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 A B S T R A C T

The global maritime industry, which facilitates around 90% of the world’s trade, faces operational inefficiencies 
due to inconsistent Automatic Identification System (AIS) data and scalability challenges, limiting the reliability 
of current tracking systems. This study aims to improve the reliability of both Estimated Time of Arrival (ETA) 
and vessel destination predictions. We apply Machine Learning (ML) techniques to predict ETAs through both 
regression and classification models, while leveraging high-order Markov chains for destination prediction 
based on sequential maritime route patterns. To ensure the practical applicability of these models, we 
developed an end-to-end pipeline that incorporates waypoint-based trajectory compression, optimizing the 
handling of satellite-based AIS data (s-AIS). Using a real-world dataset of global shipping routes, our ML 
models, particularly Support Vector Regression (SVR), achieved a lower mean absolute error than captain-
provided ETAs (16.01 vs. 22.15 h). When the time to arrival was more than 75 h, SVR outperformed 
captain-provided ETAs, whereas captain-provided ETAs were more accurate in the final three days before 
arrival, due to frequent manual updates. High-order Markov chains achieved a near-perfect accuracy of 
99.00% (std: 1.19%) in destination prediction, confirming the regularity of cargo ship routes. These findings 
demonstrate the potential of combining ML models with Markov chains to enhance the accuracy and reliability 
of long-term maritime logistics forecasting, transforming raw s-AIS data into actionable insights for improved 
operational decision-making.
1. Introduction

1.1. Motivation

The international maritime sector facilitates around 90% of the 
world’s trade, involving many companies participating in or depending 
on this sector (Pallotta et al., 2013). The container transport process 
involves multiple entities, including carriers, port authorities, terminal 
operators, hinterland transportation companies, and commercial im-
porters, all of whom must collaborate and share information. However, 
the existing operational system faces challenges in transparency due to 
its competitive nature, with stakeholders often relying on each other for 
essential information and having limited visibility into the entire supply 
chain (Meijer, 2017; Parolas, 2016). Such fragmentation frequently 
results in missed transshipment connections, bottlenecks at ports, and 
misalignment with inland transport schedules, raising logistics costs 
and reducing overall reliability of global supply chains (Yazar Okur & 
Tuna, 2022).

Recent technological advancements indicate promising solutions 
to enhance transparency in the maritime sector (Viellechner, 2022). 
Emerging technologies such as the Internet of Things (IoT) transform 
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supply chain management by improving data visibility and real-time 
stakeholder communication (Aslam et al., 2020; Grover et al., 2024; 
Valero et al., 2021). These technologies help overcome some limitations 
of the current operating systems. For example, IoT-enabled intelligent 
tracking technologies provide real-time container tracking, helping 
mitigate risks encountered during shipments (Ouedraogo et al., 2022).

Vessel tracking depends on real-time positional data, with most 
parties relying on the Automatic Identification System (AIS), one of 
the most widely utilized sources. However, AIS data often suffers 
from issues such as incorrect entries, missing values, inconsistent data 
formats, or delayed updates (Aslam et al., 2020; Yang et al., 2024). The 
reliability of the AIS data, particularly regarding the destination port 
and Estimated Time of Arrival (ETA), is frequently corrupted by manual 
input and incomplete information. Moreover, proprietary systems, data 
ownership issues, and a lack of standardized interfaces further compli-
cate the quality of AIS data, resulting in inconsistencies that necessitate 
significant pre-processing before becoming useful (Aslam et al., 2020).

Satellite-based AIS data (s-AIS) is available, which extends coverage 
beyond coastal zones and improves overall data quality (Feng et al., 
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2020), but nonautomated data entry still introduces errors, occasionally 
intentional due to commercial considerations (Aslam et al., 2020). This 
inconsistency in AIS data, combined with the lack of widespread adop-
tion of advanced arrival prediction methods by shipping lines (Veenstra 
& Harmelink, 2021) continues to pose challenges for accurate and 
reliable ETA predictions. These technical limitations also have direct 
economic implications: inaccurate ETA’s can worsen berth congestion, 
force costly rescheduling, and trigger delay penalties, while also un-
dermining coordination with hinterland haulage and rail services (Chu 
et al., 2024; Qu et al., 2024).

Consequently, improving the automation and accuracy of AIS data 
remains critical to enhancing the reliability of vessel tracking systems 
and ensuring efficient port operations management.

1.2. Relevance of ETA prediction models

Vessel ETA prediction, heavily reliant on predicting a vessel’s desti-
nation, is essential for optimizing port operations and improving supply 
chain management. Accurate ETA predictions allow ports to stream-
line berth allocation (Ji et al., 2023; Kolley et al., 2023), minimize 
delays (Pani et al., 2014; Viellechner, 2022), and increase overall 
terminal productivity (El Mekkaoui et al., 2022; Yu et al., 2018), 
facilitating better coordination between stakeholders. Machine Learn-
ing (ML) models and other Artificial Intelligence (AI) approaches can 
significantly improve the accuracy of ETA forecasts by learning from 
historical data and incorporating real-time inputs (El Mekkaoui et al., 
2023).

To ensure these ETA prediction models are fully effective, reliable 
data inputs and integration into existing operational workflows are 
essential. Building a robust decision support system that meets industry 
demands requires improving the quality management of incoming AIS 
messages, extracting waypoints and routes from large datasets, and 
increasing accuracy by incorporating behavioral patterns (Dobrkovic 
et al., 2016).
Waypoint extraction. Predicting complex, long-distance vessel trajecto-
ries demands substantial computational resources (Suo et al., 2020), 
making real-time application difficult. Waypoint extraction addresses 
this challenge by identifying key locations from vessel movement obser-
vations to create a simplified representation of a vessel’s path, keeping 
only the essential structure. This approach not only decreases data 
storage and computational resources, but also improves the efficiency 
of predictive models by focusing on the most relevant information.

Several methodologies demonstrate the effectiveness of waypoint 
extraction for constructing and analyzing maritime paths to improve 
ETA prediction. For example, the Traffic Route Extraction and Anomaly 
Detection (TREAD) methodology extracts waypoints to map navigation 
paths, which supports better anticipation of a vessel’s next destination 
and possible routes (Pallotta et al., 2013). Building on this, both Lee 
et al. (2022) and Xu et al. (2022) used the Ramer-Douglas-Peucker 
(RDP) algorithm combined with density-based spatial clustering of 
applications with noise (DBSCAN) to identify vessel waypoints and 
connect them to create representative routes. Similarly, Karataş et al. 
(2021) developed a trajectory extraction algorithm inspired by TREAD, 
followed by DBSCAN clustering to group waypoints. Altan et al. (2023) 
employed Dynamic Time Warping (DTW) to measure trajectory sim-
ilarity, then interpolated and identified waypoints from an average 
trajectory. In another approach, Dobrkovic et al. (2018) applied a 
Genetic Algorithm (GA) to detect waypoints. These diverse methods 
show how identifying waypoints improves constructing paths, leading 
to more accurate ETA predictions.

Although many ETA prediction techniques are in development, they 
have yet to see adoption in shipping operations. Practical use cases are 
essential in encouraging their uptake (Veenstra & Harmelink, 2021). 
Our study provides such a use case, contributing to this effort.
2 
1.3. Contributions

Prior studies on vessel ETA and destination prediction face several 
recurring challenges, which we elaborate on further in the literature 
review (Section 2). AIS data is often affected by manual, error-prone 
reporting, which undermines the reliability of ETA broadcasts. Existing 
work has mainly focused on regression-based ETA prediction, while 
other approaches such as classification with strong operational rele-
vance have been less explored. Much of the literature concentrates on 
local or regional contexts, limiting the applicability of findings to long-
haul and international shipping routes. Finally, the scale and noisiness 
of s-AIS data create challenges for practical adoption in industry, 
as processing large volumes of raw AIS records is computationally 
demanding.

To address these issues, this study develops regression and clas-
sification models that refine the ETA inputs provided by the captain 
and employs Markov models to predict the vessel’s next destination. 
The inclusion of classification for ETA bucketing also contributes to 
filling a research gap, as this approach has received limited attention 
in the existing literature. In addition, we introduce a waypoint-based 
trajectory compression procedure to reduce data volume ensuring that 
the data remains both manageable and practical for real-world in-
dustry applications. This compression preserves essential navigational 
information, enabling stakeholders to work with streamlined datasets.

