
␣

␣

Data-Driven Trajectory Imputation for Vessel Mobility Analysis
Giannis Spiliopoulos
University of the Aegean
& Archimedes/Athena RC

Greece

Alexandros
Troupiotis-Kapeliaris
University of the Aegean
& Archimedes/Athena RC

Greece

Kostas Patroumpas
Archimedes/Athena RC

Greece

Nikolaos Liapis
Hellenic Institute of Marine

Technology
Greece

Dimitrios Skoutas
Athena RC

Greece

Dimitris Zissis
University of the Aegean

Greece

Nikos Bikakis
Hellenic Mediterranean University

& Archimedes/Athena RC
Greece

Abstract
Modeling vessel activity at sea is critical for a wide range of
applications, including route planning, transportation logistics,
maritime safety, and environmental monitoring. Over the past
two decades, the Automatic Identification System (AIS) has en-
abled real-time monitoring of hundreds of thousands of vessels,
generating huge amounts of data daily. One major challenge in
using AIS data is the presence of large gaps in vessel trajectories,
often caused by coverage limitations or intentional transmission
interruptions. These gaps can significantly degrade data quality,
resulting in inaccurate or incomplete analysis. State-of-the-art
imputation approaches have mainly been devised to tackle gaps
in vehicle trajectories, even when the underlying road network
is not considered. But the motion patterns of sailing vessels differ
substantially, e.g., smooth turns, maneuvering near ports, or nav-
igating in adverse weather conditions. In this application paper,
we propose HABIT, a lightweight, configurable H3 Aggregation-
Based Imputation framework for vessel Trajectories. This data-
driven framework provides a valuable means to impute missing
trajectory segments by extracting, analyzing, and indexing mo-
tion patterns from historical AIS data. Our empirical study over
AIS data across various timeframes, densities, and vessel types
reveals that HABIT produces maritime trajectory imputations
performing comparably to baseline methods in terms of accuracy,
while performing better in terms of latency while accounting for
vessel characteristics and their motion patterns.
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1 Introduction
More than 80% of the world trade volume is carried by sea and is
expected to grow on average 2% annually by 20301, highlighting
the impact of maritime operations on the world economy, envi-
ronmental protection, and geopolitical stability. The Automatic
Identification System (AIS) currently installed on board 400K

1https://unctad.org/publication/review-maritime-transport-2024

EDBT ’26, Tampere (Finland)
© 2026 Copyright held by the owner/author(s). Published on OpenProceedings.org
under ISBN 978-3-98318-104-9, series ISSN 2367-2005. Distribution of this paper is
permitted under the terms of the Creative Commons license CC-by-nc-nd 4.0.

vessels worldwide offers a valuable means to monitor maritime
activity. Capturing AIS signals relayed by vessels not only en-
ables their real-time tracking but also safe navigation; but the
vast volume of accumulated data also provides significant oppor-
tunities for a variety of operations, ranging from detailed traffic
density maps and efficient port management to cost-effective
route planning.

Limitations of AIS Data. Yet, AIS data come with some inherent
drawbacks, not only because of incomplete coverage, signal loss,
and irregular reporting frequency of AIS messages, but some-
times even due to deliberate switch-off of tracking devices or
intentional transmission of false information (spoofing) raising
security concerns (e.g., collision) or suspicions (e.g., smuggling).
Indeed, AIS positional messages may be recorded sparsely, result-
ing in gaps with no information on the vessel’s whereabouts for
considerable time (even hours or days). Hence, reconstructing
the complete trajectory of a vessel as a sequence of timestamped
locations may not be possible, as its exact course may not always
be known. The higher the sparsity of the sampled positions, the
lower the accuracy and quality of the trajectory data. In particu-
lar, multiple such gaps may be observed, greatly diminishing the
value of such data for reliable analysis. Certain applications (e.g.,
traffic monitoring, maritime surveillance) require high-quality
trajectories, i.e., more ‘dense’ trajectories without gaps for effec-
tive analyses.

Challenges in Maritime Domain. To alleviate this deficiency,
trajectory imputation techniques [3, 6, 8, 12] may be applied to in-
sert artificial points along these gaps in order to restore continuity
of trajectory segments. The goal is to obtain imputed trajecto-
ries that resemble actual paths followed by vessels, and augment
the quality of trajectories by eliminating discrepancies in their
sampling rate. Most existing methods for trajectory imputation
(aka trajectory interpolation, trajectory completion, trajectory
restoration, trajectory recovery [13]) rely on matching the tra-
jectories on an underlying (typically: road) network, implicitly
assuming that such a network is available and reliable. How-
ever, these methods are not particularly suitable for maritime
trajectories due to several characteristics of vessel movement,
such as: (1) Even though some types of vessels (e.g., passenger,
tanker) follow strict navigation rules and recurring patterns, no
fixed network can be safely assumed at sea; (2) The varying and
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Figure 1: Imputing a gap along a vessel trajectory.

occasionally low sampling rate of AIS positional messages makes
it all the more difficult for such methods tailored for frequently
reported GPS trajectories (typically from moving vehicles); and
(3) Most importantly, the way vehicles move differs substan-
tially from the motion patterns of vessels at sea, characterized
by smooth turns especially for large ships, complex maneuver-
ing near ports or at anchorage points, ad-hoc navigation during
adverse weather conditions, and more.

