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Accurate predictions of ship trajectories in crowded environments are essential to ensure safety in inland waterways
traffic. Recent advances in deep learning promise increased accuracy even for complex scenarios. While the
challenge of ship-to-ship awareness is being addressed with growing success, the explainability of these models is
often overlooked, potentially obscuring an inaccurate logic and undermining the confidence in their reliability. This
study examines an LSTM-based vessel trajectory prediction model by incorporating trained ship domain parameters
that provide insight into the attention-based fusion of the interacting vessels’ hidden states. This approach has
previously been explored in the field of maritime shipping, yet the variety and complexity of encounters in inland
waterways allow for a more profound analysis of the model’s interpretability. The prediction performance of the
proposed model variants are evaluated using standard displacement error statistics. Additionally, the plausibility
of the generated ship domain values is analyzed. With an final displacement error of around 40 meters in a 5-
minute prediction horizon, the model performs comparably to similar studies. Though the ship-to-ship attention
architecture enhances prediction accuracy, the weights assigned to vessels in encounters using the learnt ship
domain values deviate from the expectation. The observed accuracy improvements are thus not entirely driven by a
causal relationship between a predicted trajectory and the trajectories of nearby ships. This finding underscores the
model’s explanatory capabilities through its intrinsically interpretable design. Future work will focus on utilizing
the architecture for counterfactual analysis and on the incorporation of more sophisticated attention mechanisms.
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1. Introduction

Inland shipping stands out as an indispensable
mode of transportation with considerable unex-
ploited potential. As a cost- and energy-efficient
alternative, it offers a promising pathway toward
sustainable and competitive freight movement
compared to other transport modes (Calderón-
Rivera et al. (2024)). With a growing demand,
automation of inland shipping is gaining increas-
ing relevance. Trajectory prediction is a funda-
mental component of autonomous shipping sys-

tems, necessary to address the challenges of dense
traffic environments, support collision avoidance,
facilitate the safe coexistence of autonomous and
human-operated vessels, and for an optimized
traffic flow. Predicting inland vessel trajectories
presents unique challenges compared to the mar-
itime domain. Besides aspects of river geome-
try, fluid dynamics, and waterway regulations that
impact ship trajectories in general, the accurate
handling of ship-to-ship interactions constitutes a
persistent difficulty regarding both the develop-
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ment of adequate models and their appropriate
evaluation. Let alone the complicacy of model
comparison in interaction-agnostic cases due to
differences in the datasets, preprocessing, hyper-
parameter optimization and simplifying assump-
tions (Slaughter et al. (2024)), especially the in-
corporation of interaction awareness raises ques-
tions regarding its evaluation. Specifically, it re-
mains challenging to discern whether

(i) improved predictions can be attributed to the
interaction mechanism,

(ii) these mechanisms inadvertently affect predic-
tions in scenarios where interaction awareness
is not essential.

Addressing these issues, an adaptation of the
multi-ship trajectory prediction approach intro-
duced in Sekhon and Fleming (2020), where in-
teraction awareness is realized using a learnable
ship domain, is proposed. Adjustments to the in-
land shipping context are made and limitations in
the model architecture regarding the weighting of
surrounding ships are revealed and addressed. To
address (i) the ship domain parameters are used to
indicate the extent to which the model has learned
to regard an encounter type or if it has learned
to ignore it entirely. To address (ii) an architec-
ture variant is proposed that separates the trajec-
tory prediction into an interaction-agnostic and a
interaction-aware path. This allows the model to
predict interactionless trajectories without the in-
volvement of the interaction attending component.
The remainder of this contribution is organized
as follows. After situating the study within the
broader research context in Section 2, a problem
definition and description of the proposed model
variants are provided in Section 3. The experimen-
tal results are presented in Section 4, and the per-
formance of the models and insights from the ship
domain parameters are discussed. In Section 5, the
paper concludes by highlighting the contributions
and suggesting directions for future research.

2. Related work

Deep learning-based ship trajectory prediction
methods can be classified as interaction-agnostic
and interaction-aware. While most approaches are

developed using maritime AIS datasets, some
specifically address the inland shipping case (e.g.,
You et al. (2020); Dijt and Mettes (2020); Do-
nandt et al. (2023)). The disparity between mar-
itime and inland-specific approaches is more no-
ticeable when interaction is considered. A few
studies have evaluated models on both maritime
and inland AIS datasets (Feng et al. (2022); Jiang
et al. (2024); Liu et al. (2024)). Interaction-aware
STP methods tailored specifically to the inland
shipping contexts are still rare. One example is
the work of Donandt and Söffker (2023) where
the surrounding traffic during observation is rep-
resented in a social tensor (Alahi et al. (2016))
which is jointly processed with the target ves-
sel trajectory features. Predictions, however, are
only generated for the target ship without con-
sidering the potential future behavior of the sur-
rounding ships. To the best of the authors’ knowl-
edge, inland-specific multi-ship trajectory predic-
tion (MSTP) models, which jointly predict the
trajectories of all vessels in a scene, do not yet
exist.