The contributions of this study are fourfold. First, it improves the 
accuracy of ETA and next-destination predictions relative to existing 
approaches. Second, by addressing these data quality and prediction 
challenges, our work attempts to improve the technical accuracy of AIS-
based ETA forecasts, with the potential to help mitigate costly supply 
chain inefficiencies. Third, another contribution of this study is the 
focus on identifying behavioral patterns in cargo vessel movements 
across international shipping routes. Whereas much of the existing 
literature concentrates on local patterns within ports or regional clus-
ters, our analysis considers long-haul trajectories that span multiple 
regions and shipping routes, thereby offering insights into regularities 
in cargo vessel behavior at an international scale. Fourth, by integrating 
large datasets from global shipping networks, this study develops meth-
ods that improve AIS data reliability, predict vessel destinations, and 
provide ETA forecasts that could support operational decision-making 
within a decision support system.

2. Literature review

2.1. Data-driven approaches for vessel ETA prediction

Vessel ETA prediction has been extensively explored through var-
ious data-driven approaches applied to historical AIS data, especially 
through ML and Deep Learning (DL) methods. This review summarizes 
key research on these methods, case study insights, and challenges, 
with particular focus on ETA prediction for container vessels on a global 
scale. Table  1 shows a summary of studies in vessel ETA prediction, 
highlighting diverse methodologies, vessel types, geographical areas 
and prediction horizons that illustrate the field’s evolution.

ETA prediction is typically framed as either a regression or classifi-
cation task. Regression models predict ETA as a continuous variable, 
providing precise arrival estimates useful for real-time monitoring. 
Classification models, on the other hand, group ETA predictions into 
categories such as on-time or delayed, which can facilitate quick, ac-
tionable insights for operational planning (Kim et al., 2017; Yu et al., 
2018). Despite the relevance of both approaches, most existing studies 
frame ETA prediction as a regression task, while only a few explicitly 
consider classification strategies such as ETA bucketing or vessel delay 
classes. Recent reviews confirm this imbalance, noting that classifica-
tion remains comparatively underexplored (Jiang et al., 2025; Noman 
et al., 2025).
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Table 1
Literature overview of vessel ETA prediction studies.
 Study Ship type Geographical area Prediction horizon Best performing model  
 Regression  
  Abdi and Amrit (2024) Various incl. container North Sea Entire route Deep-learning architecture 

(VATP) 
 

  Lloret-Batlle et al. (2024) Container Cross-Pacific Entire route XGBoost  
  Zhong Chu and Wang (2024) Various incl. container Hong Kong port Up to 17 h, between 18 and 

36 h, and greater than 36 h 
Random forest  

  Zygouras et al. (2024) Passenger, Container Global Underway short-term, Underway 
long-term, Entire route 

Path-based clustering  

  Bourzak et al. (2023) Merchant (cargo) Saint Lawrence River, Canada Near-future arrival times BiLSTM  
  Chondrodima et al. (2023) Various incl. container Aegean Sea, U.S. West Coast and Brest Up to 60 min into the future VLF-LSTM  
  El Mekkaoui et al. (2020, 
2022, 2023)

Tanker, Container Jorf Lasfar port, Morocco, 
Mediterranean Sea

0 h to 7 days before arrival, 
Entire route 

LSTM, NN  

  Kolley et al. (2023) Container Coast of Miami 0 to 24 h before arrival 𝑘-NN, NN  
  Yoon et al. (2023) Container Busan New Port, South Korea Near-future arrival times Path-based interpolation  
  Valero et al. (2022) Container Not reported Near-future arrival times 𝑘-NN  
  Kwun and Bae (2021) Not reported Eastern Asia 0 to 800 km before arrival Path-finding algorithm  
  Noman et al. (2021) Container Bremerhaven to Branschweig port Near future arrival times GRU  
  Park et al. (2021) Not reported Mediterranean Sea, South Korea 0 to 600 km before arrival Reinforcement learning  
  Lechtenberg et al. (2019) Not reported Not reported Up to 30 days into the future XGBoost  
  Alessandrini et al. (2018) Container Mediterranean Sea Up to 10 h, between 10 and 

38 h, and greater than 40 h 
Path-finding algorithm  

  Bodunov et al. (2018) Not reported Mediterranean Sea Near-future arrival times Ensemble model  
  Hardij (2018) Tanker Bay of Biscay to Rotterdam Entire route NN  
  Jahn and Scheidweiler (2018) Not reported German North, Baltic Sea 0 to 24 h before arrival NN  
  Meijer (2017) Various incl. container Global Entire route 𝑘-NN  
  Parolas (2016) Container Global 0 h to 5 days before arrival SVR  
 Classification  
  Yu et al. (2018) Container Ningbo-Zhoushan port 1, 2, 3, 4, 6, 8 h delay Random forest  
  Kim et al. (2017) Container Global Entire route Case-based reasoning  
Key methodologies. Studies on vessel ETA prediction predominantly use 
ML and DL models, leveraging large amounts of AIS data to improve 
accuracy over various routes and prediction horizons. Among ML meth-
ods, XGBoost and Random Forest (RF) are frequently used. For instance, 
XGBoost has shown high reliability for full-route predictions on cross-
Pacific container ship routes (Lloret-Batlle et al., 2024), while RF has 
been effective for shorter, segmented prediction intervals near Hong 
Kong port (Zhong Chu & Wang, 2024). Path-based approaches, such as 
those by Zygouras et al. (2024) and Yoon et al. (2023), capture regional 
and port-specific behaviors for global and short-term predictions.

DL methods, such as Long Short-Term Memory (LSTM) networks 
and reinforcement learning, are widely used for modeling sequential 
data and capturing complex temporal patterns in vessel trajectories. 
LSTM is particularly popular for ETA predictions across regions such 
as Moroccan ports (El Mekkaoui et al., 2023) and the Mediterranean 
Sea (El Mekkaoui et al., 2020), as well as for varying prediction 
horizons. More sophisticated architectures, including BiLSTM, VLF-
LSTM, and attention mechanisms, have further improved prediction 
accuracy (Abdi & Amrit, 2024; Bourzak et al., 2023; Chondrodima 
et al., 2023).

While the literature highlights a shift toward exploring advanced 
DL models due to their higher accuracy, practical adoption remains 
challenging. Stakeholders often favor interpretable models, such as de-
cision trees or simpler ML approaches, as these provide clearer insights 
into prediction outcomes and enable informed, actionable decision-
making. This trade-off between model complexity and interpretability 
underscores the need to balance performance with transparency in 
operational settings.
Methodological differences. The prediction horizon for vessel ETA varies 
significantly across studies, which require distinct methodological ap-
proaches for ETA prediction depending on the timeframes involved. For 
longer horizons, such as multi-day or entire-route predictions on global 
shipping lanes, models like XGBoost (Lloret-Batlle et al., 2024) and 
support vector regression (SVR) (Parolas, 2016) are often employed, 
3 
as they can manage complex interactions over long-range distances 
and incorporate multiple external factors. These models are well-suited 
for large-scale, high-traffic routes, where vessels encounter diverse 
conditions.

In contrast, shorter prediction horizons, such as those under 24 h 
before arrival, are particularly relevant in coastal or port areas, where 
trajectory data changes rapidly and predictions must adapt to the 
dynamic conditions near ports such as port congestion and weather 
variability. For instance, studies at Hong Kong port (Chen et al., 2022) 
and the coast of Miami (Kolley et al., 2023) utilize methods such 
as RF and 𝑘-Nearest Neighbors (𝑘-NN) to efficiently capture short-
term trajectory shifts. These shorter horizons typically yield more 
precise predictions as they approach their destination, supporting more 
immediate operational decisions in port logistics.

