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Abstract—Accurate ship motion prediction is essential for
safety and efficiency in maritime navigation. Data-driven tech-
niques offer potential accuracy improvements to ship model
prediction, yet their utility and reliability are being explored.
This study compares two data-driven approaches for vessel
trajectory prediction: a data-driven optimization of physics-based
model parameters and a purely machine learning approach. Both
models are trained and evaluated based on a dataset comprising
of 90 trajectories generated via a vessel simulator. The physics-
based model is based on hydrodynamic principles while key
parameters are fitted, using constrained nonlinear least squares,
to tailor its prediction accuracy to the dataset. For the machine
learning approach, a feed-forward neural network learns motion
patterns directly from data without prior domain knowledge. A 5-
fold cross-validation is employed for both models ensuring robust
evaluation. The models’ prediction accuracy is quantified using:
(i) Euclidean Distance, (ii) Euclidean Distance with Heading
Penalization, and (iii) Custom Vessel Distance Measure. The
results across the dataset show that the data-driven physics-based
model achieves higher prediction accuracy (40 per cent lower
summarized absolute error) and consistency (35 per cent lower
summarized error spread). Individual prediction scenarios are
examined to highlight the trade-offs between accuracy, reliability
and adaptability of the two approaches.

Index Terms—Autonomous shipping, Machine Learning, Pa-
rameter optimization, Data Driven Models

I. INTRODUCTION

In recent years, the maritime industry has seen a growing
demand for accurate ship motion prediction models to enhance
safety, efficiency, and decision-making in navigation. This
need has become of higher importance within the context of
autonomously navigating ships. To address this challenge, the
research community has been exploring innovative approaches
that leverage both traditional physics-based models [1]-[3] and
data-driven techniques, with significant attempts from [4]-[6].
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Maneuvering models trace back to [7], with major contri-
butions to hydrodynamics [8], [9], and course stability [10],
[11]. Taylor expansion was used for maneuvering models [12],
[13], which were utilized for autonomous navigation [14].

The Maneuvering Modeling Group (MMG) model, first
proposed by [1] and refined by [15], has been widely used
for autonomous surface vehicle control [16], path follow-
ing [17], course keeping [18], reinforcement learning-based
control [19], and autonomous berthing [5], [20], [21]. Other
models include the Hydrodynamic Derivatives model [15], the
Cross-Flow Drag model [22], and the Table model [23], each
offering different trade-offs between complexity, accuracy, and
physical justification [2], [3], [22], [24]-[29].

Rapid innovation in data analysis techniques and measure-
ment equipment has opened new horizons and possibilities for
constructing end-to-end models based on ship data. Purely data
driven, Machine Learning (ML) models can be constructed
to predict the motion of the vessel. Related work in this
field include artificial neural networks [4], [6], [30]-[33] and
Gaussian processes [34], [35]. These models are easy to
construct and can have high accuracy when the data measured
on the vessel is of good accuracy and captures as large an
operational spectrum as possible. However, these purely data-
driven models (black box) often lack physical interpretability,
leading to unexpected outcomes, especially in areas of the
domain where datapoints are sparse or not seen in training.

Physics-based models incorporate established hydrody-
namic principles, ensuring physical consistency and generaliz-
ability to unseen conditions, yet they often require manual tun-
ing of parameters based on excessive model tests [3] and may
not capture all real-world complexities. Hence, an alternative
is a hybrid approach that combines physics-based modeling
with data-driven optimisation of physics-based parameters.
i.e. optimize parameters of physics-based model based on
measured behaviour of a vessel. In the literature, [36], [37]



employed a gradient-free optimization method (namely CMA-
ES) to tune parameters of an MMG model [15] using sea-trial
data of a real-scale ship. [38] proposed a framework that fits
open parameters of an Abkowitz model [12] to data of the
target ship while using a well-validated model of similar ship
to regularize the fitting process.

Recent efforts propose hybrid approaches, such as [39],
combining statistical methods with ML to enhance real-time
prediction accuracy using AIS data. Similarly, [39] leverages
recurrent neural networks to capture temporal dependencies
in maritime data, and improve the predictive accuracy of the
model under varying environmental conditions. Meanwhile,
[40] incorporates multi-source sensor data to refine motion
predictions. These contributions highlight the growing syn-
ergy between data-driven methodologies and domain-specific
knowledge, aligning with the hybrid and pure ML approaches
evaluated in this study.

