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Route-Aware Detection of Ship Collision Avoidance Manoeuvres via

Change Point Analysis with Intention Inference

Abstract: Reliable and human-consistent collision avoidance is essential for Maritime Autonomous
Surface Ships (MASS) operating in mixed traffic environments. A key challenge is the extraction of
representative critical encounter scenarios from real-world data without relying on predefined risk
thresholds or expert-driven rules. This study proposes a data-driven, route-aware framework for detecting
ship collision avoidance behaviours and extracting the critical encounter scenarios in which such
behaviours occur. The framework comprises three components. First, ship motion patterns are analysed
to characterise normal route-following behaviour, enabling collision avoidance behaviour to be
distinguished from routine navigation. Second, a unified cost function is formulated to jointly evaluate
multiple kinematic features while explicitly incorporating planned route information, enabling separation
of route-following course changes from potential avoidance actions. Change Point Detection (CPD)
method is then applied to identify behavioural transitions and segment ship trajectories into candidate
collision avoidance manoeuvres. Third, an intention-informed encounter identification approach is
introduced, where avoidance intent is inferred by comparing observed trajectories with virtual route-
following trajectories. This enables confirmation of true collision avoidance behaviour and extraction of
the associated critical encounter scenarios. The proposed method is validated using Automatic
Identification System (AIS) data from the high-traffic @resund region, including the Helsingor-
Helsingborg ferry corridor. Results on a labelled dataset show strong performance, achieving an F1-score
of 0.8203 and 0.7443 in behaviour identification and encounter extraction, respectively. The findings
demonstrate that the framework can robustly identify avoidance manoeuvres and capture critical
encounters. Moreover, the proposed behaviour identification method is further applied in various
navigational environments to verify its generalisation. The proposed critical encounter extraction
framework provides empirically grounded insights into MASS development and testing, maritime
situational awareness enhancement, and traffic management.

Keywords: Collision Avoidance Behaviour, Critical Encounter, AIS data mining, Maritime Autonomous

Surface Ships, Change Point Detection.

1. Introduction
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The rapid development of smart shipping and Maritime Autonomous Surface Ships (MASS) is
driving maritime transportation towards increasingly intelligent and autonomous navigation systems (Li
and Yang, 2023; Wang et al., 2024b). However, safe navigation in dense traffic environments remains a
critical challenge, as ship collisions can lead to severe human casualties, economic losses, and
environmental damage (Feng and Yang, 2026; Guedes Soares and Teixeira, 2001; Yip, 2008). In the
foreseeable future, conventional and autonomous ships are expected to coexist in mixed traffic
environments. In such environments, autonomous systems need to anticipate and respond to human
manoeuvres in a manner consistent with the navigators’ intent and practice (Negenborn et al., 2023).
Therefore, extracting real-world collision avoidance behaviour from ship trajectories can provide
empirical evidence of human navigational interaction behaviour and latent traffic conflict, supporting
both MASS development and proactive maritime traffic safety management.

The Automatic Identification System (AIS) data provides large-scale records of ship kinematics and
voyage information, including ship dimensions, position, speed, and course, which enables trajectory-
based analysis of real-world navigation (Yang et al., 2019). Building on AIS data, a growing body of
research has extracted high-level navigational knowledge to support maritime traffic analysis and
management, including ship trajectory prediction (Gong et al., 2025; Li et al., 2023; Rong et al., 2019),
traffic flow prediction (Chen et al., 2026; Liang et al., 2022; Yuan et al., 2025), traffic pattern extraction
(Li et al., 2022; Rong et al., 2022a; Xiao et al., 2019), and abnormal behaviour detection (Liang et al.,
2024; Qi et al., 2025; Rong et al., 2024). These studies have provided important support for maritime
situational awareness, traffic organisation, and safety monitoring. However, many of them primarily
characterise general ship movement patterns or deviations from normal navigation, while the interaction
process through which ships resolve potential conflicts remains less explicitly represented. Collision
avoidance behaviour differs from general motion patterns because it is triggered by ship-to-ship
interactions and reflects how a ship deviates from routine navigation, responds to surrounding ships, and
recovers after the conflict has been resolved. Therefore, extracting collision avoidance behaviour from
ship trajectories requires not only detecting manoeuvring changes, but also linking these changes to the
corresponding ship-to-ship interaction.

