model for predicting ship motions using the Maneuvering Modeling Group (MMG) model and the Feedforward Neural
Network (FNN). In the proposed model, the modular structure of the MMG model is enhanced through the addition of
a complementary FNN module. This approach improves the prediction accuracy while maintaining the interpretability of
the model. Furthermore, to prevent the FNN output from depending too heavily on its training data, an output constraint
and a mechanism for detecting Out-of-Distribution (OOD) based on k-Nearest Neighbors (kNN) distance are introduced.
Numerical verification using multiple maneuvering test datasets demonstrates that the proposed model consistently exhibits
higher prediction accuracy than both the MMG-only and the FNN-only models. Specifically, it attains an average reduction
of 30–40% in Root-Mean-Squared Error (RMSE) compared to the MMG-only model. In particular, under highly nonlinear
maneuvering conditions, such as Turning test and Random maneuver, the model shows up to a 70% RMSE reduction.
Additionally, the model exhibits low accuracy degradation over long-term predictions, ensuring stable motion predictions.
Based on these results, the proposed hybrid model successfully integrates the characteristics of physical models and data-
drivenmodels, providing a practical maneuveringmodel that offers high accuracy, lower data dependency, and interpretability.
This model offers a valuable foundation for applications in autonomous navigation support systems.

Keywords Ship maneuvering · Maneuvering model · System identification · Hybrid model

1 Introduction

To realize autonomous ship navigation, a system-basedmath-
ematical model (hereinafter referred to as a maneuvering
model) capable of accurately reproducing ship motions in
real-world maritime environments is indispensable [1–3].
A maneuvering model can predict ship motions with lim-
ited computational resources, while high-fidelity models are
essential for designing, tuning, and verifying control algo-
rithms, as well as for developing autonomous navigation
systems.

Maneuvering models are broadly categorized into phys-
ical models, data-driven models, and hybrid models. First,
physical models provide a white-box approach with high
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interpretability, based on principles of fluid dynamics. Rep-
resentative examples include the Maneuvering Modeling
Group (MMG) model [4] and the Abkowitz model [5, 6],
which remain the foundation of many research studies and
practical applications. However, these models may not fully
capture highly nonlinearmaneuveringmotions, such as those
that occur during low-speed maneuvers.

Second, in contrast to physical models, data-driven mod-
els achieve superior prediction accuracy through a black-box
approach, where machine learning is applied to operational
data from real ships or model ships. Methods, such as Arti-
ficial Neural Networks (ANN) [7–9] and Support Vector
Machines (SVM) [10], are commonly used. However, these
models heavily depend on the quantity and quality of data,
and lack a solid physical foundation, which leads to chal-
lenges in terms of interpretability [11].

Third, hybrid models integrate the physical knowledge of
physical models with the nonlinear representational power of
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data-driven models. By complementing the prediction errors
of physical models with data-driven components, these mod-
els can achieve higher accuracy than physical models while
requiring less data than purely data-driven models [12–17].
However, several challenges remain for hybrid models. As
the model structure becomes more complex during integra-
tion, there is a risk that the internal computational processes
may become black-boxed again [15, 18]. Furthermore, if the
data quality or quantity is insufficient, the data-driven com-
ponent may lose its complementary capability, potentially
leading to a significant degradation in prediction accuracy.
Therefore, ensuring compatibility between the physical and
data-driven components and optimizing the balance of their
contributions are crucial.

In this study, we propose a hybridmodel that integrates the
MMGmodel with an FNN in a novel way. The advantages of
the proposed model compared to previously proposed hybrid
models are as follows:

– To ensure high interpretability and physical consis-
tency, a complementary FNN module is integrated at the
force/moment level with output constraints. This design
preserves the original MMG structure, enabling force
decomposition and causal analysis while maximizing the
use of physical insights.

– To avoid accuracy degradation, an Out-of-Distribution
(OOD) detection mechanism based on k-Nearest Neigh-
bor (kNN) distance is introduced. This prevents per-
formance degradation by suppressing the FNN output
whenever an input falls outside the training distribution.

Overall, the proposed approach achieves high prediction
accuracywith reduced reliance on datasets, all while preserv-
ing the physical interpretability of the original MMGmodel.
The effectiveness of this method in addressing the limita-
tions of conventional hybrid models is validated through
free-running scale model experiments.

2 Related work

This section classifies and summarizes existing methods for
a maneuvering model into three categories: physical models,
data-driven models, and hybrid models that integrate both
approaches.

2.1 Physical models

Physical models are constructed based on fluid dynamic
knowledge regarding ship motions, and their high inter-
pretability has led to their widespread use in research and
practical applications. Representative approaches include the
MMG model [4, 19] and the Abkowitz model [5, 6].

TheMMGmodel [4, 19] is a maneuveringmodel that sep-
arates andmodularizes the forces andmoments that act on the
ship into components, such as the hull, propeller, and rudder.
Thismodel explicitly handles each contribution, allowing for
the evaluation of individual effects. This approach also facil-
itates giving physical meaning to each parameter and force
component, and it is advantageous for scalability.

The Abkowitz model [5, 6] is a linear maneuvering model
based on dynamic parameters, which allows for a simple
analysis of turning performance and steering responses. This
model has been widely used in the past due to its merits.

While these physical models are excellent in terms of
interpretability and scalability, theymaynot accurately repre-
sent highly nonlinearmaneuvers, such as those at low speeds.

2.2 Data-drivenmodels

Data-driven models predict ship motions based on motion
data obtained directly from real ships ormodel ships, without
relying on physical assumptions. Machine learning methods
such as ANN and SVM are commonly used.

Data-driven models can learn flexibly nonlinear ship
motions that may not be fully captured by physical mod-
els, demonstrating high prediction accuracy. Early studies
by Yamato (1990) [20] and Hasegawa et al. (1993) [21]
proposed steering models using ANN. Subsequently, Rajesh
(2008) [7] and Zhang et al. (2013) [22] successfully repli-
cated the nonlinear dynamic characteristics of maneuvering
using FNN models. In recent years, attention has shifted
to time-dependent models like Recurrent Neural Networks
(RNN) and Long-Short Term Memory (LSTM). Wakita et
al. (2021) [23] and Liu et al. (2024) [9] reported high accu-
racy in predicting low-speed maneuvers and trajectory using
these models. Additionally, approaches using SVM [10] and
ensemble Gaussian Process Regression (GPR) [11] have
been proposed, all of which surpass physical models in terms
of prediction accuracy.

However, data-driven models have several challenges.
First, achieving high prediction accuracy requires large quan-
tities of high-quality data. Second, they often show a large
drop in accuracy with OOD inputs, making it hard to adapt
to unknown situations. Third, the internal workings of these
models are not transparent, which makes it difficult to under-
stand the causal relationships behind their predictions and
behaviors of the model.

2.3 Hybrid models

Hybrid models are gaining attention for combining the phys-
ical knowledges of physical models with the flexibility of
data-driven models. Physical models, based on fluid dynam-
ics, offer clear understanding but often show lower accuracy
for nonlinear ship motions. In contrast, data-driven models
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can learn nonlinear maneuvering motions through training,
offering high accuracy predictions. However, they face chal-
lenges such as data dependency and a lack of interpretability.

Against this background, numerous hybrid approaches
have been proposed that integrate the strengths of both meth-
ods. Shi et al [12, 24] developed the “RM-SVM/RM-RF
model”, which integrates known physical models with SVM
orRandomForest. It achieved higher accuracy than physical-
only models while requiring less data than data-driven-only
models would need. Skulstad et al. (2020, 2021) [13, 25] pro-
posed the “Co-operative Hybrid Model” which corrects the
predictions of physical models using LSTM or ANN, reduc-
ing the position prediction errors by an average of 4m for
30-second predictions.