2.2. Vessel destination prediction techniques

Accurate vessel destination prediction is essential in maritime lo-
gistics as it directly affects ETA forecasts (Alessandrini et al., 2018). 
Industries relying on the global shipping network use destination pre-
dictions to help stakeholders make decisions about cargo and shipping 
schedules (Zhang et al., 2020). With growing maritime traffic, relying 
on human-entered AIS input becomes impractical due to variations in 
how captains enter destination details, such as city names, port names, 
or terminals, leading to inconsistencies and lack of standardization (Fu 
et al., 2021). These inconsistencies complicate large-scale data pro-
cessing across thousands of vessels. Data-driven approaches efficiently 
standardize and interpret AIS data to address these challenges. The 
ability to predict destinations more reliably than relying on raw AIS 
data alone thus improves the overall reliability of AIS data (Yin et al., 
2022).

Markov models, particularly 𝑛-order Markov chains, have been 
widely used in vessel destination prediction because of their effec-
tiveness in capturing the sequential dependencies in ship movements. 
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Table 2
Summary of vessel destination prediction models from the literature, including 
reported accuracy, study size, and best-performing models. Direct comparison 
of accuracy across studies should be approached with caution, as differences in 
geographic coverage, dataset size, and model complexity can influence results. 
Smaller study areas often yield higher accuracy due to lower problem complex-
ity, while larger coverage areas introduce greater variability and predictive 
challenges. The scope of our study aligns most closely with Lechtenberg et al. 
(2019), who also conducted a global investigation of cargo ships.
 Study Study size Best performing Accuracy 
 model  
 Lechtenberg et al. (2019) 44 regions Markov model 0.974  
 Bodunov et al. (2018) 40 ports Voting ensemble learner 0.97  
 Wang et al. (2022) 128 ports LSTM 0.87  
 Karataş et al. (2021) 8 ports RF 0.86  
 Barreiro Lindo (2020) 55 ports RF 0.792  
 Zhang et al. (2020) 9493 ports RF 0.666  
 Gouareb et al. (2022) 391 ports Graph based model 0.647  
 Yin et al. (2022) 9 regions Bayesian neural network 0.562  

Considering the last 𝑛 ports visited, these models can capture the reg-
ularity in maritime routes, which is especially relevant for cargo ships 
that often follow regular, repeating routes (Kaluza et al., 2010; Pani 
et al., 2015; Singh et al., 2022). In the literature, Markov models have 
outperformed ML models such as RF in vessel destination prediction 
(see Table  2).

Beyond traditional models, recent studies have introduced more 
complex architectures such as LSTM-based hybrids and Graph Neural 
Networks (GNNs). LSTMs capture long-range temporal dependencies 
in vessel trajectories (Wang et al., 2022), while GNNs leverage the 
relational structure of ports to model network-wide patterns (Gouareb 
et al., 2022). These architectures are well suited for capturing complex 
dependencies, but they are typically data-hungry and computationally 
demanding. In contrast, 𝑛-order Markov chains are computationally 
efficient, fast to train, and allow direct control of historical context 
through the parameter 𝑛. Important to note is that a trade-off arises 
when increasing the order 𝑛 of a Markov chain. While higher or-
ders capture longer historical context, the number of possible 𝑛-port 
sequences grows exponentially, leading to sparsity in the transition 
matrix and an increased risk of overfitting. This issue is well studied 
in sequence modeling, and mitigation strategies include smoothing 
and back-off (Chen & Goodman, 1999; Katz, 1987), and variable-order 
Markov models (e.g. Begleiter et al. (2004), Dimitrakakis (2010)) that 
adapt their memory length to the data.

One of the advantages of Markov models in vessel destination 
prediction is their interpretability compared to more complex models 
such as LSTM networks. Markov models provide clear, probabilistic 
insights into how past port visits influence future destinations, mak-
ing them easier to understand and implement in operational settings. 
This transparency is most valuable in maritime logistics, where hu-
man decision-makers benefit from interpretable models to inform their 
decisions (Yin et al., 2022).

3. Stakeholder insights and data description

3.1. Case validation

We interviewed diverse stakeholders in the mobility industry supply 
chain to assess the potential of AIS data in predicting vessel movements. 
Each stakeholder provided insights based on their roles and use cases. 
Many saw positive potential in AIS data. For instance, a maritime 
technology provider uses AIS transponders to determine ship locations 
and predict ETAs, balancing fuel efficiency with optimal arrival times.

A cycling accessories company sees potential for AIS data in pre-
dicting vessel movements in combination with Purchase Order (PO) 
level tracking to better handle ship and product delays. Insights into 
4 
commodity flow could also help them plan their order picking more 
efficiently. A logistics optimization firm, working with shipping part-
ners to optimize schedules, showed interest in predicting container 
rolling and blank sailings. A distribution center manager sees promise 
in integrating AIS data with their Enterprise Resource Planning (ERP) 
system for better shipment tracking at both vessel and PO levels.

Conversely, some stakeholders face challenges or were skeptical 
about AIS data. A power solutions provider, though having used AIS 
data before, has deprioritized its use due to reliability issues. A bicycle 
manufacturer is enthusiastic but struggles with data availability and 
reliability. Companies involved in port planning and maritime services 
acknowledge AIS data’s potential but remain cautious due to similar 
reliability concerns. Other stakeholders were more reserved or indif-
ferent. A cycling product manufacturer did not prioritize AIS data, and 
an automotive industry stakeholder did not expect significant supply 
chain changes from AIS data predictions.

Overall, while AIS data’s potential and challenges varied among 
stakeholders, common concerns about communication and data relia-
bility align with existing literature themes.

3.2. Dataset

We obtained data from an interviewed stakeholder who sources 
AIS information from the S&P Global Maritime Portal.1 This dataset 
includes Sea-webTM and AIS Live Ship Tracking Intelligence data. Sea-
webTM provides data fields on 220,000+ ships of 100 gross tonnage 
and above, including detailed ship information and technical speci-
fications under Sea-webTM Ships (hereafter, ship information dataset), 
and information on ship arrivals, departures, and port and berth calls 
under Sea-webTM Movements (hereafter, port visits dataset). AIS Live
offers real-time satellite ship movement data. To ensure alignment with 
the stakeholder’s ERP system data, we selected a specific sample to 
validate our techniques, despite having access to a larger dataset. Our 
sample consists of 43 international cargo container vessels, including 
their engine specifications. The live s-AIS data in our sample is available 
at 10 min intervals spanning from March 1, 2022, to August 1, 2023. 
For a summary of the data sources and features see Supplementary 
Material Appendix A.

4. Methodology

Research on ETA prediction often employs methodological ap-
proaches involving data pre-processing, destination prediction, trajec-
tory extraction and waypoint detection, as seen in studies by Kwun and 
Bae (2021), Lechtenberg et al. (2019), and Yoon et al. (2023). In line 
with these practices, this section outlines our approach. An overview 
of the methodology is provided in Fig.  1, with explanations in the 
following subsections.

4.1. Initial analysis

To better interpret the data from our case study, Fig.  2 visualizes the 
pre-processed s-AIS data along with the most frequented ports in each 
geographical sub-region. The figure emphasizes numerous international 
routes.

Investigating the port visits dataset, we observe substantial missing 
values in the destination data, with an overall percentage of 53.05%. 
Missing values upon arrival reach a high percentage of 88.52%, while 
the percentage upon departure is lower at 17.67%. The accuracy of the 
destination port information varies: 30.51% of entries in the dataset are 

1 https://www.spglobal.com/marketintelligence/en/mi/products/
maritime-ship-tracker-ais/-live-ship-data-seaweb.html.

https://www.spglobal.com/marketintelligence/en/mi/products/maritime-ship-tracker-ais/-live-ship-data-seaweb.html
https://www.spglobal.com/marketintelligence/en/mi/products/maritime-ship-tracker-ais/-live-ship-data-seaweb.html
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Fig. 1. Flowchart of the methodology for vessel destination and ETA prediction.
Fig. 2. Vessel trajectories from s-AIS data and most visited ports per sub-region.
correct, which drops to 6.70% upon arrival but rises to 54.25% upon 
departure.