In maritime traffic systems, many potentially dangerous ship interactions do not develop into
accidents because they are resolved by timely collision avoidance manoeuvres. These successfully
resolved conflicts are usually hidden in historical ship trajectories, but they contain important information
about where traffic conflicts occur, how ships respond, and which interaction patterns repeatedly
challenge navigational safety (Rong et al., 2022a; Xin et al., 2023). Therefore, this study focuses on
critical encounter scenarios, defined as ship encounters in which at least one ship conducts an observable
collision avoidance manoeuvre during the approaching phase. Existing methods usually identify critical

encounters using collision risk indicators (Zhang et al., 2021). Although these methods are useful for
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detecting potentially risky ship pairs, they do not always verify whether an observed manoeuvre is
actually related to collision avoidance, nor do they sufficiently distinguish avoidance-induced
manoeuvres from route-following course alterations in structured waterways. As a result, it remains
challenging to precisely extract collision avoidance behaviours from ship trajectories and construct
behaviourally meaningful critical encounter scenarios for MASS testing, waterway risk analysis, and
proactive traffic management.

To address these limitations, this paper proposes a route-aware and intention-informed framework
for extracting collision avoidance behaviour and the associated critical encounter scenarios from ship
trajectories. The novelty of this study does not lie in the general analysis of ship collision avoidance
behaviour, but in the precise extraction of such behaviour from ship trajectories where avoidance
manoeuvres are sparse, interaction-driven, and often mixed with route-following movements. The main
contributions are threefold:

(1) A behaviour-grounded framework is proposed for extracting critical encounter scenarios from
ship trajectories. Rather than identifying critical encounters only through geometric proximity, collision
risk indicators, or predefined thresholds, the proposed framework first extracts observable collision
avoidance behaviour from ship trajectories and then constructs the associated critical encounter scenarios.
This allows the extracted scenarios to preserve empirical ship-to-ship interaction information and
provides behaviour-based evidence of latent traffic conflicts.

(2) A route-aware method is developed for the precise extraction of collision avoidance behaviour.
The method identifies the complete manoeuvring process of collision avoidance behaviour from ship
trajectories, including deviation, recovery, and stabilisation. By incorporating planned-route information
as a behavioural baseline, the method distinguishes potential avoidance manoeuvres from routine route-
following course alterations, improving the reliability of collision avoidance behaviour extraction in
structured waterways.

(3) An intention-informed encounter extraction method is introduced to associate detected avoidance
behaviour with target ships. The method links observed manoeuvring behaviour to the surrounding ships
being avoided, so that the extracted critical encounters are not only risky in a geometric sense, but are
also associated with inferred avoidance intention. This supports the construction of behaviourally
meaningful critical encounter scenarios for MASS testing, waterway risk analysis, and proactive maritime
traffic management.

The remainder of this paper is organised as follows. Section 2 reviews the existing literature on ship
collision avoidance behaviour analysis and critical encounter scenario extraction, and identifies the main
research gaps addressed in this study. Section 3 presents the proposed methodology, including the
collision avoidance behaviour detection framework, the Change Point Detection (CPD) process, and the

intent-based critical scenario extraction method. In Section 4, the experimental settings and the main
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results of behaviour detection and scenario extraction, and characterisation of the behaviour revealed by
the extracted scenarios are reported. Section 5 discusses the implications of the findings and the
limitations of the proposed framework. Finally, Section 6 summarises the main conclusions of the study

and outlines directions for future research.