Furthermore, Wang et al. (2022) [14] reported a 90%
reduction in position error and improved stability by correct-
ing prediction errors of physicalmodelswithANN.However,
the models proposed by Skulstad et al. (2020, 2021) [13, 25]
andWang et al. (2022) [14] face the challenge of unclear con-
tributions of the physical and data-driven components due
to the complexity of the integration. As a result, the indi-
vidual contributions of each model to the overall behavior
prediction remain unclear, leading to a loss of interpretability.
Kanazawa et al. (2022) [15, 18] reported that in the construc-
tion of hybrid models, the balance between the contributions
of physical and data-driven models is crucial, and a clear,
simplified structure is effective for improving accuracy.

Other approaches, such as those by Li et al. (2024) [16]
and Zhu et al. (2025) [26], used Automatic Identification
System (AIS) data alongwithANNorMulti-ObjectiveGaus-
sian Process (MOGP) to achieve high prediction accuracy.
However, the data dependency still presents a challenge.
Additionally, Physics-Informed Neural Networks (PINNs),
which integrate constraints based on physical formulas into
the loss function, allow for learning with limited data while
ensuring physical consistency [17, 27]. However, they still
struggle to accurately replicate physical phenomena.

From these previous studies, it has been confirmed that
hybrid models can achieve high accuracy predictions with
less data than data-driven models by complementing the
fluid dynamics knowledge of physical models. In contrast,
the complexity of the integration structure leads to unclear
contributions from both physical and data-driven models,
resulting in reduced interpretability of the model. Issues
such as significant prediction accuracy degradation for OOD
inputs also remain.

3 Proposingmodel

This section describes the overall structure of the proposed
hybrid model. The proposed hybrid maneuvering model
operates in three degrees of freedom (surge, sway, and yaw).

It consists of a physical modeling part (MMGmodel), a data-
driven correction part (FNN), and an integration scheme that
combines these two components. The model’s inputs include
the state variables of the ship, actuator states, and relative
wind states. Using these inputs, the model predicts the its
state variables for the next time step, with a 1 s time incre-
ment. The prediction flowwithin themodel is shown inFig. 1.

3.1 Coordinate system

Figure2 shows the Earth-fixed coordinate systemO-x0y0 and
the ship-fixed coordinate system O-xy used in this study. We
define the ship’s state variables using two vectors: the atti-
tude vector η ≡ (x0, y0, ψ)T ∈ R

3, and the velocity vector
ν ≡ (u, vm, r)T ∈ R

3. Here, (x0, y0) represents the midship
position in the Earth-fixed coordinate system, ψ is the head-
ing angle, (u, vm) are the surge speed and the sway speed of
the ship, and r is the yaw rate.Additionally, the state variables
of the ship are collectively defined as x ≡ (ηT, νT)T ∈ R

6.
Note that the following relationship holds between the atti-
tude vector η and the velocity vector ν:

η̇ = R (η) ν, (1)

where R(η) ∈ R
3×3 is the rotation matrix from the O-xy to

the O0-x0y0 coordinate system. The rotation matrix R(η) is
given by

R (η) =
⎡
⎣
cosψ − sinψ 0
sinψ cosψ 0
0 0 1

⎤
⎦ . (2)

For actuator states, the angle of the rudder is denoted as
δr, and the propeller rotation number is denoted as np. These
are defined as u ≡ (δr, np)T ∈ R

2. The true wind speed and
wind direction are denoted asUT and γT, respectively, while
the relativewind speed and direction as seen from the ship are
denoted as UA and γA, respectively. The relative wind state
is defined as ω ≡ (UA, γA)T ∈ R

2. In this study, we assume
that the wind speed and direction are uniform in space (no
spatial variation) and vary only with time.

3.2 Hybrid structure

In this study, corrections in terms of forces/moments are
applied to the MMG model to complement the dynamics
of ship motions that the MMG model cannot capture, while
ensuring consistencywith themaneuvering equation. Specif-
ically, the proposed hybrid model predicts the ship’s state
variables at the next time step by incorporating the forces
computed independently by the MMG model and the FNN
into the right-hand side of the maneuvering equations, using
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Fig. 1 Prediction flowof the proposedmodel: The state at a given step is
used as input, and thefluid forces are calculated by theMMGmodel. The
complementarymodule are added by the trained FNN. These results are

subsequently incorporated into the right-hand side of the maneuvering
equations, and the predicted state for the next step is output

Fig. 2 Coordinate system

the current state variables as input. The external forces calcu-
lated by theMMGmodel and the FNNare defined as follows:

FMMG ≡ (XMMG,YMMG, NMMG)T ∈ R
3

FNN ≡ (XNN,YNN, NNN)T ∈ R
3.

(3)

In this case, the maneuvering equations are expressed as

⎧⎪⎨
⎪⎩

(m + mx ) u̇ − (m + my)vmr − xGmr2 = XMMG + XNN

(m + my)v̇m + (m + mx )ur + xGmṙ = YMMG + YNN

(Iz + Jz + x2Gm)ṙ + xGm (v̇m + ur) = NMMG + NNN.

(4)

Table 1 Symbols and their meanings used in Eq. (4)

Symbol Description

m Mass of the ship

mx Added mass in the ship’s surge direction

my Added mass in the ship’s sway direction

xG Position of the center of gravity from the ship’s origin

Iz Moment of inertia of the ship

Jz Added moment of inertia

This integrationmethod clarifies the distinct contributions
of the hull, propeller, rudder, wind, and FNN corrections
at the force and moment level, thereby facilitating analysis.
Unlike conventional models that apply corrections directly to
position [13, 14] or velocity [12, 24, 28], this approach offers
a simple and highly compatible integration that preserves
the traditional advantages of the MMGmodel. Furthermore,
since the proposed method explicitly solves the equations of
motion, it ensures kinematic continuity in velocity and posi-
tion. This approach maintains consistency with the ship’s
mass and moment of inertia, thereby avoiding the physi-
cal inconsistencies often observed in data-driven models that
directly correct state variables.

3.3 MMGmodel structure

In this study, the MMG model is adopted as the physical
model. The MMG model mathematically represents ship
maneuvering motions by modularizing the dynamic contri-
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butions of the hull, propeller, and rudder, taking into account
their respective fluid forces [4, 29]. Since the physical con-
tributions of each component are clearly separated in this
model, it is easy to analyze and extend, making it widely
used in many studies aimed at evaluating ship design and
maneuvering performance.

The total force FMMG is defined as the sum of fluid forces
acting on each component

⎧⎪⎨
⎪⎩

XMMG = XH + XP + XR + XA

YMMG = YH + YP + YR + YA

NMMG = NH + NP + NR + NA,

(5)

where the subscripts H, P, R, and A denote the hull, pro-
peller, rudder, and wind (air), respectively. In this study, the
unified models are utilized for the hull and wind forces to
cover the entire maneuvering range. In contrast, the propeller
and rudder forces are calculated using the varying models
that switch equations depending on the operating conditions,
such as forward/reverse rotation. The detailed mathemati-
cal formulation and specific equations for each component
of the MMG model used in this study are provided in A.1.
The model structure follows the standard MMG model with
extensions for wind effects and propeller reverse rotation,
based on the work of Miyauchi et al. [29].

3.4 FNNmodel structure

In this study, the hybrid model uses Artificial Neural Net-
works (ANN) [30], a type of machine learning, to realize a
complementary FNNmodule. ANN is amathematical model
inspired by the human brain’s neural system, known for its
strong function-approximation ability. In this study, a fully
connected FNN is used. The advantage of a FNN, compared
to time-series models such as RNN and LSTM, is its simpler
structure and superior computational efficiency. Addition-
ally, considering the limited amount of training data available
in this study, the FNNwas selected as it is less prone to over-
fitting compared to complex time-series models.