Applications. Imputed trajectories can serve as a valuable re-
source for critical operations for a wide spectrum of use cases,
including:

Maritime Decision-Making. Imputed trajectories can support
more effective maritime monitoring in several scenarios, such
as enabling authorities to prioritize actions in congested or en-
vironmentally sensitive areas, generating path alternatives that
consider weather condition predictions [17] or coordinating emer-
gency response during search and rescue operations [2].

Visual Analysis of Vessel Traffic. By removing gaps and noise
from AIS data, it becomes possible to generate, update, and main-
tain more accurate density maps . Such maps (Fig. 1) provide an
effective means of deriving rich insights into vessel traffic behav-
ior and its evolution, offering an intuitive visual representation
capable of encapsulating valuable information and supporting
identification of patterns, anomalies, and other relevant phenom-
ena [18].

Anomalous or Suspicious Maritime Behavior. Analyzing pat-
terns from complete trajectories may reveal anomalous or sus-
picious behavior that indicates fraud or criminal activity, like
package picking or vessel rendezvous [15].

Our Approach. We introduce HABIT2, an H3 Aggregation-
Based Imputation framework specifically for vessel Trajectories.
This is an efficient, data-driven and scalable approach for gap
imputation in maritime trajectories relying on spatial aggregates
of AIS positional reports computed over H33 hexagon cells. State-
of-the-art imputation approaches have been devised mainly to
tackle gaps across vehicle trajectories even if the underlying road
network may not be taken into account. Emanating from the
recently proposed Patterns of Life framework [16], we suggest
that extracting vessel motion patterns over large historical AIS
data can offer improved opportunities for imputing the missing
trajectory segments. Our data-driven, grid-based method can
identify the underlying vessel movement relationships and mo-
bility patterns, and also keep per cell statistics, like distinct counts
of vessels, number and distance of transitions between cells, etc.
2https://github.com/M3-Archimedes/HABIT
3https://h3geo.org

Once such features are indexed, they can be queried in order to
suggest possible paths that impute the observed gaps.

HABIT focuses on filling gaps caused by AIS coverage issues
rather than by deliberate AIS deactivation. Gaps due to insuffi-
cient coverage affect most vessels in a given time and area, usually
for a short duration, with vessels continuing their usual behavior.
In contrast, intentional deactivation blocks vessel identification,
location, and activities through tracking systems. Such cases de-
viate from typical behavior and are therefore less relevant to
historical data in an area. We assume that statistics from recent
historical AIS data, calculated over regular time intervals for a
region, are representative of typical maritime traffic in that area.
Consequently, any missing segments of historical trajectories
can be reconstructed using such statistics.

It is important that the imputed paths must be navigable, i.e.,
they do not cross coastlines, islands, protected zones, or other
barriers and do not include frequent abrupt turns. Thus, the sug-
gested route can be followed in practice by vessels, as denoted
with a green line for the gap between the blue and the red point
in Figure 1; in contrast, the straight path obtained from linear
interpolation is clearly not navigable. The type of the vessel
can be taken into account, since those of large size or draught
(e.g., passenger or cargo ships) may not navigate through narrow
straits or shallow waters. Our empirical study on real-world AIS
data of varying timespan, spatial coverage, and vessel types con-
firms that imputing maritime trajectories must take into account
the unique characteristics of vessels and their motion patterns
leading to considerable improvements in terms of accuracy, per-
formance, and scalability. HABIT provides a practical advantage,
as it is based on lightweight libraries and frameworks, requiring
significantly less computational power for both the framework
construction and inference. Additionally, the inclusion of data-
driven corrections of the paths allows for more realistic and
grounded trajectory reconstructions.

Outline. The remainder of this paper proceeds as follows. Sec-
tion 2 offers necessary background on vessel monitoring and
surveys related work on trajectory imputation. In Section 3 we
introduce HABIT, our framework for capturing vessel traffic
from historical AIS data. Results from our evaluation study are
reported in Section 4. Finally, Section 5 concludes the paper with
pointers for future work.

2 Background & Related Work

Vessel Monitoring. Tracking the self-reported positions of sail-
ing vessels through the Automatic Identification System (AIS)
allows for advanced studies on human activity at sea. AIS mes-
sages relayed from vessels include their unique Maritime Mo-
bile Service Identity (𝑀𝑀𝑆𝐼 ) number, the current coordinates
(𝐿𝑂𝑁gitude, 𝐿𝐴𝑇 itude, Speed Over Ground (𝑆𝑂𝐺), Course Over
Ground (𝐶𝑂𝐺), etc. Crucially, the timestamp is assigned when
the message is received. The large data volumes collected daily
require suitable tools for processing and modeling to provide
a compact description of vessel traffic [16]. Moreover, specific
mechanisms should be developed to ensure the quality of the re-
sulting data, as AIS come with some inherent drawbacks (mainly
due to coverage and signal loss issues).