2. Literature review

This section reviews the literature from two closely related perspectives. The first perspective
concerns ship trajectory analysis for maritime traffic knowledge extraction, which focuses on identifying
regular navigation patterns and traffic dynamics from ship trajectories. These studies provide important
knowledge about routine ship movements and route-following behaviour, forming the basis for
distinguishing normal navigation from interaction-induced manoeuvres. The second perspective concerns
critical encounter extraction, which focuses on identifying safety-critical ship-to-ship interactions and
collision avoidance behaviours. This stream of research is directly related to the construction of
behaviourally meaningful encounter scenarios and the interpretation of how ships respond to potential

conflict.

2.1. Ship motion pattern analysis

Ship trajectories provide an important data source for extracting high-level maritime traffic
knowledge about routine ship movements, supporting applications such as trajectory prediction and route
planning. Merchant ships usually navigate along relatively stable routes shaped by navigational safety,
transport efficiency, and operational economy (Yan et al., 2020). These regular routes form the basic
structure of maritime traffic and have been widely studied through ship trajectory analysis. Machine
learning methods are commonly used to extract ship movement patterns from historical trajectories. For
example, Rong et al. (2022a) applied Ordering Points To Identify the Clustering Structure (OPTICS)
clustering, Gaussian process, and graph theory methods to extract ship movement patterns and support
maritime traffic prediction. Zhang et al. (2021) incorporated both static voyage features and dynamic
navigation features, using K-means to cluster trajectories according to origin-destination pairs and voyage
length, followed by Density-Based Spatial Clustering of Applications with Noise (DBSCAN) to
distinguish trajectories with different movement characteristics. Overall, existing studies show that
similarity measurement, feature extraction, and clustering methods can effectively reveal regular route
structure and route-following behaviour from historical ship trajectories.

Existing route and traffic pattern extraction studies have used the extracted route information in
different maritime applications. For ship route planning, Li and Yang (2023) incorporated AIS data-based
machine learning into unsupervised route planning for MASS. Historical AIS trajectories of manned ships

were used to extract ship motion patterns, which were then transformed into route planning references



through trajectory similarity measurement and clustering. Based on the extracted patterns, representative
routes were generated for different ship types, including cargo ships, tankers, and container ships. For
abnormal behaviour detection, Rong et al. (2024) proposed a framework for detecting and classifying
ship abnormal behaviours using AIS data. Historical trajectories were first used to extract traffic motion
patterns and construct route-based normalcy models. Ship abnormal behaviour was then detected by
identifying deviations from these normal route-based motion patterns, and abnormal behaviour types were
further classified using extracted motion features and a Random Forest classifier. For ship trajectory
prediction, Li et al. (2024b) developed a Deep Bi-Directional Information-Empowered (DBDIE) model
that integrates the Bi-directional Long Short-Term Memory (Bi-LSTM), the Bi-directional Gated
Recurrent Unit (Bi-GRU), and an attention mechanism to predict ship trajectories from historical AIS
data. These studies show that route information has been widely used to describe dominant navigation
patterns and support data-driven maritime transportation analysis. However, maritime traffic systems are
not only characterised by routine route-following movements, but also by ship-to-ship interactions
through which potential conflicts are resolved. Existing trajectory-based studies mainly focus on
extracting regular routes, modelling normal traffic patterns, supporting route planning, or predicting
future ship movements. Relatively limited attention has been paid to how route information can be used
to interpret interaction-driven manoeuvring behaviour. Therefore, for collision avoidance behaviour
extraction, route information should not only be regarded as a representation of routine navigation, but
also as a behavioural reference for distinguishing expected route-following movement from avoidance-

induced manoeuvres.