3.4.1 Input parameters

The input vector s used for predicting the correction of the
shipmotion is defined as the following 9-dimensional vector:

s ≡ (u, vm, r , δr, np, ωu, ωv, cosψ, sinψ
)T ∈ R

9. (6)

The input vector includes velocity vectors, actuator states,
attitude angles, and relative wind states. To avoid disconti-
nuities from the 360◦ periodicity of angles [31], the cosine
and sine of the attitude angle ψ and the relative wind state
ωA = (ωu, ωv) ∈ R

2 are transformed. ωu and ωv are the

components x and y of the relative wind speed in the ship-
fixed coordinate system, and are calculated as follows:

{
ωu = UA × cos γA

ωv = UA × sin γA.
(7)

The input vectors involve variables with different scales;
all variables are standardized to improve the stability and
optimization performance of the training. All input variables
are then standardized using the mean and standard deviation
from the training dataset D (train). For each component j of
the input vector, the standardized value is defined as

s̄ j = s j − μ
(train)
s, j

σ
(train)
s, j

. (8)

The standardized input vector s̄ is then used as the final input
to the FNN

s̄ = (ū, v̄m, r̄ , δ̄r , n̄ p, ω̄u, ω̄v, cosψ, sinψ
)T ∈ R

9. (9)

The FNN produces a 3-dimensional output vector FNN ∈
R
3 (representing predicted force/moment corrections). Each

component FNN, j is then rescaled to physical units as

FNN, j = σ
(train)
F, j · y j + μ

(train)
F, j , (10)

where y ∈ R
3 is the j-th output of the FNN’s final

layer (in standardized form), and μ
(train)
F, j and σ

(train)
F, j are

the training data mean and standard deviation for the j-th
force/moment component, respectively. Therefore, the FNN
model is expressed as the function f NN as shown in Eq. (11)

y = f NN (s̄; θ) , (11)

where s̄ is the standardized input vector defined in the pre-
vious section, and θ represents the parameters of the neural
network.

3.4.2 Loss function

The optimization of model parameters during the training of
the data-driven model is generally formulated as the mini-
mization of the loss function. Given the dataset D during
training, the loss function is evaluated and the model param-
eters θ are adjusted tominimize it. The optimized parameters
are denoted as θopt, and the loss function is denoted as
L (θ;D). The optimization problem is then expressed as

θopt = argminL (θ;D) . (12)
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By solving this optimization problem, we obtain θopt, the set
of parameters that best fit the given data. In this study, the
Adam optimization method [32] is used.

The loss function for the proposed model is defined as

L (θ;D) = λνLν (θ;D)+λFLF (θ;D)+λL2 ‖θ‖2 . (13)

In Eq. (13),Lν (θ;D) represents the state variable predic-
tion error, LF (θ;D) denotes the conditional regularization
acting as a constraint for the FNN output, and ‖θ‖2 is the L2-
regularization term to prevent overfitting. λν , λF, and λL2 are
scaling parameters that adjust the relative magnitude of each
term. The first two terms,Lν (θ;D) andLF (θ;D), will be
explained in detail later.
Loss of state variables: Lν (θ;D)

In model training, multi-step loss is used, where predic-
tion errors for up to T = 5 steps ahead are included in the
loss function. It has been reported that this method provides
a smoothing effect against observation noise compared to
single-step learning [33–35]. In theory, using an Root-Mean-
Squared Error (RMSE) over T -step predictions shows that
the error contribution from observation noise decays as 1/T

MSET = 1

T

T∑
t=1

E[(v̂t − vt )
2] ≈ Bias2 + Varmodel + σ 2

obs

T
.

(14)

However, if T is set too large, the loss function will over-
emphasize long-horizon averaging, potentially smoothing
out the short-term errors that the FNN is supposed to learn
to correct. This may reduce the FNN’s correction capability.
Moreover, with limited data, the state distribution at long-
term steps may not be adequately covered by the training
data, leading to instability in training. In this study, based
on the assumption that the observation noise from velocity
sensors follows a Gaussian distribution with a variance of
σobs = (0.01, 0.01, 0.01◦), we chose T = 5 in our training,
as this value balanced noise suppression, data availability,
and error smoothing. This choice allows the FNN to capture
short-termprediction errorswhilemaintaining stable training
and prediction accuracy, even with limited data.

The prediction error of state variables calculated as the
squared error between the observed data ν and the predicted
values ν̂ over 5 steps

Lν =
B∑

i=0

{
1

T

T∑
t=0

wT
ν (νi,t − ν̂i,t )

2

}
. (15)

Here, B represents the batch size, which is the number of
data samples used for a single model update, and wν ∈ R

3 is
a parameter that adjusts the scale differences in the velocity
vector.

Regularization term for FNN output: LF

In this study, a conditional regularization term is intro-
duced to the FNN output FNN. Without any constraints, the
FNNoutput could potentially dominate the prediction. Given
that the training data available for the FNN in this study are
not abundant, such dominance could result in a model with
low interpretability and low validity that ignores the physical
insights provided by the MMG model. Therefore, to ensure
that the MMG model remains the primary driver of the pre-
diction while the FNN acts as a supplementary corrector, we
introduce a penalty as a conditional regularization term [36,
37].

Domain knowledge from previous studies on maneuver-
ing performance supports this design. For instance, evalu-
ations of standard MMG models and Computational Fluid
Dynamics (CFD) by Yasukawa and Yoshimura [4] and Duan
et al. [38] quantify prediction errors using the formula
100%×(1−pred/obs). These studies indicate that for steady
turning tests, the errors in turning indices, such as Advance
(AD) and Tactical Diameter (DT), are relatively small, typi-
cally fallingwithin the range of 2–6%. In contrast, for Zigzag
tests involving transient responses, the errors in Overshoot
Angles (OSA) are larger, often observed to be approximately
20% (e.g., 19–20% in 20/20 Zigzag tests). These findings
suggest that while the physical model is highly reliable for
steady motions, its structural limitations in dynamic phases
result in residuals averaging up to 20%. Consequently, we
selected 20% as the threshold and defined the penalty term
as follows:

LF =
B∑

i=1

T∑
t=1

Fpenalty i,t (16)

Fpenalty i,t = wT
F(|FNN i,t | − 0.2|FMMG i,t |)+

where

|F | = (|FX |, |FY |, |FN |), x+ = max(x, 0).

(17)

Here, wF ∈ R
3 is a parameter that scales for each com-

ponent of FNN. The FNN is permitted to learn corrections
freely within the 20% error margin of the MMGmodel but is
suppressed beyond this threshold. Crucially, this 20% thresh-
old is not a hyperparameter tuned to maximize prediction
accuracy, but a quantitative bound determined by the known
structural limitations of the standard MMG model. There-
fore, we defined this threshold as a physically valid range
for correction. This ensures that the FNN compensates only
for inherent model errors, rather than overfitting to noise or
outliers.
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3.4.3 OOD detection based on kNN distance

In this study, a kNN distance-based detection mechanism
is introduced to prevent the FNN from making unreliable
corrections on OOD inputs. If an OOD input is detected, the
FNNoutput is set to zero, and only the output ofMMGmodel
is used [39].

Regarding the choice of the OOD detection method, com-
parisons were made with other approaches such as ensemble
methods (e.g., MC Dropout)[40, 41], generative models
(e.g., VAE)[42], and statistical distances (e.g., Mahalanobis
distance)[43]. First, in terms of computational efficiency
for real-time implementation, ensemble methods generally
require multiple forward passes, significantly increasing the
computational load. In contrast, the proposed kNN-based
method utilizes the low-dimensional feature vector (zt ∈
R
64) extracted from the intermediate layer of the FNN.

Distance calculations between a 64-dimensional vector and
thousands of data points can be completed in the order of
milliseconds onmodern CPUs. Therefore, the computational
load is negligible relative to the 1 Hz simulation cycle, mak-
ing it highly suitable for real-time control loops. Second,
regarding data characteristics, generative models risk over-
fitting when training data is limited. Furthermore, statistical
methods likeMahalanobis distance assume aGaussian distri-
bution, which may not capture the complex manifold of ship
maneuvering motions (e.g., Random maneuvers). The kNN
approach is non-parametric andmakes no assumptions about
the data distribution, allowing for robust detection based on
local density in the semantic feature space learned by the
FNN. Therefore, considering the trade-off between compu-
tational cost and robustness with limited data, we selected
the kNN distance method.