AIS centralized systems typically rely on a combination of
terrestrial and satellite radio-frequency receivers to acquire data
[22]. Coverage of terrestrial receivers is governed by radio fre-
quency transmissions specifications, typically expanding for up
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to 20 nautical miles and is limited by the ground topology and
weather conditions. On the other hand, satellite receivers, even
though they have a much larger reception footprint, suffer from
coverage issues mostly due to satellite presence, i.e., objects in
orbit, and packet collision on crowded areas. Given that AIS is
a self-reporting system, any type of receivers can be subject to
missing or false data from intentional mis-use/malicious use of
AIS on-board. A recent analysis [18] that compared AIS with
Earth Observation detection showed that even in industry-level,
centralized AIS databases, a significant amount of AIS messages
may be missing in certain areas, indicating large gaps along the
trajectories of vessels passing by.

Trajectory Imputation. Gaps in reported locations are not ob-
served only in vessel trajectories, but concern moving objects in
general (vehicles, commodities, animals, etc.). Hence, state-of-the-
art imputation methods attempt to insert artificial points between
the real ones in order to suitably bridge such gaps. Network-based
methods like [4] leverage the structure of the underlying network
(usually, roads) to infer potential paths for the missing segments.

In contrast, network-less imputation techniques are based on
the positional data. Next, we first outline such data-driven meth-
ods specifically addressing gaps in GPS trajectories in urban
settings. TrImpute [6] assumes no knowledge of the underly-
ing road network. For each trajectory segment to be imputed, it
first collects candidate points from existing trajectories nearby,
and then picks those that form the shortest path between the
end points of the segment. In the same spirit, GTI [8] proposed
an improved network-agnostic, but computationally demanding
method that exploits existing knowledge of neighboring trajecto-
ries to densify a target trajectory. It creates a connected directed
graph from the sparse trajectories to enable finding the shortest
path using Dijkstra between every two successive locations by
traversing the graph nodes.

ML models have also been applied for trajectory imputation,
but incur high computational complexity. For instance, TERI [3]
proposes a framework for trajectory recovery without any prior
information about the recovery positions. Assuming irregular
time intervals between such positions, it first detects when they
occurred, and then proceeds to the imputation of the missing
data points. In each stage, it deploys a model (RETE) based on
Transformer encoder architecture with a learnable Fourier encod-
ing module to better model spatial and temporal correlations, and
integrates collective transition pattern learning and trajectory
contrastive learning to effectively capture sequential transition
patterns. Besides, Kamel [12] introduced a scalable trajectory
imputation framework that inserts additional realistic trajectory
points to improve accuracy. It maps the trajectory imputation
problem to finding the missing word problem in NLP, thus em-
ploying the widely used BERT model with several important
enhancements. It adds spatial-awareness to BERT operations,
adjusts trajectory data to be closer to the nature of language data,
and offers multipoint imputation ability. PaLMTO [11] explores
the use of probabilistic language models based on 𝑁 -grams for
trajectory imputation, i.e., predict the next token (i.e., point) in
the trajectory by considering the previous 𝑁 −1 tokens as context.
It employs a grid-based spatial representation oblivious of any
underlying road network, and converts trajectory points into
tokens corresponding to the grid cell where they appear to train
models of different sizes.

However, all aforementioned techniques were designed for and
tested against GPS trajectories in urban settings. As we stressed

above, they may not produce reliable paths against AIS data, thus
imputation methods have been proposed specifically for vessel
trajectories. DAISTIN [10] constructs a graph from the raw AIS
data to represent movement specifically from oil tankers. To fill
in a gap between two locations along a given trajectory, it returns
the shortest path. However, it has not been tested on other vessel
types. In [23], a physics-guided diffusion probabilistic model was
suggested for long-term gaps (up to 10 hours) regarding tanker
and cargo vessels. It reconstructs trajectories from white noise
using conditional information, and also specifies kinematic con-
straints to enhance trajectory smoothness when the diffusion
model is trained. Similarly, TrajDiff [20] employs diffusion mod-
els by adding noise to generate latent AIS data representations
and thus enhance learning of trajectory traffic distribution and
vessel motion patterns. The denoising process employs known
trajectory points and motion features as conditions in order to
generate more realistic trajectory segments along long-lasting
gaps (e.g., 10 hours). Most recently, MH-GIN [9] constructs a
multi-scale graph-based network to explicitly model dependen-
cies between heterogeneous AIS attributes (not just locations) for
more accurate imputation of missing values through graph propa-
gation. In contrast, some works address the trajectory imputation
problem by introducing additional data sources. For example, [21]
employs a data fusion approach to incorporate coastal camera
detections, resulting in more complete trajectories.