2.2. Critical encounter extraction

Compared with general route and motion pattern analysis, critical encounter extraction focuses on
identifying safety-critical ship-to-ship interactions. Critical encounter extraction has commonly been
conducted using two types of criteria: ship-domain-based methods and collision-risk-indicator-based
methods. Ship-domain-based methods define a safety area around a ship and identify critical encounters
when another ship intrudes into or overlaps with this area (Szlapczynski and Szlapczynska, 2017). Based
on this idea, previous studies have used different ship domain models to assess collision risk, detect near-
collision events, and support collision-avoidance route planning (Fiskin et al., 2021; Goerlandt et al., 2012;
Qu et al., 2011). Another widely used approach is to identify critical encounters through collision risk
indicators, such as relative distance, relative speed, Distance to Closest Point of Approach (DCPA), Time
to Closest Point of Approach (TCPA), relative bearing, and ship-domain violation. These indicators have
been used to monitor collision risk, rank vessel conflicts, identify near-collision scenarios, and map
collision-risk hotspots from historical ship trajectories (Mou et al., 2010; Yu et al., 2025; Zhang et al.,
2024; Zhang et al., 2015). Chen et al. (2018) developed a Time Discrete Non-linear Velocity Obstacle
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(TD-NLVO) method to identify potential collision candidates from historical ship trajectories. Zhao et al.
(2026) developed a collision risk assessment framework that preserves high-risk ship interactions in
congested waterways and predicts strategic ship responses during encounters. These studies provide
useful tools for screening potentially risky ship pairs. However, because criticality is mainly defined by
spatial proximity, domain intrusion, or risk thresholds, they do not always verify whether an observable
collision avoidance manoeuvre actually occurred.

To capture manoeuvring behaviours, several studies have proposed methods based on observable
course alterations. Rong et al. (2022b) employed a sliding window algorithm to identify collision
avoidance behaviours by analysing variations of the relative distance, Rate of Turn (ROT), and its
derivative in the sliding window. Zhang et al. (2023a) developed a two-stage collision avoidance
behaviour extraction algorithm, where the Douglas-Peucker (DP) algorithm was first used to identify
steering points, and ROT was then used to detect avoidance behaviours. These studies move beyond risk
indicators by incorporating observable manoeuvring behaviour. However, their behaviour detection
mainly relies on course alterations in fixed windows. Such designs may not fully capture the complete
evolution pattern of collision avoidance behaviour, and short-term course fluctuations may be
misidentified as avoidance actions. Although the above studies incorporate manoeuvring behaviours into
critical encounter extraction, they mainly focus on detecting course alterations or turning features, while
the avoidance intention behind these manoeuvres remains insufficiently explored. Some recent studies
have further attempted to interpret collision avoidance intention and ship-to-ship interaction patterns from
observed manoeuvring behaviour (Jia et al., 2022; Zhang et al., 2024). These studies provide useful
insights into how ships interact during encounter situations. However, their focus remains mainly on
describing encounter dynamics, rather than constructing behaviour-based critical encounter scenarios that
explain how potential traffic conflicts are actually resolved. In particular, the link between manoeuvring
behaviour, avoidance intention, and the specific target ship involved in the interaction remains
insufficiently established. Based on the above literature review, Table 1 compares the related studies from
four dimensions: ship motion pattern modelling, ship-to-ship interaction extraction, manoeuvring
behaviour identification, and avoidance intention analysis. These dimensions represent the main
information needed to extract collision avoidance behaviour from ship trajectories. The comparison
shows that existing studies have separately addressed regular traffic patterns, risky encounters,
manoeuvring changes, and avoidance intention. However, limited attention has been paid to integrating
these aspects within a unified framework for the precise extraction of collision avoidance behaviour from

ship trajectories in real maritime traffic.

Table 1. Limitations of reviewed literature.



Ship Ship-to-ship Manoeuvring Avoidance
Literature motion interaction behaviour intention Limitations
modelling  extraction  identification  analysis

Ship route patterns are widely used to

(Li and Yang, support route planning, abnormal behaviour
2023; Rong et R Iy e Iy detection, and trajectory  prediction.
al., 2024; Li et However, the importance of route
al., 2024b) information in  interpreting  collision

avoidance manoeuvres is overlooked.