In the AIS data, we observe that the destination information has a 
missing value percentage of 19.62% with a relatively low accuracy of 
61.38% among the entries that are not missing. The ETA data has a 
missing value percentage of 26.65%, and questions remain about its 
reliability. Previous studies have shown that AIS and port-call data 
are prone to inconsistencies such as manual entry errors, missing 
transmissions, and log discrepancies (Harati-Mokhtari et al., 2007; 
Wang et al., 2021). To mitigate these challenges, validation approaches 
such as cross-checking vessel identifiers against registries, filtering 
implausible positions or speeds, and reconstructing missing trajectory 
segments through interpolation or repairing frameworks have been 
proposed (Liang et al., 2024; Zaman et al., 2023). In our dataset, 
standardized UN/LOCODE identifiers for ports are not included, and 
their availability would further improve the reliability of port-call 
validation. While our dataset has undergone provider-level curation, it 
shares the common limitations of large-scale AIS data, and awareness 
of these issues is essential.
5 
4.2. Vessel destination prediction

In our study, we compare the performance of Markov chains in 
predicting vessel destinations across 120 ports distributed over four 
continents. To investigate how much we can learn from historical data, 
we use 𝑛-order Markov chains and consider the last 𝑛 ports visited by 
a vessel.

We compute the transition probabilities in the Markov chain by an-
alyzing historical vessel movement patterns across ports. We calculate 
the conditional probability for each state transition based on prior port 
visits. In an 𝑛-order Markov chain, the probability of transitioning from 
a sequence of states 𝑆𝑡−𝑛,… , 𝑆𝑡 to the next state 𝑆𝑡+1 is given by the 
conditional probability: 

𝑃
(

𝑆𝑡+1 ∣ 𝑆𝑡, 𝑆𝑡−1,… , 𝑆𝑡−𝑛
)

=
𝐶
(

𝑆𝑡−𝑛,… , 𝑆𝑡, 𝑆𝑡+1
)

𝐶
(

𝑆𝑡−𝑛,… , 𝑆𝑡
) (1)

where:

𝐶
(

𝑆𝑡−𝑛,… , 𝑆𝑡, 𝑆𝑡+1
) is the count of observed transitions from the 

sequence of states 𝑆 ,… , 𝑆 , 𝑆 .
𝑡−𝑛 𝑡 𝑡+1
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𝐶
(

𝑆𝑡−𝑛,… , 𝑆𝑡
) is the count of the sequence 𝑆𝑡−𝑛,… , 𝑆𝑡 occurring 

in the dataset.

The transition probabilities are thus estimated from empirical data 
by counting the occurrences of state sequences and transitions. We 
make predictions by selecting the port with the highest transition 
probability, ensuring the model identifies the most likely destination 
based on the vessel’s recent history.

Given the general vulnerability of Higher-order Markov to matrix 
sparsity, this issue is less pronounced in our dataset and domain. Con-
tainer shipping services typically operate along structured, repeating 
loops with limited variation in port sequences. Major liner routes follow 
stable rotations that are replicated across many voyages and vessels, 
ensuring that even high-order chains encounter sufficient recurrence 
of multi-port sequences to estimate reliable transition probabilities 
rather than isolated one-off events. These regularities were also clearly 
observed in our dataset, consistent with prior findings on the stability 
of liner shipping networks (Kaluza et al., 2010; Pani et al., 2015; Singh 
et al., 2022).

4.3. Trajectory extraction

Predicting ETAs using historical AIS data requires identifying port 
arrival and departures. Typically, trajectory extraction algorithms are 
needed as these events are not explicitly indicated in s-AIS streams. 
This study employs the port visits dataset, which already includes these 
events, making additional techniques unnecessary. Nonetheless, un-
derstanding how to extract trajectories is vital for handling incom-
plete, noisy, or missing port visit data and for better analyzing vessel 
behavior.

To extract vessel trajectories, voyage creation or voyage split-
ting algorithms are commonly applied (Gouareb et al., 2022; Yoon 
et al., 2023). These methods rely on geofencing techniques, where 
port boundaries are represented as port polygons - geospatial areas 
surrounding ports. The entry and exit of vessels from these polygons 
are identified by monitoring when a vessel’s AIS signal is detected at 
these boundaries. This approach divides AIS data into distinct voyages, 
allowing for analysis in predictive tasks such as ETA forecasting.

We define a route and a trajectory as distinct concepts. A route 𝑅𝑖𝑗
is defined as a general sequence of coordinates (latitude and longitude) 
connecting two ports, 𝑃𝑖 and 𝑃𝑗 . A trajectory 𝑇 𝑣

𝑖,𝑗 (𝑡) is the unique, 
time-dependent path a vessel 𝑣 travels along a route 𝑅𝑖𝑗 , capturing 
the specific details of its movement. Mathematically, a trajectory is 
expressed as: 
𝑇 𝑣
𝑖,𝑗 (𝑡) =

[

(𝑥1, 𝑦1, 𝑡1), (𝑥2, 𝑦2, 𝑡2),… , (𝑥𝑛, 𝑦𝑛, 𝑡𝑛)
]

, (2)

where (𝑥𝑘, 𝑦𝑘) denotes the vessel’s position (latitude and longitude) at 
timestamp 𝑡𝑘. A route 𝑅𝑖𝑗 may contain multiple trajectories, as vessels 
traveling between the same ports can take varied paths.

To process our data, we first select only the fully available trajec-
tories in the port visits dataset, ensuring they include departure and 
arrival instances along with their corresponding locations and times-
tamps. Next, we merge the s-AIS data with the trajectory information, 
retaining only those AIS data rows that fall between the port departure 
and arrival timestamps. We further refine our dataset by keeping only 
the statuses labeled Under way using engine and Under way sailing, thus 
removing entries related to moored, anchored, or similar statuses. The 
excluded statuses, though beyond this study’s scope, could offer further 
insights into vessel behavior.

From the cleaned dataset, we build trajectories by linking con-
secutive departures and arrivals at various ports, assigning a unique 
identifier to each trajectory. For further analysis, we compute the 
cumulative distance using the haversine formula (see Supplementary 
Material Appendix B) and the cumulative travel time for each trajectory 
ID, along with additional features for ETA prediction. Moreover, we 
assign the Not a Timestamp (NaT) value to ETA instances where the ETA 
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timestamp precedes the current timestamp, maintaining consistency in 
the temporal data. Finally, we keep only the trajectory ID’s that consist 
of more than 10 s-AIS entries on a trajectory to ensure the robustness 
of our analysis.

4.4. Trajectory compression

This subsection outlines our methodology for extracting waypoints 
from s-AIS data streams, a key step in compressing vessel trajectories 
while keeping their essential navigational characteristics. We follow a 
multi-step methodology, detailed as follows.

Step 1: Mean Path Computation. We compute a mean path for 
each route 𝑅𝑖𝑗 to represent a general navigational pattern between 
ports 𝑃𝑖 and 𝑃𝑗 . This is achieved by applying the DTW algorithm (see 
Supplementary Material Appendix C) to align and average multiple 
trajectories 𝑇 𝑣

𝑖,𝑗 (𝑡) associated with the same route.
DTW is applied to all trajectory pairs 

(

𝑇 𝑣1
𝑖,𝑗 (𝑡), 𝑇

𝑣2
𝑖,𝑗 (𝑡)

)

 within the 
route 𝑅𝑖𝑗 . For each pair, DTW calculates an optimal alignment by 
finding a warping path 𝜋, which minimizes the distance between 
corresponding points of the two trajectories.

Once the warping paths are aligned across all trajectory pairs, the 
mean trajectory 𝑇̄𝑖,𝑗 is constructed by averaging the aligned points along 
the warping paths. Formally, for each time step 𝑡, and alignment 𝜋𝑘 over 
𝐾 trajectory pairs, the mean trajectory is given by: 

𝑇̄𝑖,𝑗 (𝑡) =
1
𝐾

𝐾
∑

𝑘=1
𝜋𝑘(𝑡), (3)

where 𝜋𝑘(𝑡) represents the aligned points for time 𝑡 in the 𝑘th pair.
DTW ensures that trajectories of varying lengths can be aligned 

and that local temporal misalignments are corrected through non-linear 
warping. In our methodology, this is complemented by removing loops 
(Step 2), which reduces structural noise from detours or abnormal 
data patterns. Together, these steps yield mean trajectories that are 
robust to length differences and large-scale inconsistencies. Residual 
issues such as positional inaccuracies, however, are not explicitly cor-
rected here and may still influence the computed mean path. Prior 
studies have proposed methods to address such challenges, including 
interpolation-based reconstruction (Guo et al., 2021; Zaman et al., 
2023), AIS trajectory cleaning (Liang et al., 2024), and trajectory 
repairing frameworks (Yu et al., 2025). While we do not implement 
these complementary approaches here, they provide promising avenues 
for enhancing AIS data quality in conjunction with our compression and 
prediction framework.