To increase the reliability of OOD detection, the kNN dis-
tance is calculated using the feature vector zt extracted from
the intermediate layers of the FNN [44]. This vector is a high-
dimensional activation vector obtained just before the output
layer when the input state st at time t is given to the FNN.
It represents the learned semantic feature in the training pro-
cess. We define dkNN(zt ) as the average Euclidean distance
between zt and its k-nearest feature vectors from the training
data

dkNN(zt ) = 1

k

k∑
i=1

∥∥∥zt − z(i)NN

∥∥∥
2
. (18)

Based on this distance, the FNN output is switched ON/OFF
according to an adaptive threshold δkNN. Let Dtrain =
{d1, d2, . . . , dN } be the set of kNN distances in the train-
ing dataset, and let α ∈ (0, 1) be a fixed hyperparameter
representing the target coverage rate of the normal data. The
threshold δkNN is determined as the α-quantile of the dis-

tribution of Dtrain. Formally, using the empirical cumulative
distribution function (ECDF) F̂(x), the threshold is defined
as

δkNN = inf{x ∈ R : F̂(x) ≥ α}, (19)

where

F̂(x) = 1

N

N∑
i=1

I(di ≤ x). (20)

In this study, we set α = 0.9995, meaning δkNN corresponds
to the top 0.05% of the kNN distances in the training data.
This high threshold was chosen, because the training data
are sparse relative to the pattern diversity; valid data falling
into gaps in the training distribution could be misclassified
as OOD with a stricter threshold. By setting the threshold to
cover 99.95% of the training data, we aim to detect only clear
OOD inputs and avoid false positives

yt =
{
FMMG + FNN if dkNN(zt ) ≤ δkNN

FMMG + 0 if dkNN(zt ) > δkNN.
(21)

This mechanism reduces the risk of the FNN making unre-
liable corrections on OOD-inputs-corrections that could
otherwise degrade overall prediction accuracy. Although this
hard switching logic inevitably introduces discontinuities
in the acceleration vector, we determined that the risk of
model destabilization caused by erroneous FNN predictions
in OOD regions significantly outweighs the drawbacks of
these transient discontinuities. Therefore, mitigating severe
deterioration in predictive performance was given prece-
dence over maintaining smoothness in the transition.

3.5 Simulationmethod

Solving Eq. (4) for ν̇ yields the state derivative ẋ. The entire
model is formulated in the form of the following differential
equation:

ẋ(t) = f (x(t), u(t),ω(t); θ) . (22)

Here, f is themodel function that takes the given ship’s states
variables x, actuator states u, and relative wind states ω as
inputs and outputs ẋ based on Eq. (4). Also, θ represents
the model parameters that are trained by minimizing the loss
function.

We then predict the state variables of the ship at the next
time step by numerically integrating ẋ(t) forward using a
simple Euler method. This process is applied repeatedly to
simulate the trajectory sequentially. When time-series data
for the ship’s state variables x, actuator states u, and relative
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wind states ω are provided, the entire dataset is defined as
follows:

D ≡ {xn(t), un(t),ωn(t) | t ∈ [t0,n, t1,n]
}
n=1,2,...,N . (23)

Here, t represents the time step, and n represents the index
of a time-series sample. Using this dataset, numerical sim-
ulation of the ship’s state can be performed for any given
time-series.

The predicted state variables x̂n(t; θ) are defined as

x̂n(t; θ) = xn(t0,n)

+
∫ t

t0,n
f
(
x̂n(τ ; θ), un(τ ),ωn(τ ); θ

)
dτ

for n = 1, 2, . . . , N .

(24)

Finally, the prediction accuracy is quantifiedby theprediction
error, defined as the difference between the observed velocity
components ν and the simulated values ν̂.

4 Validation by numerical experiments

This section aims to quantitatively validate the effective-
ness of the proposed hybrid model by evaluating its motion
prediction accuracy through comparative experiments with
conventional models.

4.1 Measurement data

The dataset used for training and testing in this study was
generated through free-running model tests conducted at the
Inukai Pond facility of the University of Osaka. A 1/108.33
scale model of the VLCC M.V. ESSO OSAKA was selected
as the subject ship. Although the full-scale vessel typically
requires tug assistance for berthing, this ship was chosen due
to the availability of detailed model parameters and an exist-
ing free-running model suitable for data acquisition. Each
test was conducted at the center of the experimental pool,
ignoring the presence of a quay and shallow water effects.
The principal particulars of the model ship are listed in Table
2. The loading condition was set to correspond to the full-
scale trial conditions.

Themodel ship is equipped with a high-precision onboard
measurement system, which includes a Fiber Optic Gyro-
scope (FOG), three Global Navigation Satellite System
(GNSS) receivers (Magellan Systems JapanMJ-3021-GM4-
QZS-EVK), and two ultrasonic anemometers (Gill PGWS-
100-3). These instrumentswere used to record the time-series
of the ship’s state vector x(t) and the true wind vector ωT (t).

Regarding the data processing, all measurements were
originally performed at a sampling frequency of 10 Hz. The

Table 2 Principal particulars of subject ship Esso Osaka

Item Value

Length between perpendicular: Lpp(m) 3.0

Ship breadth: B(m) 0.489

Ship draft: d(m) 0.201

Diameter of propeller: Dp(m) 0.084

Area of rudder: AR
(
m2
)

0.0106

Diameter of bow thruster: DBT : (m) 0.050

Diameter of stern thruster: DST : (m) 0.050

Mass: m (kg) 244.6

Longitudinal center of gravity: xG(m) 0.094

Transverse projected area: AT
(
m2
)

0.135

Lateral projected area: AL
(
m2
)

0.520

Block coefficient: Cb 0.830

ship’s position trajectory (x0, y0)wasderived from theGNSS
receivers and converted to the midship position. To ensure
high positioning accuracy, the Centimeter Level Augmenta-
tion Service (CLAS) was utilized. Furthermore, the relative
distance between the twoGNSS receiverswasmonitoreddur-
ing the tests, and only data with a distance error of less than
5cm were used to guarantee reliability. The surge and sway
velocities were estimated by numerically differentiating the
midship trajectory using a second-order central difference
method (with a differential time of �t = 1.0 s) and smooth-
ing the results with a linear Kalman filter.

The heading angle ψ was calculated based on the rela-
tive position vector between the fore and aft GNSS antennas.
This approach was adopted to eliminate the influence of sen-
sor drift observed in the FOG, which was approximately 5
degrees per 10min. The yaw rate r was directly measured by
the FOG and processed using a low-pass filter with a cutoff
frequency of 0.2 Hz. Wind disturbances were modeled as a
function of time. To mitigate spatial dependency, apparent
wind velocities measured by the two onboard anemometers
were converted into local true wind velocities and then aver-
aged to determine the environmental parameters.

The maneuvering data collected include the following:

– Berthing maneuver: These were included to cover com-
plexmaneuveringmotiondata for berthing andunberthing
in the low-speed range, which are difficult to obtain in
standard turning and zigzag tests.

– Turning test and zigzag test: These were selected as the
baseline data for verifying model accuracy, because they
are standard maneuvers widely used to evaluate a ship’s
turning ability, course-keeping ability, and yaw-checking
performance

– Randommaneuver: These inputs were introduced to effi-
ciently enhance the model’s generalization performance
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Table 3 Control conditions for the rudder angle and the propeller rota-
tion number in each maneuvering test

Test type Rudder angle Propeller rotation number
[◦] [rps]

Turning test ±20, ±35 8, 10

Zigzag test ±15, ±20, ±30 10, 12, 15, 17

Random maneuver [−35, 35] [−10, 10]

by ensuring data diversity. Specifically, they encompass
diverse motion states independent of specific patterns—
such as astern motion and propeller reversal—which are
not fully covered by standard Turning and Zigzag tests.
As demonstrated in the previous studies [45, 46], learning
from such randomized inputs is an effective approach to
achieving robust estimation even with a limited amount
of data.