These ship-domain-based methods identify

(Quetal,, 2011; potentially unsafe or domain-violation

Goeﬂan.dt ctal, 25 A 25 25 situations, but do not verify whether
2012; Fiskin et .. .
observable collision avoidance manoeuvres
al., 2021)
actually occurred.
(Mou et al.,
2010; Zhang et These risk-indicator-based methods can
al., 2015; Chen screen potential conflict states, but criticality
etal, 2018; Yu Fo A o R is mainly defined by risk thresholds or
et al.,2025; geometric  relationships  rather  than
Zhao et al., behaviourally verified avoidance actions.
2026)
These methods detect manoeuvring
(Rong et al behaviours by analysing the course alteration
g ” in fixed windows, but may not fully capture
2022b; Zhang et R A =4 25 h Luti £ collisi .
al., 2023a) the evolution pattern of collision avoidance
N behaviours and may misidentify short-term
fluctuations as avoidance actions.
The method links manoeuvring behaviour
with avoidance intention, but mainly relies
(Zhang et al., l% R R A on observed kinematic and angular changes,
2024) making the association between the
manoeuvre and the actually avoided target
ship insufficiently explicit.
The interaction primitives are learned from
neural network-based latent representations
(Jia et al., 2022) i R A A and clustering results, so their physical link

to explicit collision avoidance intention,
avoided target ships, and avoidance
strategies remains insufficiently clear.

The proposed framework integrates route-
following baseline modelling, CPD-based

R R R R manoeuvre  detection, and intention-
informed target-ship association to extract
behaviourally meaningful critical encounter
scenarios.

This study

Note: > indicates that the aspect is explicitly addressed; A indicates that the aspect is partially addressed;

[ indicates that the aspect is not considered.

2.3. Research gaps
Based on the above review, the following research gaps are identified, highlighting the need for a
route-aware and intention-informed framework that can support behaviour-grounded critical encounter

extraction for understanding latent traffic conflicts and real-world ship interaction patterns:



Gap 1: From the perspective of the Convention on the International Regulations for Preventing
Collisions at Sea (COLREGs) and maritime traffic safety, critical encounter scenarios should reflect ship-
to-ship interactions in which navigational responsibilities and avoidance actions are involved. However,
many existing encounter extraction methods identify critical scenarios mainly based on collision risk
indicators and observed course alterations. Although these methods can identify potentially risky ship
pairs, they do not always verify whether ship-to-ship interactions actually occurred. As a result, the
extracted scenarios may represent potential geometric conflicts rather than behaviourally verified
avoidance interactions, limiting their value for learning collision avoidance strategies and supporting
MASS testing.

Gap 2: Existing collision avoidance behaviour identification methods often rely on local kinematic
variations, such as course change, ROT, DCPA, or TCPA, within fixed or sliding windows. Such local-
window designs may not fully capture the complete deviation-recovery—stabilisation process of collision
avoidance behaviour. Moreover, without a planned-route baseline, routine route-following course
alterations in structured waterways may be confused with avoidance-induced manoeuvres, reducing the
reliability and temporal accuracy of behaviour identification.

Gap 3: Even when a manoeuvring segment is detected, it is not always clear whether the manoeuvre
was caused by ship-to-ship avoidance or which surrounding ship was being avoided. Existing methods
pay limited attention to the avoidance intention behind the observed trajectory change and the association
between the manoeuvre and specific target ships. This limits the ability to construct behaviourally
meaningful critical encounter scenarios that reveal not only when a ship manoeuvred, but also why it

manoeuvred and which ship interaction was involved.