Step 2: Removing Loops. The computed mean path 𝑇̄𝑖,𝑗 is refined 
by detecting and eliminating intersecting line segments using geometric 
analysis. This process eliminates loops or self-intersections, resulting in 
a simplified trajectory 𝑇̄ simplified𝑖,𝑗 . This ensures a realistic representation 
of a habitual route without distortions or observed manoeuvres.

Step 3: Waypoint Extraction. After removing loops, the RDP algo-
rithm is applied to 𝑇̄ simplified𝑖,𝑗 . The RDP algorithm (see Supplementary 
Material Appendix D) selects 𝑚 waypoints, where 𝑚 ≪ 𝑛, based on a 
tolerance parameter 𝜖 controlling the level of detail. The waypoints 
𝑊 𝑣

𝑖,𝑗 (𝑡) are expressed as: 

𝑊 𝑣
𝑖,𝑗 (𝑡) = RDP

(

𝑇̄ simplified𝑖,𝑗 , 𝜖
)

, (4)

yielding 𝑊 𝑣
𝑖,𝑗 (𝑡) =

{(

𝑥𝑤1
, 𝑦𝑤1

, 𝑡𝑤1

)

,… ,
(

𝑥𝑤𝑚
, 𝑦𝑤𝑚

, 𝑡𝑤𝑚

)}

 which pre-
serves the trajectory’s structure.

Step 4: Enforcing Maximum Distance 𝐷 Between Waypoints. To 
meet industry demands for providing consistent updates on a vessel’s 
ETA, we make sure that no two consecutive waypoints are more 
than 𝐷 km apart. For any pair of consecutive waypoints 

(

𝑥𝑤𝑘
, 𝑦𝑤𝑘

)

and 
(

𝑥𝑤𝑘+1
, 𝑦𝑤𝑘+1

)

 in 𝑊 𝑣
𝑖,𝑗 , if their haversine distance 𝑑 exceeds 𝐷, 

additional waypoints are iteratively inserted as follows:
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• The point on the trajectory 𝑇̄ simplified𝑖,𝑗  closest to the midpoint of 

the segment between 
(

𝑥𝑤𝑘
, 𝑦𝑤𝑘

)

 and 
(

𝑥𝑤𝑘+1
, 𝑦𝑤𝑘+1

)

 is selected as 
a new waypoint to add.

• Then, we recalculate distances until all consecutive points in 𝑊 𝑣
𝑖,𝑗

satisfy
𝑑
((

𝑥𝑤𝑘
, 𝑦𝑤𝑘

)

,
(

𝑥𝑤𝑘+1
, 𝑦𝑤𝑘+1

))

≤ 𝐷.

This procedure reduces the number of added waypoints to a min-
imum while ensuring that the distance 𝐷 between consecutive way-
points is not exceeded.

Step 5: Mapping Waypoints to Original Trajectory. To align the 
extracted waypoints with the original trajectory 𝑇 𝑣

𝑖,𝑗 (𝑡), we map each 
waypoint 

(

𝑥𝑤𝑘
, 𝑦𝑤𝑘

, 𝑡𝑤𝑘

)

∈ 𝑊 𝑣
𝑖,𝑗 (𝑡) to its closest point in 𝑇 𝑣

𝑖,𝑗 (𝑡) based on 
the haversine distance 𝑑.
Baseline construction. Step 5 of the trajectory compression procedure 
maps each waypoint 

(

𝑥𝑤𝑘
, 𝑦𝑤𝑘

, 𝑡𝑤𝑘

)

 to its closest AIS record
(

𝑥𝑎, 𝑦𝑎, 𝑡𝑎, 𝐸𝑇𝐴𝑎
) in the original trajectory 𝑇 𝑣

𝑖,𝑗 (𝑡). Using this mapping, 
we compute the baseline and true Remaining Travel Time (RTT): 
𝑅𝑇𝑇 base𝑎 = 𝐸𝑇𝐴𝑎 − 𝑡port-entry, 𝑅𝑇𝑇 true𝑎 = 𝑡port-entry − 𝑡𝑎, (5)

where 𝐸𝑇𝐴𝑎 is the captain-provided ETA broadcast in the matched 
AIS record, 𝑡𝑎 is the timestamp of that AIS record, and 𝑡port-entry is the 
provider-supplied port entry (arrival) timestamp. All differences are 
expressed in hours.

As an example, the methodology is visualized in Fig.  3, demonstrat-
ing its application to extract waypoints for vessel trajectories between 
Antwerp and Rotterdam. By applying the trajectory compression pro-
cedure to our dataset (𝜖 = 0.1, 𝐷 = 220 km), we reduced the number of 
s-AIS entries from 1072,684 to 20,022, achieving a compression ratio 
of 98.13%. The tolerance parameter was set to 𝜖 = 0.1 to ensure a high 
degree of simplification while retaining the core geometric structure 
of the routes. The maximum distance between waypoints was set to 
𝐷 = 220 km to align with industry requirements for regular ETA 
updates. The compressed dataset includes 1865 trajectories across 279 
routes, with a total of 20,022 s-AIS records. This dataset is then used 
as input for training ML models to predict vessel ETAs.
Sensitivity analysis. To evaluate how the compression parameters (𝐷, 𝜖) 
affect data reduction, we varied 𝜖 = {0.5, 0.1, 0.05, 0.01, 0.005, 0.001} and 
𝐷 = {20, 50, 100, 220}. For each parameter pair, we applied the compres-
sion pipeline to the AIS trajectories and computed (i) the compression 
rate (percentage of data reduction compared to the uncompressed 
dataset) and (ii) the compressed dataset size. This analysis gives in-
sights in the trade-off between stronger compression and the dataset 
size. The procedure to investigate the implications of this compression 
for predictive model performance is described in the following section 
subsection. The full results for all parameter settings are reported in 
Supplementary Material Appendix E.

4.5. Vessel ETA prediction

Given that the vessel’s destination is determined and known, we 
developed and evaluated ML models for ETA prediction following 
using two complementary approaches: regression and classification. 
The regression models estimate the remaining travel time to the next 
destination port as a continuous variable, measured in hours, using 
historical s-AIS data and vessel-specific features. This fine-grained pre-
diction is particularly useful for operational scenarios requiring precise 
arrival estimates to support port scheduling, resource allocation, and 
supply chain management.

To further align with practical maritime logistics needs, we ex-
tended the regression approach into a classification task, where the 
continuous RTT predictions were converted into discrete time intervals, 
such as 12, 24, or 72 h, up to two weeks. This transformation provides 
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broader arrival windows, which are often more practical for port 
operations and cargo handling than exact arrival times. The thresholds 
were chosen to reflect operational planning horizons and stakeholder 
needs. Short-term and multi-day intervals (12–96 h) align with horizons 
used in prior ETA studies (Kim et al., 2017; Meijer, 2017; Parolas, 2016; 
Yu et al., 2018), while the weekly horizons (168–336 h) extend these 
to the two-week forecasts requested by stakeholders and are consistent 
with longer-term planning discussions in port logistics (Ji et al., 2023; 
Kolley et al., 2023). In this way, the ETA bucket design spans short-
, medium-, and longer-term planning horizons and enables systematic 
evaluation of prediction accuracy across different temporal scales.

To improve predictive performance, we expanded the initial feature 
set with additional variables. These include cumulative metrics such as 
distance traveled, travel time, and average speed; the mean latitude and 
longitude of the arrival port; the mean historical trajectory distance 
for each route and IMO number; and the latitude and longitude of 
the previous waypoint. We applied the 𝑘-Best feature selection method 
to identify the 10 most statistically significant features for predicting 
the target variable. Retaining this subset consistently improved model 
accuracy while reducing computational complexity compared to using 
the full feature set.