Table 3 summarizes the rudder angle and propeller rotation
number settings for each maneuvering test. We obtained all
data at 10 Hz and downsampled to 1 Hz for the experiment.
The detailed measurement procedures and equipment con-
figuration follow those described in [23, 29].

4.2 Datasets and comparisonmodels

In this paper, we refer to a Turning test with a rudder deflec-
tion of δ◦ as the “Turning δ◦ Test”, and a Zigzag test with a
rudder deflection of δ◦/ and a heading change of ψ◦ as the
“Zigzag δ◦/ψ◦ Test”. The datasets used in this study are clas-
sified into two types based on their characteristics, as shown
in Table 4:

– D1: Composed of scenarios with relatively limited con-
trol conditions, intended for model accuracy validation
within a narrow distribution range.

– D2: Includes all data from D1 and additionally incorpo-
rates random maneuver data (including scenarios with
reverse motion and propeller reversal) to expose the
model to a wider, more diverse set of motion patterns and
thus validate the maneuvering model’s accuracy over a
broader domain.

We applied the multi-step sampling method to augment the
training data, by sliding a 5-s window through each time-
series in 2-s increments. This approach increases the diversity
of training samples extracted from the limited dataset.

For comparison of performance, the following three types
of models were used:

– MMG-only model: a traditional physics-based MMG
model. Forces and moments are calculated from the con-

Table 4 Time durations [s] of each test type in the datasets

Berthing Turning Test Zigzag Test Random
Maneuver Maneuver

D1 1042.4 5269.6 914.1 —

D2 1042.4 5269.6 914.1 5281.0

Table 5 Maneuvering tests and their time durations used for test data

Test type Duration [s]

Berthing Maneuver 127.7

Turning 20◦ Test 311.2

Turning 35◦ Test 519.7

Zigzag 20◦/20◦ Test 140.2

Zigzag 30◦/30◦ Test 121.1

Random Maneuver 671.6

Total 1891.5

tributions of the hull, rudder, propeller, and wind using
theoretical formulas.

– NN-only model: a fully data-driven model consisting
solely of an FNN. Forces and moments are approximated
by the FNN.

– Hybrid model: the proposed MMG+FNN hybrid. It
combines theMMGmodel’s output FMMG with an addi-
tional FNN-generated force/moment term FNN, thereby
capturing complex nonlinear motions.

For each model, two training datasets (D1 and D2) were
used. Prediction accuracy was evaluated using the RMSE of
the predicted velocity vector ν̂. Six types of maneuvering
tests were used as test scenarios to evaluate model perfor-
mance (Table 5).

The prediction period was set to 1 s per step and pre-
dictions were made for medium-term (30-s) and long-term
(100-s) horizons. The medium-term prediction is suitable for
accuracy comparison with minimal cumulative error, while
the long-term prediction highlights the model stability. A
comprehensive evaluation was performed using both periods
[15, 23].

4.3 Model parameters

The details of the FNN model used to construct f NN for
simulation experiments are shown in Table 6. The datasetsD1

andD2 were split into training and validation sets using a 0.7
ratio (70% for training and 30% for validation). The numbers
of training samples were ND1 = 2330 and ND2 = 4338. The
total number of parameters in the FNN is

P = (9 · 64 + 64) + (64 · 64 + 64) + (64 · 3 + 3) = 4995.
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Table 6 Configuration of the FNN model used in this study

Layer Units Activation function

Input 9 Tanh

Hidden 1 64 Tanh

Hidden 2 64 Tanh

Output 3 Linear

(25)

Accordingly, the parameter-to-sample ratios are P/ND1 ≈
2.14 and P/ND2 ≈ 1.15. Since it has been pointed out that,
for deep models, the relationship between the number of
parameters and the generalization error is not necessarily
monotonic[47], we did not assess the appropriateness of the
model size based solely on these ratios. Instead, overfitting
was mitigated by regularization and early stopping based on
the validation data[48].

Other parameters, such as scaling parameters (λν , λF, λL2
etc.), were tuned iteratively to suitable values for eachmodel.

4.4 Simulation results

Tables 7 and 8 show the RMSE for u (Surge), v (Sway), and
r (Yaw) components for 30-s and 100-s predictions in each
test, categorized by model (MMG, NN, Hybrid) and dataset
(D1,D2). We use these RMSE values as quantitative metrics
to evaluate each model’s prediction accuracy.

Fig. 3 Absolute error in the rurning 20◦ test (30-s prediction)

Additionally, Figs. 3 to 5 present box plots of the 30-s
prediction errors for the Turning 20◦ test, Zigzag 30◦/30◦
test, and Random maneuver. These figures visually show the
interquartile range (IQR), mean, and median of the absolute
error (AE) for the velocity vector to compare the error dis-
tributions among the different models (see Fig. 4).

Table 7 RMSE [m/s, rad/s] for
u, v, and r predictions at 30 s for
each test (by model and dataset)

Test Name Model D1 D2
u vm r u vm r

Berthing maneuver MMG 0.0103 0.0132 0.0115 0.0103 0.0132 0.0115

NN 0.0076 0.0063 0.0071 0.0114 0.0062 0.0062

Hybrid 0.0069 0.0071 0.0052 0.0062 0.0076 0.0048

Turning 20◦ test MMG 0.0189 0.0227 0.0105 0.0189 0.0227 0.0105

NN 0.0086 0.0076 0.0048 0.0107 0.0074 0.0044

Hybrid 0.0087 0.0069 0.0041 0.0094 0.0068 0.0035

Turning 35◦ test MMG 0.0220 0.0173 0.0089 0.0220 0.0173 0.0089

NN 0.0093 0.0081 0.0052 0.0075 0.0090 0.0036

Hybrid 0.0101 0.0084 0.0044 0.0085 0.0081 0.0022

Zigzag 20◦/20◦ test MMG 0.0262 0.0363 0.0126 0.0262 0.0363 0.0126

NN 0.0247 0.0199 0.0106 0.0245 0.0217 0.0124

Hybrid 0.0199 0.0134 0.0057 0.0237 0.0120 0.0042

Zigzag 30◦/30◦ test MMG 0.0354 0.0529 0.0241 0.0354 0.0529 0.0241

NN 0.0336 0.0404 0.0287 0.0264 0.0499 0.0339

Hybrid 0.0239 0.0262 0.0153 0.0315 0.0282 0.0132

Random maneuver MMG 0.0210 0.0120 0.0075 0.0210 0.0120 0.0075

NN 0.0340 0.0182 0.0086 0.0164 0.0062 0.0055

Hybrid 0.0199 0.0109 0.0063 0.0149 0.0071 0.0034
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Table 8 RMSE [m/s, rad/s] for
u, v, r predictions at 100 s for
each test (by model and dataset)