In this work we build upon concepts presented in [16], em-
ploying an H3 spatial index for information compression and
construction of a transition graph. Compared to its distributed
processing architecture on Apache Spark, we propose a sim-
pler technological stack that can leverage DuckDB4, a modern
analytics database, to efficiently process data in-memory. Most
importantly, we specifically examine the application of those
concepts to the trajectory imputation problem. We introduce a
data-driven mechanism to mitigate information loss from the
use of the H3 grid and analyze and compare our method against
the original path and state-of-the-art methods across various
configurations and datasets.

3 HABIT: H3 Aggregation-based Imputation
for Vessel Trajectories

This section presents HABIT (H3 Aggregation-Based Imputation
framework for vessel Trajectories)2, which is built on top of
open-source tools such as DuckDB and NetworkX. HABIT is a
data-driven and scalable approach for gap imputation in mar-
itime trajectories, relying on spatial aggregates of AIS positional
reports computed over H3 hexagon cells.

Overall, our framework is comprised of four main phases:

(1) Data preprocessing & trip segmentation (Section 3.1): Erro-
neous data is filtered out and raw positional reports are
cleaned, analyzed and organized by trip.

(2) Graph generation (Section 3.2): Position embeddings are
computed using the spatial H3 index. The transitions be-
tween cells are first organized into an edge list and then
assembled into a graph.

(3) Trajectory imputation (Section 3.3): A shortest-path algo-
rithm is used to identify the points of the missing trajec-
tory segments, leveraging graph statistics. Additionally, a
data-driven method is applied to more accurately project
between H3 cells and coordinates.

4https://duckdb.org
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(4) Trajectory simplification (Section 3.4): A smoothing process
is applied to the imputed trajectory to generate a realistic
and navigable path.

3.1 Data Preprocessing & Trip Segmentation
In the initial phase, we segment the entire trajectory of each
vessel into separate trips and perform a data cleaning process.
In order for the trips to be identified, the AIS raw data is ana-
lyzed by considering several factors such as time, location, speed
changes, and heading. This analysis allows us not only to identify
individual trips but also to detect various motion events, which
are semantically annotated.

In our approach we consider as a trip the subsequence of AIS
locations between two successive stops or gaps:

− A stop indicates that the vessel remains stationary, i.e.,
its speed is < 0.5 knots over a period of time. The start-
ing location of such a stop (most typically in a port, but
sometimes also at sea) marks the end of the current trip.
Conversely, the last location in a stop signifies that the
vessel has just departed on a new trip.

− A communication gap occurs when no AIS location has
been received recently, e.g., in the past Δ𝑇 = 30 minutes.
If such a gap occurs, the current trip is abruptly ended and
a new trip will be assigned once communication with the
vessel is resumed. Note that gaps lasting less than Δ𝑇 may
still occur in the extracted trips.

To identify such stops and gaps, we employ a trajectory com-
pression framework [7] tailored for annotating AIS data5. By
examining how the motion pattern (speed, heading) of a given
vessel changes across time, this method can incrementally an-
notate selected positions that signify several types of mobility
events (not only stops and gaps, but also turning points, slow
motion, and speed change). This process also applies filters that
eliminate much of the noise inherent in the AIS messages, such
as duplicate positions, invalid coordinates, delayed messages that
distort the sequence, etc. Once these annotations are obtained,
noisy locations are discarded, and all remaining locations of a
vessel between two successive stops or gaps are grouped together
as a trip and its unique identifier TRIP_ID is assigned to each
location.

Finally, it may occur that a trip designated by the aforemen-
tioned criteria falls within just one or at most two adjacent H3
cells at a given resolution. As these records primarily concern
minor, non-essential local displacements (e.g., sea drift), they are
excluded from further consideration in our analysis.

3.2 Graph Generation
Unlike land transportation networks, which can be considered
static over short periods, sea transportation networks are dy-
namic. Even routes between ports can swiftly change due to
weather, traffic and geopolitical factors. To capture the collective
behavior of vessels, raw AIS data is projected onto an H3 grid
and local transitions are grouped among grid cells. This process
constructs a data-driven maritime network from AIS data in the
form of a graph, which can then be utilized to take advantage of
existing graph-based path algorithms.

Data processing & Indexing. AIS messages are processed as
follows using a common table expression (CTE) in DuckDB:

5https://github.com/M3-Archimedes/AIS-trajectory-annotation

(1) Trip data obtained from the initial phase is read from the
source files, and the H3 spatial resolution is defined.

(2) The messages are organized into distinct groups based on
the trip identifier (TRIP_ID).

(3) Each message is assigned to its corresponding H3 cell
(𝑐𝑙) at the specified resolution and augmented with its
preceding H3 cell (𝑙𝑎𝑔_𝑐𝑙 ) along the trip sequence.

(4) The data is grouped twice, once per H3 cell (𝑐𝑙 ) and once by
the (𝑙𝑎𝑔_𝑐𝑙 ,𝑐𝑙) tuples. In both cases, aggregated statistics
are computed for each group.

A challenging and critical issue in indexing step is to determine
the resolution (𝑟 ) of the H3 grid. While some works, particularly
in urban settings, may use resolutions of just a few meters [12],
AIS trajectories typically span much larger distances. If the grid
is too fine, it becomes difficult to extract reliable descriptive
statistics, as each cell would contain only a small number of
AIS points. Conversely, choosing a larger cell size reduces detail,
causing the resulting paths to align more with the grid layout
than with the actual vessel tracks.