This work introduces and compares two distinct approaches
for predicting the motion of a ship: (i) a data-driven opti-
mization of physics-based model parameters, and (ii) a pure
ML approach using neural networks. The former method
leverages existing domain knowledge to account for the impact
of environmental factors and vessel appendages [41], while
providing structure for data optimization techniques. The latter
approach uses neural networks to learn patterns from data,
treating the problem as a regression task. The model predicts
the vessel’s next state from its current state and control signals,
without integrating physics-based information model into the
structure or training process.

The two resulting models (corresponding to the two ap-
proaches) are compared and validated on their ability to
accurately predict a set of trajectories (test set), after being
trained on a different set of trajectories (train set). To avoid
dataset biases, a 5-fold cross-validation is being implemented.
The train and test sets are extracted from a dataset D, which
for this paper has been produced using a simulator, provided
by the Hiroshima University for a 130 meter containership [3].
It is assumed that the response of the simulator for the
particular 130 meter containership replicates the real world
behaviour of the containership.

The main contribution of this work lies in comparing a data-
driven physics-based approach against a feed-forward neural
network trained and tested on the same data. This provides
a quantitative investigation into the accuracy and reliability
trade-offs of incorporating marine engineering domain knowl-
edge in data-driven modeling with a small-scale dataset. This
investigation builds on top of our prior work [41], where a
physics-based motion prediction model is being compared in
terms of accuracy against real-world data, and [42], where
the same physics-based motion prediction model has been
being parametrized and fitted to a trajectory dataset of a
container ship. Here, we compare the predictive capabilities
of the data-driven physics-based approach [42] against a pure
ML modeling approach.

The rest of the manuscript is organized as follows. Section II
describes the characteristics and the creation process of the

TABLE I: State and control features/dimensions.

Symbol Description Metric Units
T position x m
Y position y m
P heading rad
T surge speed m/s
Y sway speed m/s
r yaw rad/s
n RPM none
1) rudder angle rad
Fy bow thruster N
Fy stern thruster N
Ne RPM command none
dc rudder angle command rad
Fy . bow thruster command N
Fs.c stern thruster command N

dataset. Section III describes the two modeling approaches
of the predictive models, while section IV provides the
evaluations performed in this study. Finally, in section V
and section VI we discuss and conclude this work.

II. DATASET
A. Synthetic Dataset Generation

In our validation setup, we utilize a synthetic dataset D.
The dataset consists of NV = 90 distinct trajectories, created
using the Hiroshima University simulator that serves as the
ground truth for this study.

The trajectories are generated via a closed-loop setup, where
a controller drives a simulated containership. The controller
aims to follow reference paths that are typical maritime
operational scenarios, such as approaching and departing a
port. The controller’s outputs are commands, such as nc and
d., that are fed into the simulator to generate the trajectories of
the dataset. Leveraging this approach enables us to synthesize
a dataset that includes a diverse set of maneuvers under
realistic maritime conditions. Such a synthetic dataset allows
for a structured evaluation of the optimization process and
the robustness of different fitted predictive models. A visual
representation of the trajectory dataset is shown in fig. 1.
To ease the reader’s understanding, all trajectories have been
shifted to the origin and rotated to have the same initial
heading (0°).

B. Trajectory Characteristics and Dataset Statistics

Each trajectory 7 has a fixed time duration 7" = 120s,
it is sampled at fixed time intervals 7y = 1s leading to a
K + 1 number of knots where K = Tls = 120. Each knot
of the trajectory consists of the ten first features described
in table I, which compose the state of the vessel denoted as
sk = [2,9,9,2,9,7,n,0, Fy, Fs]T.

The dataset provides a detailed insight into the velocity
characteristics of a 130-meter container ship during low-speed
approaching or departing from port maneuvers. The vessel’s
surge speed & ranges from —0.47 m/s to 6.17 m/s, with a
mean of 3.82 m/s. The 10th percentile at 3.11 m/s and the
90th percentile at 4.97 m/s highlight that the vessel operates
predominantly within a narrow speed band, reflecting the
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Fig. 1: The trajectories of the dataset are shifted to the

origin and rotated to have zero initial heading, so they appear
superimposed.

controlled nature of approach and departure phases. Note, that
the maneuvers are not berthing or unberthing as we can see
that bow and stern thruster commands and forces are 0 from
10th Perc. (Pig) to 90th Perc. (Poo)

Sway velocity ¥ is significantly lower, with a mean of 0.05
m/s and extreme values ranging from —1.04 m/s to 1.03 m/s.
The 10th and 90th percentiles, at —0.3 m/s and 0.46 m/s, both
demonstrate the limited but critical lateral motion required
for precise berthing. The yaw rate r, representing the rate of
heading change, remains close to zero, with a mean of 0.0 rad/s
and extreme values of +0.02 rad/s, indicating slow, deliberate
rotational adjustments during confined maneuvers.