Some MSTP approaches use the concept of
a ship domain, which is defined as a two-
dimensional area around a vessel that must remain
clear of intrusion by surrounding vessels or obsta-
cles (Liu et al. (2023)). Feng et al. (2022) propose
a combination of the Social-STGCNN (Mohamed
et al. (2020)) for trajectory prediction with Model
Predictive Control for the adjustment of the pre-
dictions to comply with kinematic constraints. For
training of the GNN-based trajectory prediction
model, a sampling approach incorporating both
positive samples (i.e., ground truth positions) and
negative samples (i.e., “fake” positions) is used.
The bumper model, defining a ship domain only
depending on the ship length, is applied to gener-
ate negative samples by selecting trajectory points
that fall within the bumper model zone of a nearby
ship. Liu et al. (2023) employ an LSTM encoder-
decoder model for MSTP. The Quaternion Ship
Domain (QSD) (Wang et al. (2023)), a ship do-
main depending on the vessel’s speed, length, ad-
vance, and tactical diameter, is used to identify
influential vessels. The hidden states of nearby
vessels falling within the QSD of a given target
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are aggregated in a social pooling layer using
the distance to the target and the repulsion force
magnitude (Tordeux et al. (2016)). The resulting
interactive state is combined with a representation
of the target and fed to the LSTM.

In contrast to the previous approaches that rely
on a predefined ship domain, Sekhon and Fleming
(2020) propose determining the dynamic exten-
sions of the ship domain during the training of
an LSTM encoder-decoder-based MSTP model
with spatial and temporal attention mechanisms.
During training, a parameter matrix is optimized,
in which the cell indices represent intervals for
the relative heading and relative bearing between
each ship and its neighbors, and the cell entries
represent the ship domain value corresponding to
these intervals. The weights used to combine the
hidden states of target and neighboring ships in
the spatial attention mechanism are obtained by
comparing the ship domain values to the actual
distances. For smaller ship domain values, the
weights are set to 0, implying the exclusion of the
corresponding vessels’ hidden states in the fused
hidden state calculation; otherwise, the weights
are equal to the difference between the distances
and the respective ship domain values.

In this study, the approach of Sekhon and Flem-
ing (2020) is adapted to the inland domain. Instead
of fusing the hidden states of all vessels, however,
a clear separation of the representations for the
target vessel’s state and the interactive state as in
Liu et al. (2023) is realized. Different from the
latter approach, the fusion of these separate states
is done on the hidden state level and the learnt ship
domain parameter values are used to combine the
surrounding vessels’ hidden states. Furthermore,
different to Sekhon and Fleming (2020), the se-
lection of relevant ships through the ship domain
parameter matrix and the subsequent hidden state
fusion are clearly separated into distinct and in-
dependently exchangeable components, facilitat-
ing future XAI approaches such as counterfactual
analysis.

3. Methodology

The task of multi-ship trajectory prediction can be
formally described as a function from XTobs×|V |

to Y Tpred×|V |, where X and Y denote the obser-
vational and predictive feature spaces, Tobs and
Tpred denote the observation and prediction time
steps (in minutes), and V the set of ships present
in a traffic situation. Specifically, X � xt

i =

(kti , f
t
i ,Δkti ,Δf t

i , c
t
i, ĉ

t
i) describes the position of

an inland vessel i ∈ V at a given observation time
step t ∈ {1, · · · , Tobs} by the waterway kilometer
(wkm) kti (as the longitudinal position), the offset
from the fairway center f t

i (as the lateral position),
and both positional changes between two subse-
quent prediction time steps as Δkti = kti − kt−1

i

and Δf t
i = f t

i − f t−1
i . The curvature of the wa-

Fig. 1.: Illustration of positional features wkm as kti ,
offset from the fairway axis as f ti , and their changes
with respect to the previous time step Δkti and Δf ti .

terway axis cti and the direction of the curve ĉti are
included in consideration of a curved environment
being transformed into Cartesian coordinates (cf.
Donandt et al. (2023)). Instead of directly predict-
ing the vessel’s positions, yti ∈ Y consists of the
positional distances Δkt+Tobs

i and Δf t+Tobs
i . In

this study, the observational and predictive time
horizons are equal, hence Tobs = Tpred =: T .