To ensure a robust evaluation of model performance, the data was 
divided into training, validation, and test sets using an 80/10/10 ratio, 
stratified by route to preserve balanced representation. Splits were 
generated chronologically, keeping waypoints from the same trajectory 
within a single subset to prevent data leakage. The training set consists 
of 16,137 rows from 1491 trajectories across 273 routes. The validation 
set, used for hyperparameter tuning, includes 2058 rows from 186 
trajectories spanning 103 routes. Finally, the test set, reserved for 
an unbiased performance evaluation, consists of 1827 rows from 187 
trajectories over 96 routes.

The ML models employed in this study include Quantile Regression 
(QR), SVR, RF, XGBoost, and LightGBM. Hyperparameters were opti-
mized using grid search, and model validation was performed through 
five-fold cross-validation. Hyperparameter configurations for all models 
are detailed in the Supplementary Material Appendix F. The perfor-
mance of these models is evaluated against the baseline, where the 
baseline RTT is defined as the difference between the captain-provided 
ETA broadcast and the actual port-entry time (see Section 4.4). This 
provides a benchmark for assessing whether the models improve upon 
the real-time ETA information available to operators in practice.

We assessed the regression model performance using Root Mean 
Squared Error (RMSE), Mean Absolute Error (MAE), Mean Absolute 
Devation (MAD) and the Coefficient of Determination (𝑅2). We eval-
uated the classification models using accuracy, precision, and recall 
to measure how effectively they categorized vessel arrivals within 
defined time intervals. To quantify uncertainty in the performance 
metrics, we applied a bootstrapping procedure resampling the test set 
with replacement (𝑛 = 2000) to compute mean values and standard 
deviations for the regression error metrics. To further assess whether 
observed differences between models were statistically significant, we 
performed pairwise non-parametric Wilcoxon signed-rank tests on the 
paired error distributions for each metric (𝑝 < 0.05). To account for 
multiple comparisons, Holm-Bonferroni correction was applied.

In addition to performance evaluation, we conducted a permutation 
importance analysis to assess the relative influence of the selected 
features. This approach measures the increase in prediction error (MAE) 
when the values of a single feature are randomly permuted, thereby 
quantifying its contribution to model performance.
Runtimes and scalability. To analyze computational trade-offs between 
models, we benchmarked training and inference at increasing training 
sizes, using the compressed dataset fixed at 𝜖 = 0.1 and 𝐷 = 220. We 
computed the training time (wall-clock time for model fitting on each 
training subset) and batch inference time (time to predict the full test 
set in a single call) from which we derive the throughput (samples/s).
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Fig. 3. Visualization of the waypoint extraction methodology applied to the Antwerp - Rotterdam route. The s-AIS trajectories illustrate the variability in paths 
taken by vessels. The computed mean trajectory represents a generalized path for the route based on the observed trajectories. Extracted waypoints (green triangles) 
are extracted using the RDP algorithm to compress the mean trajectory. Additional waypoints (yellow triangles) are inserted to make sure that the distance 
between consecutive waypoints does not exceed a predefined threshold 𝐷 aligning with operational requirements for regular ETA updates.  (For interpretation 
of the references to color in this figure legend, the reader is referred to the web version of this article.)
We evaluated scaling at training fractions (0.05, 0.10, 0.25, 0.50, 1.00). 
Each experiment was repeated three times to mitigate system variabil-
ity. Predictive performance metrics are reported on the test set with 
95% bootstrap confidence intervals. This design allows us to investigate 
the cost of periodic retraining (training time scaling) from the demands 
of real-time decision support (inference throughput).

4.6. Computational resources

We conducted all experiments on a Windows laptop with a 12th 
Generation Intel® CoreTM i7-12800H processor, operating at 2400 MHz 
with 14 cores. We computed the results using Python 3.11 with a x64 
GCC C/C++ compiler to improve processing speed.

5. Results

In this section, we present an evaluation and performance analysis 
of the models used to predict a vessel’s next destination and ETA.

5.1. Destination prediction

During the study period, vessels visited an average of 61 ports, with 
the number of ports per vessel ranging from 38 to 95. As shown in 
Fig.  4 and Supplementary Material Appendix G, the performance of 
𝑛-order Markov models (𝑛 = 1, 2,… , 10) improves progressively with 
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larger 𝑛, both in terms of mean accuracy and reduced variability. The 
baseline model, which indicates the AIS-declared destination, achieves 
a mean accuracy of 53.48% (std: 11.71%). Incorporating historical data 
from the two most recent ports (𝑛 = 2) increases the mean accuracy to 
89.34% (std: 3.86%), reflecting a significant improvement of 67.05% 
over the baseline. By leveraging a history of up to 10 ports (𝑛 = 10), the 
model achieves a near-perfect mean accuracy of 99.00% (std: 1.19%), 
marking an 85.12% improvement over the baseline.

Each successive increase in 𝑛 demonstrates a statistically significant 
improvement over the preceding model, as shown by paired t-tests 
with a 𝑝-value < 0.05. Despite the high overall accuracy, vessel-specific 
behavior and route patterns still affect prediction performance.

5.2. ETA prediction

Table  3 summarizes the regression outcomes for ETA prediction, 
comparing the ML models to the baseline. The baseline demonstrates 
poor performance, with an RMSE of 159.36 h, an MAE of 22.15 h, and 
an 𝑅2 value of 0.28. The relatively low MAD of 3.17 h indicates that 
predictions are typically near the median ETA, though outliers signif-
icantly affect the overall performance of the baseline. All ML models 
outperform the baseline’s results. Particularly, QR and SVR yield the 
most favorable outcomes, with RMSE values around 27 h, an MAE of 
16 h, and an 𝑅2 of 0.96, reflecting both high precision and explana-
tory power. Meanwhile, RF, XGBoost, and LightGBM also demonstrate 
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Fig. 4. Performance comparison of 𝑛-Order Markov Models and the baseline approach for vessel destination prediction: accuracy and variability.
Table 3
Overall performance metrics for ETA prediction models with their standard 
deviations between brackets.
 Model RMSE (h) MAE (h) MAD (h) 𝑅2  
 Baseline 159.36 22.15 3.17 0.28  
 Quantile Regressiona 27.02 (0.89) 16.56 (0.50) 8.14 (0.30) 0.96 (2e−3) 
 SVRa 27.15 (1.04) 16.01 (0.51) 7.61 (0.30) 0.96 (2e−3) 
 Random Forestb 40.30 (1.75) 23.36 (0.77) 10.44 (0.38) 0.92 (8e−3) 
 XGBoostb 39.96 (1.64) 23.90 (0.74) 11.90 (0.42) 0.92 (1e−2) 
 LightGBMb 37.51 (2.13) 21.60 (0.74) 10.80 (0.37) 0.93 (9e−3) 
a,b Models with the same superscript letter are not significantly different. Group (a) 
performed significantly better than group (b) across all error metrics (Wilcoxon signed-
rank test with Holm-Bonferroni correction, 𝑝 < 0.05).

reliable performance, showing strong predictive capabilities, although 
slightly less accurate than QR and SVR. The pairwise Wilcoxon signed-
rank tests confirm that QR and SVR do not differ significantly from one 
another, but both perform significantly better than RF, XGBoost, and 
LightGBM across all metrics (𝑝 < 0.05). Furthermore, variability is the 
lowest for QR and SVR, indicating stable performance across resamples, 
while the ensemble models show wider error distributions.

An examination of errors shows notable variability in model per-
formance across different trajectories, with the size of errors heavily 
affected by both the length of the journey and the path complexity 
(see Supplementary Material Appendix H). Longer trips, such as those 
from Oakland to Busan and Savannah to Qingdao, display increased 
error variability, with deviations exceeding 300 h early in the journey. 
This greater dispersion might sometimes be attributed to vessel captains 
delaying updates to the initial ETA. Nevertheless, this pattern does not 
hold consistently for all trajectories, as the baseline ETA often yields 
accurate forecasts, especially on shorter, less complex paths. For shorter 
routes, such as Savannah to Charleston, there is a marked reduction 
in error variability with more consistent predictions across different 
models. In particular, the baseline model shows superior performance, 
frequently outperforming the SVR model, especially during the later 
stages of the trajectory where error variance tends to stabilize.