Test Name Model D1 D2
u vm r u vm r

Berthing maneuver MMG 0.0237 0.0173 0.0161 0.0237 0.0173 0.0161

NN 0.0207 0.0062 0.0080 0.0331 0.0074 0.0066

Hybrid 0.0170 0.0095 0.0082 0.0222 0.0060 0.0061

Turning 20◦ test MMG 0.0372 0.0294 0.0138 0.0372 0.0294 0.0138

NN 0.0132 0.0091 0.0051 0.0192 0.0075 0.0040

Hybrid 0.0099 0.0067 0.0039 0.0169 0.0068 0.0032

Turning 35◦ test MMG 0.0455 0.0224 0.0098 0.0455 0.0224 0.0098

NN 0.0101 0.0096 0.0065 0.0087 0.0126 0.0052

Hybrid 0.0173 0.0122 0.0055 0.0107 0.0109 0.0032

Zigzag 20◦/20◦ test MMG 0.0645 0.0398 0.0144 0.0645 0.0398 0.0144

NN 0.0170 0.0239 0.0114 0.0286 0.0270 0.0140

Hybrid 0.0233 0.0163 0.0093 0.0145 0.0115 0.0056

Zigzag 30◦/30◦ test MMG 0.0273 0.0520 0.0217 0.0273 0.0520 0.0217

NN 0.0659 0.0355 0.0254 0.0682 0.0478 0.0323

Hybrid 0.0283 0.0260 0.0160 0.0347 0.0288 0.0144

Random maneuver MMG 0.0299 0.0154 0.0085 0.0299 0.0154 0.0085

NN 0.0373 0.0273 0.0082 0.0138 0.0079 0.0070

Hybrid 0.0230 0.0148 0.0086 0.0126 0.0086 0.0041

Fig. 4 Absolute error in the zigzag 30◦/30◦ test (30-s prediction)

Figures7 and 9 show the 100-s prediction results for each
model (MMG, NN, Hybrid), trained using D2. The results
correspond to the Berthing maneuver (0–100s) and Random
maneuver (200–300s), and compare the predicted attitude
vector η̂ and velocity vector ν̂ with the observed data. Addi-
tionally, Figs. 6 and 8 show the corresponding actuator states

Fig. 5 Absolute error in the random maneuver (30-s prediction)

and the relativewind states. Both time intervals involve irreg-
ular and unsteady maneuvers, revealing the characteristics of
eachmodel and the supportive role of the FNN. These figures
are used to observe and evaluate how well each model can
predict the characteristics of short-term ship motion under
unsteady actuator states.
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Fig. 6 Actuator state and relative wind state in the Zigzag 30◦/30◦ test
(trained with D2: 0–100s)

Fig. 7 Time variation of the attitude vector and velocity vector in the
Zigzag 30◦/30◦ test (trained with D2: 0–100s)

Figures10 to 12 show the comparison results between the
predicted trajectories and the observed trajectories for each
model (MMG, NN, Hybrid) trained by D2. The evaluation
includes the Turning 20◦ test, the Zigzag 30◦/30◦ test, and the
Random maneuver. These tests are used to visualize the spa-
tial prediction performance for each motion and to compare
the differences between models.

Fig. 8 Actuator state and relative wind state in the Random maneuver
(trained with D2: 500–600s)

Fig. 9 Time variation of the attitude vector and velocity vector in the
Random maneuver (trained with D2: 500–600s)

Figures13 to 16 show the results of OOD detection based
on kNN distance in the Hybrid model for the 30-s predic-
tions. The horizontal axis represents the time steps (seconds),
and the vertical axis represents the kNN distance (k = 10).
The blue line indicates the kNN distance at each time step,
the green dashed line shows the predefined detection thresh-
old, and the red shaded area represents the periods identified
as OOD input. Figures13 and 14 show the behavior when
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Fig. 10 Trajectory prediction results for each model in the Turning 20◦
test (trained with D2)

Fig. 11 Trajectory prediction results for each model in the Zigzag
30◦/30◦ test (trained with D2)

Turning 20◦ test data are used, showing output results for
models trained with D1 (which includes many Turning tests
but excludes Random maneuver data) and D2 (an extended
dataset including Random maneuver). In contrast, Figs. 15
and 16 show the behavior when Random maneuver data are
used, whereD1 represents the untrained state, andD2 repre-
sents the trained state. In each figure, you can compare how
the inclusion of training data affects the kNN distance and
the OOD detection behavior. These results visually confirm
the effectiveness of the OOD detection mechanism using the
kNN distance to distinguish between data inside and outside
the input state distribution. They also allow for a detailed
evaluation of the detection system’s behavior and overall per-
formance.

Figures17 and 19 show the time variations of the fluid
forces/moments in the Hybrid model, trained using D2, for
the predictions of 100 s of the Turning 20◦ test and Zigzag

Fig. 12 Trajectory prediction results for each model in the Random
maneuver (trained with D2)

Fig. 13 kNN distance and OOD detection for the Turning 20◦ test
(trained with D1)

Fig. 14 kNN distance and OOD detection for the Turning 20◦ test
(trained with D2)

30◦/30◦ test. These figures show the time-series of the com-
ponents FMMG from theMMGmodel and the complementary
FNNmodule FNN. Subscripts H, P, R, A, NN represent Hull,
Propeller, Rudder,Air, and FNN, respectively. Figures18 and
20 separately display the components FMMG, FNN, and their
combined term FMMG + FNN. These figures allow for visu-
alizing the contributions of each module and their correction
relationships. They also illustrate how the FNNcomplements
the MMG model and how the interaction between the phys-
ical and data-driven model evolves over time.
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Fig. 15 kNN distance and OOD detection for the Random maneuver
(trained with D1)

Fig. 16 kNN distance and OOD detection for the Random maneuver
(trained with D2)

Figure21 shows a scatter plot of the relationship between
the absolute value of FNN and velocity prediction errors in
the Hybrid model trained with D2. This demonstrates the
effectiveness of the FNN as a corrective component within
the model.

5 Discussion

Based on the results of numerical experiments, this section
discusses the advantages of the proposedMMG+FNNhybrid
model over the MMG-only model and the NN-only model.
Specifically, we compare these models in terms of prediction
accuracy, data dependency, and interpretability.

As shown in Tables 7 and 8, the proposed model achieves
an average improvement of approximately 30–50% inpredic-
tion accuracy compared to the MMG-only model. The 30-s
prediction results show a clear improvement in terms of accu-
racy. This is especially evident in theTurning 20◦ test (trained
withD2), where theRMSEvalues for the u, vm , and r compo-
nents are reduced by 50.3%, 70.0%, and 66.7%, respectively.
Similarly, a significant reduction in errors was observed in
the Turning 35◦ test, confirming that the FNN complement
effectively corrects the MMG model. Furthermore, from the
error distribution shown in Figs. 3 to 5, compared to the NN-
onlymodel, the quartiles andmean are smaller inmany cases.
This suggests that the Hybrid model, which is based on the

Fig. 17 External forces (by module) in the Turning 20◦ test (trained
with D2)

Fig. 18 External forces (by internal model) in the Turning 20◦ test
(trained with D2)

Fig. 19 External forces (by module) in the Zigzag 30◦/30◦ test (trained
with D2)

MMG model, can produce more stable predictions with less
variation in error.

The 100-s prediction results (from Table 8) also confirm
that the Hybrid model shows improved prediction accuracy
in many test conditions compared to the MMG-only model.
Specifically, in tests involving significant actuator operations
such as the Turning 20◦ and Zigzag 30◦/30◦ the Hybrid
model outperforms the NN-only model. This indicates that
the Hybrid model remains effective across a broad opera-
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Fig. 20 External forces (by internal model) in the Zigzag 30◦/30◦ test
(trained with D2)

Fig. 21 Relationship between |FNN| and absolute prediction errors for
the velocity vector (trained with D2)

tional range. Furthermore, Figs. 6 to 9 confirm that, even
under complex and unsteady actuator operations, the Hybrid
model retains features similar to those of the MMG-only
model while locally correcting predictions using the FNN.
This demonstrates the integrated strength of the proposed
model, in which the MMG model provides a physical foun-
dation and the FNN flexibly applies corrections according to
the situation.

In Figs. 10 to 12, it is clear that the Hybrid model gener-
ally follows the behavior of the MMG-only model, making
stable predictionswithout significant deviation. Especially in
the Zigzag test, the NN-only model shows significant devi-
ation due to insufficient training, whereas the hybrid model
maintains a trajectory close to the actual motion through rea-
sonable predictions based on MMG. These figures visually

demonstrate the effective integration of data-independent
physical knowledge from the MMG model and appropriate
corrections by the FNN in the hybrid model. They also show
that this integrationmaintains high stability even in long-term
predictions (see Fig. 11).