The function from X to Y is realized as an
LSTM-based Encoder-Decoder model with em-
bedded global Dot-Product-Luong-Attention (Lu-
ong et al. (2015)), and different variants are pro-
posed herein. The Encoder-Attention-Decoder-
Attention model (EA-DA) updates the hidden
state of each vessel i at time step t during obser-
vation in its encoder as

ht
i = EncLSTM(xt

i, α(ωi(h
t−1))), (1)

where ht−1 are the hidden states of all vessels in
the traffic situation at the previous time step, h0 is
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a zero-valued tensor, ωi is a weighting function
from vessel i’s perspective, and α an attention
function. These functions are given by

ωi(h
t) = (wt

ijh
t
j)j∈Ni

, (2)

α(ωi(h
t)) =

∑
j∈Ni

(ωi(h
t))j , (3)

where Ni = V . The weight wij is obtained as

wt
ij = max

(
S
(
Γt
ij ,Θ

t
ij ,Φ

t
ij

)−Δt
ij , 0

)
, (4)

using a learnable ship domain parameter ten-
sor S. For a triple of discretized, inland-specific
ship-to-ship relation values, Γt

ij , Θt
ij , and Φt

ij ,
S
(
Γt
ij ,Θ

t
ij ,Φ

t
ij

)
returns a domain parameter in

the unit of wkm, which is then compared to the
distance between i and j, Δt

ij = |kti − ktj |.

Fig. 2.: Illustration of ship-to-ship relations for oppos-
ing ships (Θ=−1). The change in longitudinal distance
Φt
ij is given by Δt

ij −Δt−1
ij .

Here, Γt
ij , Θt

ij , and Φt
ij are obtained from the

lateral distance |f t
i − f t

j |, the relative direction of
movement, sign(Δkti)×sign(Δktj), and from the
distance change rate, Δt

ij − Δt−1
ij , respectively.

An illustration for the calculation of the ship-to-
ship relation values is given in Fig. 2. In Tab. 1,
the categories and intervals used for discretization
resulting in a 3 × 4 × 4-dimensional S are de-
tailed. Note that the trained S solely depends on
combinations of Γ, Θ, and Φ values, abstracting
from any specifically observed trajectories xi and
xj . Thus, S(Γ,Θ,Φ) can be interpreted as an
awareness range for the encounter type constituted
by Γ,Θ,Φ. Particularly, a S(Γ,Θ,Φ) close to 0
indicates complete irrelevance of the correspond-
ing encounter type, while a high value suggests
relevance for that type at greater distances.

The EA-DA decoder LSTM updates its hidden
state ĥ similar to Eq. 1 and the output at each
prediction time step t is obtained as

ĥt
i = DecLSTM(yt−1

i , α(ω̂i(ĥ
t−1))) (5)

yti = fout(ĥ
t
i), (6)

where fout is a Feed Forward Network, ĥ0 = hT ,
y0i = (ΔkTi ,ΔfT

i ), and ω̂i is defined analog to
Eq. 2 as

ω̂i(ĥ
t) = (wt+T

ij ĥt
j)j∈Ni

. (7)

Note that LSTM cell states are not included here
for the purpose of simplicity. In Fig. 3a, the archi-
tecture of EA-DA is depicted.

Unlike Sekhon and Fleming (2020), where
weighting and attending are integrated in a single
concept of spatial attention, this model considers
them as two separate aspects:

(i) The weighting function ω is expected to pri-
oritize and preselect hidden states deemed rel-
evant with respect to the current ship-to-ship
relation values Γ, Θ, and Φ.

(ii) The attention function α is expected to deduce
an interaction-aware hidden state from the pre-
selected ones in (i).

Table 1.: Discretisation of ship-to-ship relation values.

Relative Distance Lateral

direction Θ change Φ distance Γ
(wkm/min) (m)

-1 (opposing) < −0.2 0− 10

1 (aligned) −0.2 to −0.05 10− 20

0 (stationary) −0.05 to +0.05 20− 40

– > 0.05 > 40

Two variants of the EA-DA are developed: the
Encoder-Decoder-Attention model (E-DA) (Fig.
3b) and the Encoder-Dual-Decoder-Attention
model (E-DDA) (Fig. 3c). Compared to EA-DA,
E-DA only uses the weighting and attention com-
plex in the decoder LSTM to reduce the impact
of the attention component to one specific point
in the model. This reduction aims to facilitate
future analysis towards the causality incorporated
in and the added value given by such a component.
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(a) EA-DA

(b) E-DA

(c) E-DDA

Fig. 3.: Model variants

The E-DDA model is an E-DA where the decoder
is split into an interaction-blind and an attention
decoder, BlindLSTM and AttLSTM . The pre-
diction for vessel i at time step t is obtained as

yti = fout

(
BlindLSTM(yt−1

i ,ĥ′t−1
i ),

AttLSTM(yt−1
i ,α(ω̂i(ĥ

t−1))

)
, (8)

where ĥ′ are the hidden states of BlindLSTM

and Ni = V \{i} with respect to Formula 3 and 7.
Thus, the BlindLSTM only processed vessel i’s
own hidden states, whereas AttLSTM processes
the weighted and attended hidden states of the

foreign vessels only. This differs from EA-DA
and E-DA, where wii is calculated and therefore
the ship-to-ship relation of vessel i to itself is
represented in a (Γ,Θ,Φ)-combination (see Tab.
1).