When the outcomes of the regression analysis are mapped to a clas-
sification problem, a distinct shift in performance is observed between 
the best-performing ML model and the baseline ETA. The SVR model 
demonstrates superior predictive accuracy compared to the baseline up 
to roughly 74.82 h prior to arrival, indicating enhanced performance 
in the earlier phases of a vessel’s journey (see Fig.  5). However, in the 
final three days leading up to arrival, the baseline ETA outperforms all 
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prediction models, showing an improvement in accuracy as the vessels 
near their destination. For a summary of all classification performance 
results, see Supplementary Material Appendix I.

5.3. Sensitivity analysis

The sensitivity analysis demonstrates a systematic relationship be-
tween the compression parameters and the resulting dataset size. Both 
the RDP tolerance 𝜖 and the maximum waypoint distance 𝐷 influence 
compression, but their effects differ in magnitude. The tolerance pa-
rameter is the dominant factor; increasing 𝜖 from 0.001 to 0.5 raises the 
compression rate from roughly 65%–75% to more than 99%, effectively 
reducing the dataset from nearly 400k points to fewer than 10k. By con-
trast, changes in 𝐷 primarily fine-tune the compression achieved at a 
fixed 𝜖 with larger distances consistently leading to smaller compressed 
datasets.

Fig.  6 illustrates that compression increases almost monotonically 
with 𝜖 accross all 𝐷 values. Furthermore, extreme parameter combi-
nations (𝜖 = 0.5, 𝐷 = 220 eliminates most of the data, whereas strict 
tolerances retain a much larger fraction of points. Since the choice of 
compression parameters directly determines the size of the dataset, it 
also has important consequences for model scalability, as training and 
inference runtimes increase with the number of data points.

5.4. Runtimes & scalability

All models improve as the training fraction increases, but the shape 
of the gains differs (see Fig.  7). SVR shows the most pronounced 
and consistent reductions in error with more data and achieves the 
best performance across all metrics at the largest fractions. QR is 
already competitive at small fractions and changes comparatively little 
as data increases, indicating early stability. XGBoost, LightGBM and RF 
improve steadily from small to moderate fractions. For 𝑅2, SVR and 
QR reach higher levels at larger fractions, while the tree-based models 
continue to climb with additional data but remain at comparatively 
lower levels; variability across splits is modest at larger fractions for 
all models.

Training time increased with dataset size for all models, though the 
rate of increase varied significantly (see Fig.  8). SVR and QR scaled the 
steepest, requiring substantially longer training times as the fraction 
grew. XGBoost, LightGBM and RF trained fastest, with training times 
remaining comparatively low even at the largest fraction. Inference 
throughput remained stable across training fractions for all models 
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Fig. 5. Accuracy comparison between the baseline ETA and the best ML model across different time-segments before arrival.
Fig. 6. Compression rate (%) and resulting dataset size (×103 samples) for different settings of the RDP tolerance (𝜖) and maximum waypoint distance (𝐷).
except SVR, indicating that inference cost is not strongly dependent on 
training set size for these models. For SVR, the inference throughput 
also increased as the training size increased.

5.5. Model interpretability

Fig.  9 presents the permutation importance plots for the prediction 
models. Across all models, voyage progress variables are the most 
influential. In particular, mean_distance_route_imo and cumulative_dis-
tance consistently show the largest increase in MAE when permuted, 
confirming that spatial progress along the route is the strongest deter-
minant of ETA accuracy. A secondary cluster of predictors, including
mean_lon_arrival and longitude (lon), also accounted for a noticeable 
share of predictive power, while draught and speed over ground (SOG)
contributed at a smaller scale.

Model families differ in how broadly they distributed importance. 
Ensemble methods (RF, XGBoost, LightGBM) attributed weight to a 
wider set of contextual features, including cumulative_travel_time as 
well as vessel characteristics such as draught and SOG. QR and SVR 
relied almost exclusively on distance-based variables, with QR showing 
the sharpest concentration on route progress. This contrast highlights 
complementary strategies: ensembles emphasize broader operational 
context, while regression-based models emphasize stable predictive 
signals from spatial progress.

6. Conclusion and future work

6.1. Interpretation of the results

This study successfully validates the effectiveness of ML techniques, 
particularly SVR and QR, in improving the reliability and accuracy of 
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vessel ETA predictions using historical s-AIS data. The results demon-
strate that ML models excel in predicting ETAs in early-voyage pre-
dictions, while the baseline ETA, benefiting from frequent manual 
updates, becomes increasingly reliable as vessels near their destina-
tions. This pattern is further supported by the classification results, 
where ML models outperform the baseline up to 75 h before arrival, 
while the baseline ETA dominates in the final three days of a voy-
age. This three-day threshold is particularly insightful as it aligns with 
the common maritime practice where vessel captains provide their 
final, high-accuracy ETA to port authorities approximately 72 h before 
arrival. In this sense, this crossover point should be interpreted as 
an overall pattern rather than a universal threshold. For instance, in 
the Savannah-Charleston case presented in the supplementary mate-
rial, no crossover occurs: baseline captain-provided ETAs outperform 
SVR predictions throughout the full voyage, illustrating that threshold 
dynamics may depend on specific operational settings. Regional or 
seasonal operating conditions could likewise affect threshold behavior.

This implies that our models’ primary operational advantage is 
for strategic, long-range planning. For supply chain managers, cargo 
owners, and logistics planners, receiving a more accurate ETA forecast 
weeks in advance is critical for optimizing downstream operations, 
managing inventory, and arranging hinterland transportation. The find-
ings highlight the complementary strengths of both approaches and 
suggest opportunities for hybrid modeling frameworks to optimize 
predictions across different voyage phases. A practical implementation 
of such a hybrid framework could follow a simple rule-based strategy 
driven by the predicted RTT. For horizons beyond ∼75 h, the system 
would present the ML forecast. For horizons below ∼75 h, it would 
defer to the captain’s ETA; and within an overlap band (e.g., 72–84 h), 
a smooth blending of the two could prevent abrupt switching. To illus-
trate, the following pseudo-logic (Algorithm 1) sketches how this could 
be operationalized in a Decision Support System (DSS). In practice, such 
a system should also apply temporal smoothing to reduce fluctuations 
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Fig. 7. Predictive performance metrics (RMSE, MAE, 𝑅2, MAD) with bootstrapped 95% confidence intervals as a function of training set size.
Fig. 8. Training time (left) and inference throughput (right, log scale) of all models as a function of training set size.
from small forecast updates, attach uncertainty bands so users can 
judge the reliability of each estimate, and trigger alerts when large 
deviations occur. These measures ensure that hybrid forecasts are more 
stable, interpretable, and actionable for planners.

The sensitivity analysis shows how the choice of compression pa-
rameters directly shapes dataset size and, consequently, computational 
11 
demands. Higher tolerance values yield dramatic reductions in trajec-
tory points, easing storage and processing requirements but at the risk 
of discarding relevant detail. In operational terms, this means that com-
pression settings must be chosen to balance efficiency with predictive 
fidelity: overly strict compression inflates runtimes unnecessarily, while 
overly aggressive compression may undermine model accuracy. These 
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(a) LightGBM.

  
(b) Random Forest.

 

 
(c) XGBoost.

  
(d) Quantile Regression.

 

 
(e) Support Vector Regression.

 

Fig. 9. Permutation importance plots for the prediction models.
trade-offs connect directly to the scalability results, where dataset size 
proved a key driver of training and inference costs.

The runtime and scalability experiments highlight a trade-off be-
tween predictive accuracy and computational efficiency with direct im-
plications for industry practice. SVR achieved the strongest predictive 
performance but at the cost of substantially longer training and slower 
inference. This makes high-accuracy models such as SVR and QR more 
suitable for periodic offline retraining or scenarios where precision out-
weighs latency. In contrast, boosted-tree models offer fast predictions at 
scale, making them well suited for real-time decision-support systems 
where sacrifices in accuracy are acceptable.