3. Methodology

The proposed framework consists of three sequential modules, as illustrated in Fig. 1. First, historical
AIS data are pre-processed to extract representative ship motion patterns and corresponding route
centrelines, which characterise normal route-following behaviour. Second, a behaviour change detection
module is developed to identify candidate manoeuvres. A route-aware cost function is constructed to
capture the kinematic evolution of motion, and a CPD approach is applied to segment trajectories and
detect significant behavioural transitions. Third, an intention-informed method is introduced to extract
critical encounter scenarios by comparing observed manoeuvring trajectories with virtual route-following
references. This enables the identification of avoided target ships and the inference of navigators’

avoidance intent. Detailed descriptions of each module are provided in the following subsections.
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Fig. 1. Research Framework.

3.1. Ship motion pattern

Extracting representative ship motion patterns is essential for understanding the ship routine
behaviours. Considering that trajectory clustering is the primary method for revealing underlying motion
patterns, a clustering algorithm is employed to group trajectories with similar spatial behaviours into the
same cluster (Xin et al., 2025b). Then, the centreline of each trajectory cluster is extracted as the planned
route, which represents the spatial distribution of trajectories and serves as the behavioural baseline for
subsequent behaviour identification (Rong et al., 2020).

It should be noted that routine behaviours may vary across seasons due to recurrent seasonal changes
in navigation environments and operational practices. For example, in high-latitude waters, winter sea ice
may restrict navigable areas, concentrate traffic along ice-free channels or icebreaker-assisted fairways,
and lead to seasonal deviations from the general traffic centreline. In addition, seasonal changes in traffic
demand and operational activities, such as ferry schedules, fishing operations, tourism-related traffic, and
port service patterns, may alter the density and composition of traffic flows. Therefore, a single annual
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centreline may not fully represent normal route-following behaviour under all seasonal conditions. If such
season-relative variations are ignored, normal seasonal deviations from the general route may be
incorrectly interpreted as deviations from the planned route. Therefore, when evident seasonal route
differences exist, the planned route can be constructed as a season-aware route baseline within each
trajectory cluster.

3.1.1. Trajectory clustering

Trajectory clustering typically involves two key components: (1) defining an appropriate similarity
measure to capture differences among ship trajectories, and (2) selecting a clustering algorithm suited to
the considered features. AIS data may contain errors arising from data collection, transmission, or
reception errors, as well as temporal asynchronization problems. Pre-processing is necessary before
clustering, which includes data filtering, trajectory segmentation, and interpolation to reconstruct
complete and reliable trajectories suitable for subsequent analysis (Xin et al., 2025a; Zhang et al., 2021).

(1) Similarity measurement

The ship trajectories are time series of varying lengths, making it challenging to measure their
similarity directly using Euclidean distance (Yuan et al., 2017). Distance measurements such as the
Hausdorff distance (Wang et al., 2021), Longest Common Subsequence (LCSS) distance (Park et al.,
2021), and Dynamic Time Warping (DTW) distance (Li and Yang, 2023), have been widely adopted in
trajectory clustering to address this. However, directly computing these distances for all trajectory pairs
is inefficient for large-scale AIS datasets. In particular, DTW has a high computational cost when applied
to all pairs of trajectories. Moreover, a single spatial distance value may fail to capture voyage-level
information, such as origin, destination, and sailing direction. As a result, trajectories with similar spatial
locations but different Origin-Destination (OD) pairs may be incorrectly clustered.

To address these limitations, a two-stage clustering strategy is adopted. In the first stage, voyage-
level features, including origin, destination, and trajectory length, are used to conduct a first-stage
clustering of ship trajectories (Liang et al., 2025; Rong et al., 2024; Zhang et al., 2023b). This stage
separates trajectories with different OD characteristics and avoids unnecessary DTW calculations
between trajectories that clearly belong to different voyage patterns. In this way, OD information provides
an efficient prior for distinguishing major traffic flows and reducing the scale of the subsequent similarity
matrix of trajectories.