Statistics Computations. Statistics are calculated usingDuckDB
built-in functions to compute exact and approximate metrics.

For each H3 cell group 𝑐𝑙 we compute:
− 𝑐𝑜𝑢𝑛𝑡 (∗): the total number of AIS records within cell cl.
− 𝑎𝑝𝑝𝑟𝑥_𝑐𝑜𝑢𝑛𝑡_𝑑𝑖𝑠𝑡𝑖𝑛𝑐𝑡 (𝑉𝐸𝑆𝑆𝐸𝐿_𝐼𝐷): the number of dis-

tinct vessels passing through cell cl.
− 𝑚𝑒𝑑𝑖𝑎𝑛(𝑙𝑜𝑛) and𝑚𝑒𝑑𝑖𝑎𝑛(𝑙𝑎𝑡): the median longitude and

latitude, respectively.
− 𝑚𝑒𝑑𝑖𝑎𝑛(𝑠𝑜𝑔) and 𝑚𝑒𝑑𝑖𝑎𝑛(𝑠𝑜𝑔): the median speed and

course over ground.
Then, for each H3 cell tuple group (𝑙𝑎𝑔_𝑐𝑙 ,𝑐𝑙), we compute:
− 𝑎𝑝𝑝𝑟𝑥_𝑐𝑜𝑢𝑛𝑡_𝑑𝑖𝑠𝑡𝑖𝑛𝑐𝑡 (𝑇𝑅𝐼𝑃_𝐼𝐷): the number of transi-

tions from cell lag_cl to cl.
− ℎ3_𝑔𝑟𝑖𝑑_𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (𝑙𝑎𝑔_𝑐𝑙, 𝑐𝑙): the distance of transition

expressed in H3 cells.

Graph Construction. The H3 index along with the computed
statistics are used to construct a weighted graph6:

− The nodes of the graph are identified by the correspond-
ing H3 cells present in the edge list and are associated
with the following attributes, as computed in the previous
step: (a) Median Longitude; (b) Median Latitude; (c) Total
number of messages; and (d) Number of distinct vessels.

− The edges that connect two nodes based on their H3 in-
dex identifiers (typically 𝑐𝑙 and 𝑙𝑎𝑔_𝑐𝑙 ), are defined by the
transitions found in the trajectories, with the condition
that 𝑙𝑎𝑔_𝑐𝑙 ≠ 𝑐𝑙 . The respective edge weight corresponds
to the aggregated number of transitions.

3.3 Trajectory Imputation
Initially, we project the coordinates of the gap start and end
points onto their corresponding cells in the H3 grid. In order to
be able to exploit the underlying graph topology, both the start
and end H3 cells must correspond to graph nodes. If the cells
do not correspond to graph nodes, a nearest-neighbor search is
performed to find the closest cell that does. As a result, the start
and end points of a gap are mapped to two graph nodes.

Subsequently, an A* search identifies the shortest path by min-
imizing the number of transitions, which effectively reveals the

6The graph is constructed using the Python library https://networkx.org.
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Figure 2: Inverse projection of the imputed path cell se-
quence back to real-world coordinates using (a) cell centers
[red]; and (b) a data-driven (median) method [purple].

most frequent path according to historical data. At this stage, the
resulting imputed path comprises the most frequent (in terms
of transitions) sequence of nodes (H3 cells) for the gap. To pro-
vide a solution in real-world coordinates, we perform the inverse
projection of the H3 imputed path back to longitude and latitude
tuples. While the most straightforward approach would use the
geometric center of each cell as its coordinate representation, it
can easily result in positions that fall outside the vessels’ common
movement areas or even on land regions. To address this, we
employ a data-driven approach, computing the median coordi-
nates for each cell during graph construction, according to the
AIS positions.

Utilizing the median over the average coordinates ensures the
derived position is grounded in a historically valid vessel location,
thus aligning with true movement patterns (Figure 2). HABIT
can support either projection option for the cells, depending on
the chosen configuration parameter 𝑝 . We denote the geometric
center as 𝑐 and the median as 𝑤 .

3.4 Trajectory Simplification
The final stage includes a simplification of the imputed trajectory,
since producing realistic and navigable paths is paramount in mar-
itime navigation. This requires paths with infrequent significant
turns, that can be defined by a series of straight-line segments
between waypoints. This need for smoothness, which is distinct
from urban mobility, originates from the limited maneuverabil-
ity of most vessels, especially large ones. Since paths derived
from a grid-based approach inherently follow the structure of the
underlying grid, they often introduce multiple sudden ‘zigzags’
even if they accurately track the sequence of cells visited. For
this process the Ramer-Douglas-Peucker (RDP) algorithm [19] is
utilized as a highly effective trajectory simplification and general-
ization technique. The selected tolerance 𝑡 is a crucial parameter
governing RDP’s operation, as it dictates the maximum allowable
deviation from the given path. Larger thresholds yield smoother
paths but may diverge to the point of violating the graph schema
or crossing over land areas. Conversely, choosing a smaller toler-
ance may fail to achieve acceptable path compression and could
retain undesirable abrupt turns between neighboring cells.