When contextualizing our findings, a direct numerical comparison 
of performance metrics with prior studies is challenging due to varia-
tions in datasets, geographical scope, and vessel types. However, the 
performance of our best models is competitive to for example Parolas 
(2016) whose SVR was the top-performing model for predicting the 
ETA for ships, including container vessels, on global routes. Addition-
ally, the use of high-order Markov chains for destination prediction 
achieves near-perfect accuracy, aligning with prior research (Lechten-
berg et al., 2019) and reinforcing the reliability of sequential models 
12 
in identifying destination ports. The analysis of the dataset reveals 
consistent patterns across the international routes sailed by the studied 
cargo vessels, providing insights into recurring shipping behaviors and 
contributing to the improvement of s-AIS data quality.

A likely explanation for the consistently stronger performance of 
SVR and QR relates to the specific nature of the RTT target variable. 
Reported ETAs and s-AIS records contain noise from manual report-
ing, and further variability stems from unobserved influences such as 
weather, port congestion, and routing practices. Because a portion of 
the RTT variance cannot be explained by the available features, en-
semble models are prone to fitting residual noise. In contrast, SVR ben-
efits from the robustness provided by kernel regularization (Xu et al., 
2009), while QR is resilient to heteroskedasticity and outliers (Zhao 
et al., 2015). These robustness properties might explain why SVR 
and QR delivered superior and more stable performance compared 
to the ensemble models. The interpretability analysis reinforces this 
view: models that concentrate on voyage progress appear less exposed 
to noisy or weakly informative signals, while ensembles distribute 
importance across a broader feature set, some of which may capture 
residual noise. This distinction has practical relevance: regression-based 
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Algorithm 1: Hybrid ETA forecast selection combining ML pre-
dictions and broadcasted captain ETAs. Here, 𝐸𝑇𝐴𝑀𝐿 is derived 
from 𝑅𝑇𝑇𝑀𝐿 as 𝑡𝑛𝑜𝑤 + 𝑅𝑇𝑇𝑀𝐿. The linear weight 𝑤 ensures a 
smooth transition in the overlap window (e.g., 72–84 h). While a 
simple linear rule is shown here, more adaptive strategies could 
assign weights dynamically based on factors such as voyage 
duration, vessel type, or route complexity.

Input: ML-predicted ETA (𝐸𝑇𝐴𝑀𝐿), Broadcasted captain ETA 
(𝐸𝑇𝐴𝐶𝐴𝑃 )

Output: Published ETA forecast
if captain ETA is invalid then

publish ← 𝐸𝑇𝐴𝑀𝐿
end 
else if 𝐸𝑇𝐴𝐶𝐴𝑃 − 𝑡𝑛𝑜𝑤 ≤ 72 h then

publish ← 𝐸𝑇𝐴𝐶𝐴𝑃
end 
else if 𝑅𝑇𝑇𝑀𝐿 ≥ 84 h then

publish ← 𝐸𝑇𝐴𝑀𝐿
end 
else

Compute weight 𝑤 =
𝑅𝑇𝑇𝑀𝐿 − 72

12
// Linear 

transition between 72 h-84 h
publish ← 𝑤 ⋅ 𝐸𝑇𝐴𝑀𝐿 + (1 −𝑤) ⋅ 𝐸𝑇𝐴𝐶𝐴𝑃

end 

models may be more reliable in settings where data quality is un-
even, whereas ensembles could offer advantages when richer and more 
reliable operational features are available.

This research extends the current body of literature by addressing 
the full prediction pipeline, from raw s-AIS data processing to action-
able insights, in contrast to prior studies that primarily focused on 
isolated components such as waypoint detection (Altan et al., 2023; 
Lee et al., 2022) or model optimization (Yoon et al., 2023). While 
our evaluation metrics focus on accuracy, overall s-AIS data reliabil-
ity is improved by developing a pipeline that mitigates issues from 
inconsistent s-AIS data streams, such as high volumes of missing des-
tination entries. The waypoint detection method developed in this 
study enables the creation of efficient, streamlined datasets that retain 
practical applicability for industry implementation. Furthermore, this 
study’s global scope - spanning both short-haul regional and long-
haul international routes - distinguishes it from regionally focused 
works (Li et al., 2023; Zhang et al., 2020), offering broader insights into 
shipping behavior and operational complexities. Finally, the integration 
of classification predictions alongside the regression approach adds a 
layer of operational utility, facilitating the development of practical 
tools for port resource allocation and voyage planning, an area less 
frequently explored in maritime literature.

6.2. Strengths and limitations

There are several strengths and limitations to mention. A key 
strength of this study lies in its end-to-end approach, which generates 
predictive outputs that can support operational decisions in maritime 
logistics and serve as components of a broader decision support system. 
The waypoint detection method represents an advancement, facil-
itating efficient trajectory simplification while preserving essential 
navigational information. This method ensures that the dataset remains 
manageable for computational modeling, making the approach suit-
able for real-world implementation where data efficiency is critical. 
Another notable strength is the ability of the proposed models to 
capture patterns across diverse international routes represented in the 
dataset, supporting their applicability beyond purely local contexts and 
indicating potential for broader generalization.
13 
Several limitations must be acknowledged. First, the generalizabil-
ity of the ETA prediction models could be further improved through 
validation on larger and more heterogeneous datasets. The current 
study is based on a sample of 43 container vessels, which, while 
demonstrating consistent route patterns, may not capture the full spec-
trum of operational variability. Applying the models to a more diverse 
fleet, including different vessel types (e.g., tankers, bulk carriers) or 
carriers with less regular schedules, would be essential for confirming 
their broader applicability. A further limitation concerns the Markov 
chain approach and its reliance on sufficient historical recurrence of 
port sequences. While the regularity of liner shipping networks in our 
dataset mitigated sparsity and allowed high-order chains to perform 
robustly, this strength may not generalize to smaller fleets or more 
irregular services. In such cases, higher-order models risk overfitting 
by effectively memorizing rare sequences. Second, local factors such 
as port-specific congestion or weather conditions were not explicitly 
modeled, potentially limiting the precision of the predictions in highly 
localized settings. Addressing these limitations will help refine the 
framework and improve its practical utility in real-world maritime 
operations. Despite these limitations, this study lays a strong foundation 
for future research.

6.3. Future directions

Future research could focus on several key areas. One promising 
direction is exploring the graph structure of global maritime networks. 
This approach can uncover both local and global shipping patterns, 
providing insights into maritime route connectivity, bottlenecks, and 
vulnerabilities in the global supply chain infrastructure. Another prior-
ity is validating models on larger, more diverse datasets. Expanding 
the dataset scope to include under-documented routes, newly con-
structed ports, and vessels with limited historical trajectories would 
improve model robustness and adaptability. Future work could there-
fore also explore smoothing and variable-order strategies to ensure 
broader applicability of the Markov model beyond highly structured 
liner networks.

Future work could investigate methods to strengthen trajectory 
representation, including interpolation-based reconstruction, trajectory 
repairing, and denoising techniques that enhance AIS data quality 
prior to prediction. Generative AI approaches, such as autoencoders 
and diffusion models, offer additional potential to advance trajectory 
modeling, supporting more robust forecasting and anomaly detection 
under noisy or incomplete s-AIS data.

Hybrid models that integrate ML predictions with real-time captain 
updates could optimize ETA accuracy across all voyage stages. While 
Algorithm 1 provides a basic sketch of how a hybrid ETA framework 
could be operationalized, its implementation and validation in real-
world DSS settings remain to be developed. Future work could focus 
on extending this rule-based prototype into a fully operational system, 
exploring adaptive weighting strategies and integration with industry 
workflows.

Refining waypoint detection by optimizing the epsilon parameter 
could balance trajectory simplification and data retention. Destination 
prediction could be refined by incorporating real-time features like 
vessel heading and speed at departure, especially for multi-destination 
voyages.

Another promising avenue is integrating ETA predictions within 
multi-modal transport networks. Accurate and timely ETA estimates 
can facilitate coordinated scheduling of cargo transfers across maritime, 
rail, and road transport. Finally, future work may prioritize improving 
supply chain visibility by focusing on tracking containerized cargo inde-
pendently of the vessel, as improved container tracking can streamline 
transshipment operations.
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