However, OD-based clustering is insufficient to identify detailed voyage patterns. Trajectories with
the same or similar OD pairs may still follow different spatial paths due to Traffic Separation Schemes
(TSSs), dredged channels, or local navigation constraints. Therefore, in the second stage, DTW is applied
only within each OD-based cluster to measure the detailed spatial similarity between trajectories. This
two-stage clustering strategy avoids unnecessary DTW calculations between trajectories with clearly

different voyage patterns. It also reduces the risk of incorrectly clustering trajectories that have different
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but similar OD characteristics, and preserves the ability of DTW to capture detailed trajectory shape
similarity.

(2) Clustering algorithm

Clustering algorithms for ship motion pattern extraction can be classified into four categories:
distance partition methods (e.g., K-Means (Zhang et al., 2020)), hierarchy methods (e.g., Balanced
Iterative Reducing and Clustering using Hierarchies-BIRCH (Yan et al., 2023)), density methods (e.g.,
Density-Based Spatial Clustering of Applications with Noise-DBSCAN (Zhang et al., 2025)), and
spectral clustering (Li and Yang, 2023). Distance partition and hierarchy methods are less suited to AIS
trajectory data due to their reliance on convex cluster assumptions and limited ability to handle noise.
Spectral clustering is computationally prohibitive for large-scale datasets. Density methods are therefore
adopted, as they can handle noise without prior assumptions on cluster number or geometry with rather
lower computational complexity.

OPTICS (Ankerst et al., 1999) is selected over DBSCAN as the reachability plot provides a
visualisation of the underlying density structure of the trajectory data, upon which an appropriate density
threshold is identified for the clustering process. This offers a more transparent and informed basis for
parameter selection than the direct threshold specification required by DBSCAN (Rong et al., 2022a).
The algorithm is detailed in Appendix A.

3.1.2. Centreline construction

The trajectory clusters are sets of trajectories with high similarity, involving abundant similar
trajectory information. Therefore, the centreline of each cluster is extracted to represent the planned route
in the cluster (Zhang et al., 2023b). Due to the inconsistency in trajectory lengths within the same cluster,
DTW is employed to establish the mapping relationship between trajectories, which can non-linearly warp
the path to minimise the distance between trajectories and align them (Li et al., 2022; Rong et al., 2019).
The DTW algorithm is detailed in Appendix B. Then, after aligning the trajectories in the same cluster,

the centreline is derived from the arithmetic mean of the aligned positions.

3.2. Ship behaviour identification

In this study, ship behaviours are classified into three types: candidate collision avoidance behaviour,
collision avoidance behaviour, and route-following behaviour. Their definitions are demonstrated as
follows:

Candidate Collision Avoidance Behaviour (CCAB). A trajectory segment exhibiting a distinct
deviation-recovery-stabilisation pattern relative to the planned route. Such segments are identified based
solely on kinematic characteristics and represent potential collision avoidance actions.

Collision Avoidance Behaviour (CAB). A subset of CCABs for which collision avoidance intention
is confirmed. This confirmation is established by identifying one or more target ships that the manoeuvre

11



is intended to avoid.

Route-following Behaviour (RB). A trajectory segment in which the ship continuously follows the
planned route, without exhibiting the deviation-recovery-stabilisation collision avoidance pattern.

As aforementioned, most existing ship CAB identification methods focus on variations in kinematic
features within fixed time windows. However, CAB is characterised by a clear evolution pattern, typically
comprising deviation, recovery, and stabilisation stages, which cannot be fully captured using a
predefined temporal scope. Accurate identification of CAB therefore requires an adaptive change
detection method that can adaptively adjust the time window to capture this evolution.