In the following the proposed models are com-
pared by their final displacement error at varying
prediction horizons t ∈ {1, ..., T} defined as

FDEt =

∑
i∈I d (y

t
i , ŷ

t
i)

|I| , (9)

where d is the Euclidean distance, and I denotes
the validation set consisting of prediction-ground-
truth tuples (yt, ŷt). Note, that not all vessels have
predictions up to time step T as some exit the
considered waterway area before completing T

time steps. Thus, more prediction-ground truth
tuples exist for the shorter prediction horizons
than for the longer ones. After the performance
comparison, the soundness of the learned ship
domain parameters with respect to the ship-to-ship
encounters incorporated by realisations of Γ, Θ,
and Φ is investigated.

4. Results

An AIS dataset for a selected section of the Rhine
(Rhine kilometers 595 - 611) covering more than
3 years (January 2021 - April 2024) is used in
this study. It consists of regularly sampled time
series (1 min time step size), referred to as situ-
ations. A situation contains all vessel trajectories
present in the selected river section. The sizes
of the training, validation, and test datasets (as
number of situations and total number of trajecto-
ries) are given in Tab. 2. With a temporal horizon

Table 2.: Sizes of datasets in number of trajectories and
situations.

Training Validation Test

Situations 15,920 2,079 2,055
Total

159,673 21,178 20,758
trajectories

of T = 5 for observation and prediction and
the ship domain parameter tensor initialized as
S(·, ·, ·) = 0.1, the models are trained for 750
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on its ability to attend and interpret ship-to-ship
interaction for most encounter types. The model
has not increased its ship domain values for any
opposing ships, on the contrary decreasing it for
any opposing ship-to-ship relation with a negative
distance change. Hence, when predicting vessel
i’s next position, any opposing ship j with a dis-
tance of more than 0.1 wkm is deemed irrelevant
for the prediction of i’th next position as the cor-
responding weight obtained from Formula 4 is 0.
For EA-DA, the learned ship domain parameter is
similar. In contrast, the E-DDA model’s learned
ship domain values tend towards the expected
behavior: the initial ship domain values of 0.1
wkm have predominantly been increased during
training for encounters with a negative distance
change of opposing ships (see Fig. 5b). There-
fore, an opposing and approaching ship is indeed
taken into account for the prediction of ship i.
The difference in ship domain values between the
EA-DA and E-DA models on one side and the E-
DDA model on the other, observable also for ships
moving in the same direction, is likely to stem
from the indistinction of target and neighboring
ships in the weighting function of the EA-DA and
E-DA variants. This issue is addressed in the E-
DDA variant by explicitly excluding the target
ship from the weighting mechanism. While this
adjustment results in a seemingly more plausible
weighting, the E-DDA model shows a trend to
attribute higher importance to surrounding vessels
that have a higher lateral distance to the target.
This behavior appears counterintuitive, as ships
at small lateral distance are generally expected
to have greater relevance to a target ship’s future
trajectory. Possible explanations are that either
ships in close proximity have already set their
course or that ships near the fairway boundary -
after giving way to a passing ship - try to return
to their typical position closer to the center of
the fairway. These hypotheses, however, require
further analysis of the cases corresponding to the
respective encounter types to be confirmed.

5. Conclusion and Outlook

This paper proposed three variants of interaction-
aware multi-ship trajectory prediction tailored to

inland waterway shipping. A design that separates
the selection of relevant ships through a train-
able ship domain parameter from the attention
mechanism for hidden state fusion was explored,
offering distinct and independently exchangeable
components. The evaluation of ship domain pa-
rameters revealed that models with an overall well
performance do not derive that quality from an
effective implementation of interaction awareness.
This underscores the need for evaluation methods
beyond displacement error metrics to avoid erro-
neous conclusions about the role of a presumed
interaction awareness in prediction quality. Future
work will focus on comparing alternative attention
functions for the hidden state fusion, on improving
the encounter type definition, and leveraging the
weighting function as a basis for counterfactual
analysis.
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