Table 1: Characteristics of the AIS datasets.

Dataset Type Size (MB) Positions Trips Ships

DAN Passenger 786 4,384,003 1292 16
KIEL Passenger 145 806,498 86 2
SAR All 141 1,171,162 20,778 2579

4 Experimental Analysis
4.1 Setup
To evaluate our framework, we use real vessel tracks from AIS
in two distinct European regions. The evaluation process was
divided into a two-step approach: (a) fine-tuning the proposed
method’s parameters by examining their impact on the recon-
structed trajectories, and (b) comparing the selected configura-
tions against baseline methods. For the latter analysis, we focused
on both the accuracy of the generated imputations and the overall
performance in terms of query latency and memory requirements.
Finally, we include an analysis for HABIT’s accuracy on larger
gap durations.

Datasets. We experimented with AIS data from two data sources,
which cover different configurations and scenarios. Danish Mar-
itime Authority AIS7: We extracted all raw AIS positions regarding
passenger ships for a 3-month period (Jan–March 2024) around
Denmark. Two datasets were subsequently derived: DAN: an
extended set of selected trips between 10 specific ports of the
region (Denmark, Sweden, Germany). This scenario concerns
selected routes for a specific vessel type across a broader area.
KIEL: all trips between the ports of Kiel (Germany) and Gothen-
burg (Sweden). This scenario concerns itineraries following a
specific route.

AegeaNET AIS8 (SAR): We created a full month dataset from
the broader area of Saronic gulf, near the port or Piraeus (Greece),
including the tracks of all vessel types. This scenario concerns all
traffic in a maritime area with varying quality of AIS reception,
without any filtering of vessel types or routes. Details of these
datasets are listed in Table 1.

To assess the imputation results, we introduced synthetic gaps
of fixed duration: 60, 120, and 240 minutes (default: 60 minutes).
A single gap was placed randomly within each trip. The original
trips (without artificial gaps) serve as ground-truth. In evaluating
our approach, 70% of the trips were utilized to construct the
underlying graph structures required for subsequent inference.
The remaining 30% were used for accuracy and performance
testing.

Competitors. We compare our H3-based approach HABIT with
GTI [8], a highly accurate, state-of-the-art imputation method.
This method relies on two distance parameters during graph
creation: 𝑟𝑚 (radius in meters) and 𝑟𝑑 (radius in degrees), which
filter candidate edges between points. In our experimentation we
used values relative to the vessel size to reflect typical spacing in
vessel traffic. Initially, we had also included PaLMTO [11] in our
experiments, as it yielded models comparable in size to the most
refined HABIT configuration. However, during inference, the
resulting models failed to provide sufficient imputation results,
frequently exceeding the time limit and falling into a timeout;
thus, results from PaLMTO are not reported next. Finally, we
include the simple straight-line interpolation (SLI) as a baseline,
7https://www.dma.dk/safety-at-sea/navigational-information/ais-data
8https://smartmove.aegean.gr/aegeanet
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Figure 3: HABIT accuracy (DTW) at different H3 resolu-
tions and 𝑝 options (H3 cell center / Data median) [DAN
Dataset].

which naively connects the two endpoints of a gap with a direct
line segment.

EvaluationMetrics. We assess the methods in terms of accuracy
and performance. Regarding accuracy, we use the Dynamic Time
Warping (DTW) [1] that indicates the average distances between
the imputed and original paths. For meaningful DTW measure-
ments, the imputed trajectories were interpolated, ensuring that
consecutive positions were at most 250m apart. Regarding perfor-
mance, we measure the average execution latency for imputation
queries and the memory footprint of the constructed frameworks.
We conducted our experiments on a server equipped with a 13th
Gen Intel Core i9-13900K (32 cores), 128GB of RAM, running
Ubuntu 22.04.5 LTS.

4.2 Parameter Fine-tuning for HABIT
The proposed H3-based method HABIT relies heavily on a set
of parameters to impute the requested paths. These parameters
define a refined level of spatial discretization and path simplicity,
and establish an operationally feasible solution via lightweight
optimizations. Several configurations were tested on the DAN
dataset, which contains long-distance trips between multiple
pairs (origin-destination) of ports.

In determining the H3 grid resolution (𝑟 ) for the graph con-
struction (Section 3.2), we should consider that the average length
of commercial vessels can be up to 300 meters (or even more in
some cases), which in their trips can cover hundreds of kilome-
ters. Hence, we examined 𝑟 values from 6 up to 10. As expected,
higher resolutions produce more faithful results (Figure 3), but at
the same time require more memory space for maintaining the
graphs (Table 2).

Furthermore, as graph imputation results (Section 3.3) are
obtained as H3 cells, we studied the inverse projection process,
according to the projection configuration parameter (𝑝). As ob-
served in Figure 3, selecting a median center can provide a more
refined result, closer to the real paths the vessels actually fol-
lowed. This is especially apparent in coarser resolutions, where
the displacement inside the cells is considerably larger.