The propulsion system operates primarily within the low
to moderate RPM range, with a mean of 92.8 rpm and 90th
percentile reaching 154.5 rpm, emphasizing controlled motion
rather than high-speed maneuvers.

These velocity statistics collectively reflect the vessel’s
careful navigation strategy during port operations, where fine
speed adjustments and precise heading control are crucial for
safe and efficient maneuvering.

III. VESSEL MOTION PREDICTION

Trajectory prediction is based on an initial state and a
sequence of control commands. Formally, given a state s; and
control signals uy, the system (vessel) proceeds to its next state
sk+1 according to a function g(-). By iteratively applying (1)
trajectories can be predicted.

Sk+1=g(Sk,uk), k‘:O,l,...K—l (1)

TABLE II: Statistics of the dataset.

Min Max Mean Std Pio Pso Pyo

T -1935 1051 -362 554 -1368 | -205 136
Y -2622 3594 260 1194 | -1469 | 227 1592
P -1.52 6.12 2.84 1.46 1.58 243 4.83
T -0.47 6.17 3.82 0.74 3.11 3.53 497
Y -1.04 1.03 0.05 0.3 -0.3 0.02 0.46
T -0.02 0.02 0.00 0.01 -0.01 0.00 0.01
n -158.8 169.7 92.8 479 32.1 95.7 | 154.5
0 -40.0 40.0 -1.0 11.3 -13.9 -0.7 11.6
Fy -51228 | 63000 725 8384 0.0 0.0 0.0
Fs -63000 | 62996 203 5711 0.0 0.0 0.0
e -180.0 180.0 94.8 50.8 36.5 98.4 | 166.7
dc -40.0 40.0 -1.4 12.1 -15.5 -0.7 12.0
Fyp . | -51228 | 63000 725 8421 0.0 0.0 0.0
Fs.. | -63000 | 62996 207 5734 0.0 0.0 0.0

The data-driven modeling task of predicting a ship’s motion is
to estimate function g(-) through a parametrized model go(-).
0 is the set of the model’s parameters which can be learned
by utilizing data. In this work, we compare two different
approaches in terms of trajectory prediction, the two models
have 3 degrees of freedom (3-DoF) and are: (i) a physics-
based data-driven marine model and (ii) a pure ML approach
that has no prior knowledge of the underlying physics.

A. Physics-Based Model and Parameter Optimization

A physics-based motion prediction model for vessels in-
volves simulating the ship’s motion in 3 degrees of freedom (3-
DoF) using nonlinear ordinary differential equations (ODEs)
that represent the vessel’s dynamics. Forces and moments
acting on the vessel, including those from the rudder, propeller,
thrusters and environmental factors like wind and currents,
are incorporated into the equations of motion. The next state
Sk+1 1is calculated by integrating the ODEs given the current
state si [41]. This physics-based approach captures the ship’s
behavior by modeling the hydrodynamic effects and resistance
forces based on the ship’s geometry and operating conditions.
For the equations of motion (dynamics), a 3-DoF nonlinear
ODE from [43] is used. This is a Hydrodynamics Derivatives
model described by (2).

(m—Xo)u+ (Yo — Xor — m)vr+
(Vi — mzg)r’— v x

(m —=Y3)0 + (mzg — Yi)r — Y,Uv+
(mu—Y,.U)r —

(mzg — Ny)o — N,Uv + (mzgu — N, U)r+

) rrU vor
(Iz - Ni")r - NT"TT|T‘ - Nrrv? - vaT‘?
In (2), m is the mass of the ship, I, is the yaw moment
of inertia and z¢ is the longitudinal distance of ship’s centre
of gravity from the moving axes’ origin, Os. X, Y and N
terms with surge and sway velocities u, v, equal to z, 9,
yaw rate of turn r and accelerations u, ¥, 7 subscripts are
the maneuvering coefficients of the ship per dimension, which

capture information regarding the hydrodynamic effects based
on its geometric characteristics. The left-hand side (LHS)

Youulv| = Yorvlr| = Yoor|r)) = vy @)

=XN



of (2) includes terms representing added mass, damping, and
restoring forces. The parameters on the LHS are considered
accurate, as the hydrodynamic coefficients are calculated in-
dividually for each ship based on [9], [44].