In the proposed model, the OOD detection based on kNN
distance introduces a mechanism to switch to the MMG
model in OOD inputs. As a result, as shown in Table 7, for
the Random maneuver (trained withD1), while the NN-only
model shows declined accuracy, the Hybrid model maintains
good performance. This is because the FNN’s ON/OFF sys-
tem, based on OOD detection, appropriately switches to the
only MMG based prediction, as shown in Fig. 15. Addition-
ally, when Random maneuver are included in D2, as seen in
Fig. 16, most of the data are judged as being within the in dis-
tribution, and FNN corrections are utilized. This allows for
effective correction with minimal data and avoids excessive
data dependency compared to the NN-only model.

In Figs. 17 and 19, the external force in the x direction is
found to be strongly negatively correlated with the fluid force
XH during turnings, with corrections being applied accord-
ingly. Similarly, in the y direction, large fluid forces YH occur
when the rudder angle is switched, and the FNN outputs
YNN to mitigate their impact. For yaw moments, the correc-
tions are smaller during turnings, and Fig. 17 shows that NNN

helps reduce the variation in moments. Focusing on the inter-
nal models, as shown in Figs. 18 and 20, the FNN generally
follows the forces/moments FMMG of the MMG model and
contributes to accuracy improvement through local correc-
tions. In the x-direction, there are exceptions where XNN

notably exceeds XMMG. These results suggest that while
the MMG model cannot fully predict nonlinear maneuvers
such as sharp turnings, the FNN learns these features and
confidently applies corrections. This correction ultimately
leads to a reduction in RMSE, supporting the effectiveness
of the proposed model. Moreover, the structure of the Hybrid
model is highly interpretable, whichmakes it straightforward
to analyze each internal module. This flexibility allows for
easy modification and extension of individual components,
enabling clear evaluation of changes in behaviorwhen a com-
ponent is modified.

As shown in Fig. 21, the scatter plot of the relationship
between the absolute values of FNN and prediction errors
visually demonstrates that the correction terms effectively
reduce errors by preventing unnecessary growth of FNN, par-
ticularly in the lower half of the plot.

Summarizing the results: the proposed hybrid model sig-
nificantly outperforms the MMG-only model in prediction
accuracy, and it is more stable (especially in long-term
predictions) than the NN-only model. At the same time,
it reduces the dependency on training data and maintains
high interpretability, especially in comparison to previously
reported hybrid methods. Furthermore, the hybrid model’s
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computation time is lower than that of sequence-dependent
architectures like RNNs, and the kNN-based OOD detec-
tion is computationally lightweight. These factors make our
approach suitable for real-time applications.

As a future prospect, the adoption of time-series models
(e.g., RNN,LSTM, orTransformer) instead of the FNNcould
improve performance by capturing temporal dependencies.
Additionally, introducing water depth and the distance to
the quay as inputs would help compensate for unmod-
eled dynamics in the MMG framework. Nevertheless, these
extensions necessitate a substantially larger dataset than is
currently available, making their immediate implementation
difficult.

6 Conclusion

In this study, we proposed a hybrid maneuvering model that
integrates the MMG model with a force/moment-level FNN
module, incorporating output constraints. The goal was to
achieve a maneuvering model with high prediction accuracy
including low data dependence and maintaining the inter-
pretability of the MMG model.

We specifically designed the hybrid model to maintain
the MMG model’s modular structure, through the addi-
tion of complementary FNN module to account for those
force/moment contributions that the MMG formulation can-
not fully capture. This design keeps the model highly
interpretable, as each module’s role is clear and it is easy
to understand the contribution of each module to the over-
all prediction. In addition, to prevent the FNN output from
becoming dominant and correcting the motion by ignoring
the MMG model’s output, a conditional regularization term
based on the MMG output is introduced during the FNN
learning process. This reflects the design philosophy that
the MMG model serves as the main predictor, and correc-
tions are preferentially performed only within the range of
the predicted error. Furthermore, the significant deterioration
of predictability for out-of-distribution data, often seen in
conventional models, is suppressed by OOD detection using
kNN distance.

Numerical experiments confirmed that the hybrid model
improves predictive accuracy substantially: in middle-term
(30-s) predictions, it reduced RMSE by roughly 30–50%
relative to the MMG-only model, and in highly nonlinear
scenarios, it achieved error reductions up to about 70%.
The hybrid model also maintained stable performance over
long-term predictions (100 s), whereas the NN-only model’s
accuracy degraded in such cases. Particularly, in tests involv-
ing strong nonlinear maneuvering motions, such as the
Turning test and Random maneuver, an RMSE reduction of
up to 70%was achieved. Overall, the proposed approach suc-
cessfully leverages the strengths of both the physical model

and data-driven model, resulting in a maneuvering model
that offers improved accuracy, reduced data dependency, and
maintained high interpretability.

Based on these findings, this study presents an effective
approach for the design ofmaneuveringmodels that integrate
the advantages of physical models and data-driven models.
In the future, the model is expected to be applied to real-
time autonomous navigation support systems, providing a
technical foundation for its practical implementation.

A Appendix

A.1 Structure of theMMGmodel

In this study, the MMG model is adopted as the physical
model. The MMG model mathematically represents ship
maneuvering motions by modularizing dynamic elements,
such as the hull, propeller, and rudder, considering the fluid
forces acting on each [4]. Since the physical contributions of
each component are clearly separated, this model is easy to
analyze and extend, and has been utilized in many studies
aimed at evaluating ship design and maneuvering perfor-
mance. In this study, the model is constructed based on the
MMG model used by Miyauchi et al. (2021) [29], which
incorporates wind conditions and propeller reverse rota-
tion [49] into the standard MMG model [4].

A.2 Fluid forces andmoments acting on hull

The fluid force terms acting on the hull (XH,YH, NH) are
calculated based on Yoshimura’s estimation model [50] as
follows:

XH =
(ρ

2

)
Lppd

[
{X ′

0(F) + (X ′
0(A) − X ′

0(F))(β/π)}uU
+X ′

vr Lpp · vmr
]

YH =
(ρ

2

)
Lppd

[
Y ′
vvm |u| + Y ′
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−
(
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Lpp

)∫ Lpp/2
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|vm + CrY rx | (vm + CrY rx) dx

]

NH =
(ρ

2

)
L2ppd

[
N ′

vvmu + N ′
r Lpp · r |u|

−
(
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L2pp

)∫ Lpp/2

−Lpp/2
|vm + CrNrx | (vm + CrNrx) xdx

]
,

(26)

where ρ is the water density, Lpp is the length between per-
pendiculars, d is the draft, X ′

0(F) and X ′
0(A) are the resistance

coefficients during forward and backward motion, CD is the
cross-flow drag coefficient,CrY andCrN are correction coef-
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ficients for force and yawmoment, and X ′
0(F),Y

′
v,Y

′
r , N

′
v, N

′
r

represent dimensionless hydrodynamic coefficients. In the
following descriptions, symbols with a prime mark indicate
dimensionless values.

A.3 Fluid forces andmoments due to propeller

Since the standard MMG model [4] assumes only forward
motion (u > 0, np > 0), additional sub-models correspond-
ing to the propeller operating conditions are used to calculate
propeller forces. These are classified into the following four
quadrants: 1st quadrant (u ≥ 0, np > 0), 2nd quadrant
(u < 0, np > 0), 3rd quadrant (u ≥ 0, np < 0), and 4th
quadrant (u < 0, np < 0).