Finally, as mentioned in Section 3.4, the RDP algorithm is
employed to address this navigability of the imputed paths. We
investigated the effect of tolerance 𝑡 on the characteristics of the
imputed trajectories, considering the number of positions per
path, the average and maximum rate of turn (rot) and the number
of turns exceeding 45𝑜 . Typically, we need to avoid very abrupt
turns (over 45𝑜 ) while not oversimplifying the resulting paths.
From Table 3 we concluded that a tolerance ranging from 100

Table 2: Framework storage size (MB).

Method Configuration KIEL SAR

HABIT

𝑟 = 6 0.06 0.22
𝑟 = 7 0.29 0.59
𝑟 = 8 1.54 2.96
𝑟 = 9 8.20 18.03
𝑟 = 10 37.28 57.40

GTI
𝑟𝑑 = 10−4 50.24 115.19
𝑟𝑑 = 5·10−4 369.41 3541.89
𝑟𝑑 = 10−3 1428.77 4844.12

Table 3: Effect of simplification on the imputed trajectories:
count of positions (cnt), average (Avg rot) and maximum
rate of turn (Max rot) and number of turns exceeding 45𝑜 .
Measurements are averages over all paths, with varying
tolerance 𝑡 at two distinct H3 resolutions 𝑟 [DAN dataset].

𝑟 𝑡 cnt Avg rot Max rot > 45◦

9

0 96.35 30.79 112.71 34.13
100 51.76 54.92 112.31 33.78
250 35.32 57.61 109.96 23.75
500 14.57 44.89 84.03 6.11
1000 6.93 34.32 56.05 1.64

10

0 198.31 30.64 119.07 62.37
100 71.96 48.53 116.93 35.26
250 21.03 33.85 77.01 4.43
500 8.62 24.70 43.31 0.60
1000 4.67 19.85 27.38 0.09

Original 595.63 6.55 110.79 33.84

Figure 4: HABIT accuracy (DTW) for different simplifi-
cation tolerances 𝑡 = {0, 100, 250, 500, 1000}, and resolutions
𝑟 = {9, 10} [DAN Dataset].

to 250 meters can provide the optimal trade-off between path
smoothness and compression. Besides, accuracy does not seem
to be affected by the different 𝑡 values, as shown in Figure 4.
Nevertheless, accuracy does not appear to be affected by a finer
resolution 𝑟 of the H3 grid.

4.3 Results
Next, we report results from an empirical comparison of the
trajectory imputation methods for a fixed gap of 60 minutes.
Several configurations of both our proposed framework (HABIT)
and the chosen state-of-the-art method (GTI) are included, along
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Figure 5: Sensitivity analysis on accuracy (mean & me-
dian DTW) of the imputed paths with varying parame-
terizations for GTI (𝑟𝑚, 𝑟𝑑) and HABIT (𝑟 , 𝑡) [KIEL & SAR
Dataset].

with the naive linear interpolation (SLI). We selected the KIEL
and SAR datasets to cover two distinct use case scenarios. The
DAN dataset was excluded from the analysis because its size was
prohibitive for generating the GTI models, and even downsized
versions (by resampling locations per trip every 1 or 5 minutes)
did not yield consistent results.

4.3.1 Accuracy. As depicted in Figure 5, the quality of the gener-
ated trajectories is very sensitive to parametrization. Generally,
both approaches are able to model local traffic patterns well, by
limiting their search space using the raw AIS data during graph
construction (Figure 6 a–b).

Trajectories in the KIEL dataset tend to follow a specific, con-
fined route. Given this characteristic, both the GTI and HABIT
methods achieve relatively low deviations from the original paths,
particularly when contrasted with the SLI baseline, which cannot
capture turning points. Since GTI is explicitly designed to follow
real past tracks (which in this scenario all belong to the same
route), it achieves a higher level of accuracy. On the other hand,
HABIT is subject to inherent positional displacements within
the cells, resulting in larger errors even in correct H3 sequence
predictions.

With regard to the larger SAR dataset (covering all vessel types
and all trips in the area), the two methods showcase different
behaviors. This is due to the variety of alternative routes be-
tween two points, as found in the training data. More specifically,
some configurations for GTI provide a comparable and in some
instances slightly worse accuracy than SLI. For a more refined
configuration (𝑟𝑚 = 250𝑚, 𝑟𝑑 = 0.001𝑜 ), the memory require-
ments of GTI did not allow its computation. In its place, we in-
cluded a different training configuration (𝑟𝑚 = 500𝑚, 𝑟𝑑 = 0.001𝑜 ,
underlined in Table 2), which in turn did not perform as well,

Table 4: Average and maximum query latency (sec) for
different configurations of HABIT (𝑟 , 𝑡 ) and GTI (𝑟𝑚, 𝑟𝑑).