The right-hand side (RHS) of (2) aggregates all external
forces and moments acting on the ship, as detailed in (3).

X = X, + X5+ X, + R(u)
XYY =Y, +Y;+ Y 3
SN =N, + Ns + N,

For each force dimension, the subscripts denote its source and
R(u) € R denotes the resistance of the vessel in Newton.

For the data-driven physics-based approach, we fit key pa-
rameters on the RHS of (2), i.e. parameters of (3). The selected
parameters influence the thrust, resistance, and rudder forces.
The propeller thrust X, follows a propulsion model [41],
while the lateral force is estimated as:

The moment N,, is computed geometrically from the pro-
peller’s position xp and Y,,, with pg capturing course insta-
bility effects, as

N, =Y,zp :POXnIp . @)
Hull resistance is modeled as
R(u) = pru+ pou® + psu® | (6)

with the 0, order coefficient being set to zero, since stationary
resistance is zero. The coefficients p1, p2, p3 balance resistance
with thrust, improving surge speed predictions and turning
radius. Rudder lift and drag coefficients are modeled as:

cr(ay) = ps + psa, + peaZ + pra’ | (7)

eplar) = ps + poar + ploai . (8)

These polynomials are chosen to match experimental trends,
describe turning performance, with pg4, ps,...,p1o being the
tunable parameters. Together, these components allow the
model to capture key 3-DoF maneuvers like speed, turning,
and course instability. To fit the parameters to vessel-specific
data, with M trajectories, we solve the following constrained
nonlinear least squares (cNLS) problem (9):

M
min gy (6 - 6)TWIE -6
b1 < | & < buv

9(p) <bj, j=1,....J
which minimises the squared deviation between predicted
& and measured trajectories &;. The weight matrix is
W € R!9%10 and the The optimization vector is p =
[P0, 1. P2, D3, Pas s, P6: D7 Ps: Po, Pro] - Where by, by are
parameter bounds, and g(p) are nonlinear functions encoding
additional constraints. The problem is solved numerically
using interior-point optimization to minimize trajectory error
while enforcing physical constraints. For more details we point
the reader to [42].

; )
S. L.

B. Machine Learning Approach

In the pure ML approach, we use a parameterized neural
network gg to learn to predict the next state sii; using
information from the current state s; and control commands
ug. This neural network has no prior knowledge of either
the vessel characteristics or the physical laws that govern the
vessel’s motion. We do not use the positions directly as input
and output of the model but we instead predict speeds and
integrate them into position and heading. In this way, we
enable translation invariance, which is essential for robust
training and allows deployment to any reference coordinate
frame.

The input-output partial state vector of the model consists
of the seven following features y = [&,y,r,n,d, Fy, F]
and input control signals u = [nc,d., Fp ¢, Fi,]. Using the
estimated vector y we obtain a position vector p = [z, y, ¢] by
performing forward Euler integration. Formally, we determine
the difference on each axis (surge — Az, sway — Ay, yaw
— AY) by

Az Tp11€O8(Yr) — Yra1 sin(y)
Ay | = |Eg+1sin(Yr) + Jry1cos(y) | - AL (10)
Ai/) Tk+1

and we add the vector to the current position in order to obtain
the next position with

Az
Pi+1=Pr + | Ay (an
Ay
This 2-step procedure can be summarized as
Ye+1 = 9o(Yk, uk), (12)
Pi+1 = I(Yr+1,Pr), (13)

where I(-) denotes an integration operation in the form of a
function. The predicted full next state s is then obtained as
the concatenation of position px4; and model’s output yx 1,
formally written as

Sk+1 = Pk+1 @ Yk+1 - (14)

Our ML model is a feed-forward neural network with three
hidden layers with one hundred nodes each and a ReLU
activation function. A Mean-Squared-Error (MSE) loss is
used to fit the model with Stochastic-Gradient-Descent (SGD)
optimization. Optimization is performed with Adam algorithm
using an initial learning rate of 0.001 and a batch size of 32.
The model is trained for a maximum of 200 epochs and it
is early stopped if the validation error does not drop at least
10~* after 10 epochs.