In the 1st and 2nd quadrants, the propeller thrust XP is
calculated by the standard MMG model as follows:

XP = ρn2pD
4
p(1 − tp)KT. (27)

Here, the thrust coefficient KT is expressed as a polyno-
mial of the advance coefficient Jp = (1 − wp)u/(npDp).
The effective propeller wake fraction wp is calculated as fol-
lows [51]:

1 − wp = 1 − wp0 + τ |v′
m + x ′

pr
′| + C ′

P(v
′
m + x ′

pr
′)2, (28)

where wp0 is the wake fraction at vm = r = 0, and τ,C ′
P, x

′
p

are coefficients determined based on experiments. The thrust
deduction factor tp and wake fraction wp vary depending on
the propeller operating conditions, but in this study, they are
modeled simply as follows [51, 52]:

tp = 0 (for np < 0) (29)

wp = 0 (for u < 0). (30)

The propeller-induced lateral force YP and yaw moment
NP in the 1st and 2nd quadrants (np ≥ 0) are usually ignored
in the standard MMG model, but in this model, they are
calculated using the following polynomials based on training
ship experiments [53]:

YP =
{
0 (u ≥ 0)
1
2ρL

2
ppd(npP)2(A6 J 2s + A7 Js + A8) (u < 0)

(31)

NP =
{
0 (u ≥ 0)
1
2ρL

2
ppd(npP)2(B6 J 2s + B7 Js + B8) (u < 0),

(32)

where P is the propeller pitch, Js = u/(npDp), and A6 ∼
A8 and B6 ∼ B8 are polynomial coefficients.

For propeller reverse rotation conditions (3rd and 4th
quadrants), polynomial expressions based on CMT [54] are
used

XP = ρn2pD
4
p

{
C6 + C7 Js (Js ≥ C10)

C3 (Js < C10)
(33)

YP = 1

2
ρLppd(npDp)

2

⎧⎪⎨
⎪⎩

A1 + A2 Js (−0.35 ≤ Js ≤ −0.06)

A3 + A4 Js (Js < −0.35)

A5 (−0.06 < Js)

(34)

NP = 1

2
ρL2

ppd(npDp)
2

⎧⎪⎨
⎪⎩

B1 + B2 Js (−0.35 ≤ Js ≤ −0.06)

B3 + B4 Js (Js < −0.35)

B5 (−0.06 < Js),

(35)

where A1 ∼ A5, B1 ∼ B5,C3,C6,C7,C10 are polyno-
mial coefficients.

A.4 Fluid forces andmoments due to rudder

In the standard MMG model [4], the forces and moments
generated by the rudder are expressed as follows:

XR = −(1 − tR)FN sin δ (36)

YR = −(1 + aH)FN cos δ (37)

NR = −(xR + aHxH)FN cos δ, (38)

where tR, aH, and xH are interaction coefficients of the
rudder on the hull and propeller. Also, xR is the x-coordinate
of the rudder position. The rudder normal force FN is defined
by the following equation:

FN = 1

2
ρARU

2
R fα sin αR. (39)

In the equation, the rudder inflow velocity UR and the
effective rudder inflow angle αR are expressed using the lon-
gitudinal and lateral inflow velocities uR, vR as follows:

UR =
√
u2R + v2R (40)

αR = δ − atan2

(
vR

uR

)
. (41)

The normal force gradient is calculated based on Fujii’s
formula [55]

fα = 6.13λ

2.25 + λ
. (42)

In the model by Miyauchi et al. [29], to apply to berthing
maneuvers, the standard MMG model was extended by
introducing atan2(y, x) which returns values in the range
(−π, π ]. The lateral inflow velocity vR is expressed using
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the flow rectification coefficient γ and the experimental con-
stant lR as follows:

vR =
{

−γp(vm + lRr) (vm + xRr ≥ 0)

−γN(vm + lRr) (vm + xRr < 0).
(43)

The longitudinal inflow velocity uR is strongly influenced
by the ship’smotion direction and the propeller-induced flow.
During forward rotation (np ≥ 0), a correction model for the
low-speed range [50] is used

uR =ε

√√√√√η

⎧⎨
⎩up+

kx
ε

⎛
⎝
√
u2p+

8KT(npDp)2

π
− up

⎞
⎠
⎫⎬
⎭

2

+(1 − η)u2P,

(44)

where uP = (1 − wP)u, η = Dp/HR (HR is the rudder
height), ε is the wake ratio, and kx is an empirical coefficient.

For reverse rotation (np < 0) and forwardmotion (u ≥ 0),
Kitagawa’s model [56] is applied

uR = sgn(uRsq) ·√|uRsq|, (45)

where

uRsq = η · sgn(uRPR1) · u2RPR1
+ (1 − η) sgn(uRPR2) · u2RPR2 + CPR · u (46)

uRPR1 = uε(1 − wp) + npDpkxPR
√
8|KT|/π (47)

uRPR2 = uε(1 − wp), (48)

kxPR is the velocity increase coefficient, and CPR is the
correction coefficient during propeller reverse rotation.

For reverse rotation (np < 0) and backward motion (u <

0), it is assumed that the inflow velocity is equal to the ship’s
motion (uR = u) [51].

A.5 Fluid forces andmoments due to wind

Regarding the external forces induced by wind turbulence,
Fujiwara’s regression formula [57] is used to estimate the
wind pressure coefficients. The wind forces and moment are
expressed as follows:

XA = 1

2
ρAU

2
AAT · CX (49)

YA = 1

2
ρAU

2
AAL · CY (50)

NA = 1

2
ρAU

2
AALLOA · CN . (51)

The wind pressure coefficients CX ,CY ,CN in the equa-
tions are as follows:

CX = X0 + X1 cos(2π − γA) + X3 cos 3(2π − γA)

+ X5 cos 5(2π − γA) (52)

CY = Y1 sin(2π − γA) + Y3 sin 3(2π − γA)

+ Y5 sin 5(2π − γA) (53)

CN = N1 sin(2π − γA) + N2 sin 2(2π − γA)

+ N3 sin 3(2π − γA), (54)

where ρA is the air density,UA is the relative wind speed, γA
is the relative wind direction angle, AT is the transverse pro-
jected area, AL is the lateral projected area, and LOA is the
length over all. The coefficients Xi ,Yi , Ni are wind pressure
coefficients derived by regression formulas [57] using the
ship’s geometric parameters as explanatory variables, based
on wind tunnel experiment data using numerous scale mod-
els.

A.6 MMGmodel parameters

Table 9 shows the parameters of theMMGmodel used in this
study. These parameters are adopted from the EFD (Experi-
mental FluidDynamics)model parameters used byMiyauchi
et al. (2021) [29] (Table 8 in their paper).
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Table 9 MMG model
parameters

Parameter Value Parameter Value Parameter Value

mx/(0.5ρL2
ppd) 0.0467 A3 −0.00493 aH 0.393

my/(0.5ρL2
ppd) 0.2579 A4 −0.00587 xH/Lpp −0.45

(Izz + Jzz)/(0.5ρL4
ppd) 0.0286 A5 −0.000558 lR/Lpp −1.08

X ′
vr 0.4535 A6 0.00508 kx 0.288

Y ′
v −0.3728 A7 0.0017 kx PR 0.144

Y ′
r 0.116 A8 0.000916 ε 1.42

N ′
v −0.1458 B1 −0.00317 CPR −0.176

N ′
r −0.04849 B2 −0.000558 γN 0.4406

CD 0.9665 B3 0.00916 γp 0.3506

CrY 2.217 B4 0.00233 X0 −0.010466205

CrN 0.8097 B5 0.000225 X1 −0.821991956

X ′
0(A) −0.03189 B6 −0.00216 X3 0.060273613

tp 0.22 B7 6.27E − 05 X5 0.044558221

wp0 0.614 B8 6.27E − 05 Y1 1.058172083

τ 0.871 C3 −0.251 Y3 0.002321463

C ′
p −0.359 C6 −0.175 Y5 −0.015293452

x ′
p 0.517 C7 0.33 N1 −0.030727798

A1 −7.90E − 05 C10 −0.233 N2 0.10411637

A2 0.00799 tR 0.19 N3 −0.000880301
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