Dataset Method Configuration Avg Max

KIEL
(26 gaps)

HABIT

𝑟 = 9, 𝑡 = 100 0.024 0.041
𝑟 = 9, 𝑡 = 250 0.019 0.047
𝑟 = 10, 𝑡 = 100 0.071 0.121
𝑟 = 10, 𝑡 = 250 0.070 0.128

GTI
𝑟𝑚 = 250, 𝑟𝑑 = 10−4 0.261 0.281
𝑟𝑚 = 250, 𝑟𝑑 = 5·10−4 0.300 0.431
𝑟𝑚 = 250, 𝑟𝑑 = 10−3 0.402 0.931

SAR
(1,871 gaps)

HABIT

𝑟 = 9, 𝑡 = 100 0.032 0.202
𝑟 = 9, 𝑡 = 250 0.031 0.186
𝑟 = 10, 𝑡 = 100 0.139 0.963
𝑟 = 10, 𝑡 = 250 0.139 0.866

GTI
𝑟𝑚 = 250, 𝑟𝑑 = 10−4 0.492 0.550
𝑟𝑚 = 250, 𝑟𝑑 = 5·10−4 0.711 1.598
𝑟𝑚 = 500, 𝑟𝑑 = 10−3 1.216 5.185

displaying larger errors. Conversely, our proposed framework
HABIT tends to remain relatively stable in terms of accuracy,
avoiding extreme errors that would affect its mean score (Fig-
ure 5). After inspecting the resulting paths, this phenomenon
largely stems from GTI choosing outlier paths that do not move
directly towards the destination point, especially when sailing
outside of main shipping lanes (Figure 6 c–d). HABIT generally
tends to follow the simpler path, minimizing the total weight
but also following local patterns of movement, instead of single
sampled trajectories; thus performing better in cases of typical
sailing movement.

To further assess the applicability and efficiency of the pro-
posed framework, we conducted additional experiments using
HABIT’s selected variations on larger gap durations (2 and 4
hours). As shown in Figure 7, accuracy degrades with increas-
ing gap size, as expected due to longer interpolation distances;
however, the increase in median error is not proportional to the
gap length, highlighting the robustness of the approach. This
effect is mild in the KIEL dataset but more evident in SAR, where
slightly higher medians are accompanied by pronounced outliers.
These extreme errors are likely related to irregular trajectories of
non-commercial or passenger vessels present in the SAR dataset.
Importantly, the relative performance ranking of the variations
remains generally consistent across gap sizes.

4.3.2 Performance. Examining the implementation require-
ments of the different solutions reveals that HABIT provides
a notably scalable and performant solution. As listed in Table 2,
the size of the frameworks based on our proposed framework
HABIT increases with more refined H3 resolutions, but always
achieve highly compressed representations of vessel traffic in all
areas. In contrast, GTI generates models of considerably larger
size (by an order of magnitude), especially when compared to
the volume of original AIS data. The GTI model size is highly
sensitive to AIS data characteristics such as sparsity. The more
confined KIEL dataset yielded a relatively smaller framework
footprint, whereas the SAR dataset necessitated a larger, more
complex structure. Moreover, GTI required significant memory
resources during the framework construction, and sometimes
failed to conclude its computation necessary for identifying the
best-fit parameters.
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Figure 6: Indicative imputation results: original [white], HABIT [purple], GTI [orange], and SLI [gray].

Figure 7: HABIT accuracy (DTW) of imputed paths for gaps
of 1, 2 and 4 hours duration, for different configurations
relating to resolution and simplification factor (𝑟 |𝑡 )
[KIEL & SAR Dataset].

With regard to query response time, we measured average
and maximum latency at imputation tests under varying method
configurations (Table 4). The same gaps (duration 60 minutes)
were tested in all methods settings for the same area (KIEL, SAR).
Notably, HABIT retains a subsecond latency including its simpli-
fication and reconstruction cost. As expected, for more refined
H3 resolutions the latency increases. However, GTI incurs higher
response times for better imputation results, and generally re-
quires more time than HABIT, especially in the more complex
SAR dataset which includes diverse vessel types and areas of
different AIS coverage. Overall, our proposed framework HABIT
achieves higher scalability, being able to perform effectively at
different maritime scenarios, while requiring reduced computa-
tional resources.

5 Conclusions and Future Work
This application paper presents a lightweight framework for ves-
sel trajectory imputation based on an H3 graph that models area-
specific movement patterns from batch AIS statistics. Through
extensive fine-tuning, including path simplification and the in-
corporation of locally median positions during reconstruction,
the framework achieves high geometric fidelity to true vessel
paths. Empirical results show comparable, and in some cases su-
perior, accuracy to a state-of-the-art imputation approach, while
demonstrating strong scalability, sub-second query latency, and
significantly lower memory requirements, even as data size and
sparsity increase.

As a next step, we plan to expand our approach by incorporat-
ing features related to the vessel’s state (e.g., draught) or voyage
context (e.g., weather conditions, month of travel, destination
port). In addition, we will evaluate transformer-based models
[5, 12, 14] for the imputation task at scale, aiming to create a
unified pipeline that improves data quality before generating
area-specific analytics, such as density maps.
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