IV. EVALUATION SETUP AND RESULTS

The goal of this evaluation is to compare the performance of
a data-driven physics-based motion prediction model and a ML
prediction model against ground truth trajectories generated by
a ship simulator. The dataset is divided into five folds for 5-
fold cross-validation, resulting in five sets, each containing 72



training trajectories and 18 test trajectories. Both models are
trained on the same training datasets of each of the five folds
and they evaluated on the corresponding test sets, allowing for
a fair and systematic comparison. This cross-validation scheme
enables a comprehensive analysis of how well both models
generalize to unseen data while minimizing any potential bias
introduced by the specific dataset split.

A. Evaluation measures

The performance of the models is determined by comparing
their predicted trajectories to the ground truth test trajectories
using three evaluation measures. The first is given in (15) and
it is the Euclidean distance (ED) between the (X, y) coordinates
of the predicted and ground truth trajectories, providing a
direct measurement of spatial accuracy. This measure does
not capture the vessel’s deviation in heading, which is critical
in ship motion prediction. To address this, the second measure
extends the Euclidean distance by incorporating a heading
penalization term (EDH), given in (16). This accounts for
differences in vessel orientation |Aw| and thus provides a
more complete evaluation of the trajectory prediction accuracy.
The term £ « |A¢)| represents the arc length a vessel would
traverse when rotating around its longitudinal center to align
its heading. The third measure, referred to as cVDM (Custom
Vessel Distance Measure), was developed specifically for
evaluating ship trajectories [41]. Unlike the first two (measured
in meters), cVDM quantifies trajectory error as a percentage,
offering insight into the relative deviation. Together, these
three measures capture spatial accuracy and orientation con-
sistency. This enables us to systematically assess and compare
the performance of the two models.

ED = /(& —2:)? + (i — i)?

(15)

EDH = ED + g* |AY| (16)

P . .
100 Ze — k] |Gk — vkl | |0k — k]

VDM = — _ ,

¢ K I;( A,

|ty — ug Uk—vk|+|7‘k—7“k|>

7 7 17)
In (15), (16), (17), we denote the ground truth value of each
dimension with a bar, e.g.  denotes the value of = value in the
ground truth trajectory. L is the total length of the ground truth
trajectory and U is the average total speed of the ground truth
trajectory. 7,qq 1S Set to %‘0 radians per second (equivalent
to 1.8 degrees per second). Further, we use the subscript ¢
to denote the knot points within the trajectory. This specifies
the number of timesteps required to predict the state of the
vessel, e.g. x1¢ indicates the value of x for the vessel after 10
timesteps. The total number of knot points is denoted with n.
For each trajectory in the test set of each fold, we cal-
culated the average value of the aforementioned metrics
in (15), (16), (17). For each of those averaged metrics we
calculated the following statistical values across folds:

T'm,ar

TABLE III: Summarized statistics over 5 folds

Metric m m o IQR
ED (DD) 1352 10.82 1031 13.10
ED (ML) 20.84 17.10 1294 17.87
EDH (DD) 1879 1559 1452 17.87
EDH(ML) 28.49 22,62 18.37 22.86
cVDM (DD) 1423 13.27 824  8.83
cVDM (ML) 2895 2299 2045 20.10

e [ - mean value,

¢ m - median value,

e o - standard deviation,

e IQR - interquartile range.

For every statistical value we calculate the mean value across
5 folds and we report these result in table III. We also provide
a boxplot (see fig. 2) of the mean value (1) of each metric to
illustrate the performance of each model.

B. Observations on quantitative evaluation

The experimental results indicate that the data-driven
physics-based model (DD) achieves lower error metrics com-
pared to the pure ML model. This is reflected in the mean
and median values across all evaluation measures. We can
observe that DD 1 & m values are around 40% lower than ML.
This suggests that, on average, the physics-based approach
provides more accurate trajectory predictions. For a 130-meter
containership, the median position error x of 13.52 meters for
ED and 18.79 meters for EDH, for the DD model means
that, on average, the predicted vessel position is off by about
10-15% of the vessel’s length,while p of 20.84 meters for
ED and 28.49 meters for EDH, for the ML model represent
a 16-22% of the vessel’s length, a significant increase. It is
important to note that these errors (especially for ML) tend
to grow larger towards the later steps of each trajectory. This
is because errors compound over time, especially for purely
data-driven models that lack physical constraints. In practical
terms, this means that for longer maneuvers, the ML model’s
predictions become progressively less reliable, while the DD
model maintains better course-stability over time because its
physics-based foundation resists drift that violates physics
principles.

More importantly, a crucial observation in this comparison
is the consistency of the models. The standard deviation (o)
and interquartile range (IQR) are significantly lower, around
35%, for the DD model, indicating that its predictions exhibit
less variance. Consistency is particularly important in setups
where such motion prediction models are used with decision
making algorithms to enable informed planning and control.

C. Observations on qualitative evaluation

In order to visually demonstrate the differences between the
predictions of the two models, five sample trajectories were
chosen (see figs. 3 and 4). For each trajectory, the predicted
trajectories obtained by the models are shown and compared
against the ground truth trajectories. As it can be seen from
the plots, the DD model is better in the average case staying
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Fig. 2: The mean value distribution of each metric and each
model presented in a boxplot.

closer to the real path than the ML model which has a similar
behavior but in increased distance (see fig. 3). There are cases
(see fig. 4a) where the ML model outperforms the DD model
and predicts almost perfectly the groundtruth trajectory. Yet,
in cases where the ML model drifts away, its performance
rapidly deteriorates (see fig. 4b). This lack of robustness and
rapid error accumulation is the main reason that the DD
model exhibits better performance, which is reflected via the
quantitative comparison.

V. DISCUSSION

The physics-based model benefits from physical inter-
pretability, making it robust to changes in operating con-
ditions and ensuring adherence to known vessel dynamics.
Its structure enables domain experts to inspect, validate, and
refine parameters, leading to reliable long-term predictions.
However, it requires extensive calibration and may struggle
with capturing highly nonlinear effects not explicitly modeled.

In contrast, the ML model excels in flexibility and adapt-
ability, learning complex patterns from data without requiring
explicit equations. This makes it well-suited for environments
where physical modeling is incomplete or difficult to for-
mally define. Additionally, building an ML model is often
easier in terms of required domain related expertise—given
sufficient vessel data, an ML engineer can develop a work-
ing model, whereas a physics-based approach demands col-
laboration and extensive development efforts. However, the
fundamental limitation of ML is its reliance on large, high-
quality datasets—without sufficient data, it cannot generalize
or function effectively. In such cases, the physics-based ap-
proach remains an attractive solution, as it provides structure
and predictability even in data-scarce environments.

VI. CONCLUSION AND FUTURE WORK
A. Summary of Key Findings

This study presented a comparison between two approaches
for ship motion prediction: (i) a physics-based model with
data-driven parameter optimization and (ii) a pure machine
learning model. Both models were trained and evaluated using
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Fig. 3: Sample trajectories where the prediction error of the
DD model is lower than the ML but ML-based predictions
still follows closely the ground truth trajectories.

a synthetic dataset of 90 trajectories generated for a 130-
meter container ship, focusing on low-speed port maneuvers.
The dataset provided detailed insights into vessel dynamics,
including surge, sway, and yaw velocities, under realistic
operational conditions.

The results demonstrated that the physics-based model
outperformed the pure ML approach across all evaluation
metrics. The physics-based model achieved, on average, 40%
lower error in Euclidean Distance (ED), in Euclidean Distance
with Heading Penalization (EDH), and in Custom Vessel
Distance Measure (cVDM). Moreover, it exhibited greater
consistency, with approximately 35% lower standard deviation
and interquartile range across the five cross-validation folds.
This enhanced reliability is particularly valuable for integration
into planning and control setups, where stable and consistent
trajectory predictions are critical.

While the pure ML model showed adaptability in learning
motion patterns from data, its higher variability and occasional
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divergence from realistic vessel behavior highlighted the lim-
itations of data-driven approaches when physical constraints
are not explicitly considered. These findings emphasize the
advantage of combining domain knowledge with data-driven
techniques to achieve robust and interpretable ship motion
prediction.

B. Future Work

Future work entails comparisons between different data-
driven approaches using data from an actual ship, including
environmental factors and complex interaction between the
ship, the sea and the surroundings. In terms of machine
learning models, in future comparisons we aim to consider
models that operate on time sequences e.g. LSTM networks.
Using models that consider a larger window of past states
will likely benefit the predictive accuracy and reduce the
pace of error accumulation, thus robustifying the ML models’
performance.
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