CPD provides a framework for identifying structural changes in time series based on pattern
differences, without relying on fixed time windows. In transportation research, CPD has been widely
adopted to identify behavioural or operational shifts in non-stationary systems. For example, Chen et al.
(2022) employed CPD to detect latent structural changes in the evolving spatiotemporal patterns of bike-
sharing demand, allowing long-term behavioural regime shifts to be distinguished from short-term
fluctuations. Pennetti et al. (2020) utilised CPD to identify critical operational thresholds where highway
travel time reliability rapidly degrades, providing a data-driven alternative to fixed capacity assumptions.
Bian et al. (2021) used CPD to determine the change points in road systems, mass transit, and
micromobility, quantifying policy lead and lag effects across different transportation systems. Cheng et
al. (2025) introduced a Bayesian online changepoint detection method to dynamically identify
changepoints in traffic flow observation sequences and explain the evolution of traffic state variations,
including traffic flow breakdown. These studies demonstrate that CPD is well suited for identifying
behavioural change points arising from structural pattern differences, which facilitates its application to
the identification of CAB with a distinct evolution pattern.

CPD methods typically consist of three key components: cost function, search method, and constraint.
The cost function quantifies the degree of homogeneity within a segment between two consecutive change
points, where a lower cost indicates a more consistent pattern and a higher cost suggests the coexistence
of multiple patterns. Based on the defined cost function, a search method is employed to determine both
the number and locations of change points by minimising the total cost across the entire time series. To
prevent over-segmentation, a constraint on the number of change points is introduced.

Fig. 2 illustrates the general workflow of a CPD method. Given an input time series, a search method
explores candidate segmentations by varying the number and locations of change points. For each
candidate segment, a cost function is computed to quantify within-segment homogeneity. The total cost
is obtained by summing the costs of all segments, and the optimal set of change points is determined by

minimising the global cost under a predefined constraint.
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Fig. 2. Workflow of the CPD method.
3.2.1. Cost function
The cost function is the core component of a CPD method, as it quantifies the homogeneity in the
evolution pattern within a segment. Ship trajectories may exhibit multiple behavioural modes, including
RB and CCAB, which are characterised by distinct evolutionary patterns. To distinguish between these
behaviours, behaviour-specific segment cost functions are constructed to capture their respective
evolution characteristics. The total cost function is expressed in Eq. (1):

Consider a ship trajectory of length n. Let the set of change points be defined as

0=ko<ky<-<kp<Km+1=MNwhere the j" segment is given by

Sj 2 Tipkppad = 0rMugnd T aw:pdenotes the AIS samples from index ato b.
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Each segment S;is associated with a behavioural label z; € B, where B = {CCAB,RB}. The total cost

1s then defined as:

FkATR) = 20m) ) €, (5,Rc,0) (1)
j=0

where Cccap(-)and Crp(-) denote the segment cost functions under the CCAB and RB patterns,
respectively, Rc¢,o, denotes the planned route corresponding to S, where ¢; is the trajectory cluster of
S; and o; is the sailing season associated with S;, A(m) is a penalty term that constrains the number
of change points.

The CPD problem is finally formulated as a joint optimisation over change point number and
locations, as well as behavioural labels:

(k*,z*) = arg min F(k,z|i7",7€) 2)
k,z

where (k*,z") denote the optimal change point configuration and behaviour labels that minimise the
total cost.

Considering that multiple features with different scales and magnitudes are required to characterise
the evolution patterns of CCAB and RB, feature normalisation is a necessary pre-processing step. For the
distance feature, since the trajectories usually contain a large number of route-following samples and a
small number of manoeuvring behaviours with pronounced deviations, using a manually selected
threshold may not provide a normalisation with clear physical meaning, especially when the deviation
distribution varies across waterways and trajectory clusters. To obtain a data-driven normalisation
boundary, a K-means clustering method is applied to the distances between trajectory points and their
corresponding planned route points within each trajectory cluster. The number of clusters is set to two,
with the aim of separating low-deviation and high-deviation clusters. The low-deviation cluster mainly
represents distances that are more consistent with normal route-following behaviour, while the high-
deviation regime represents more pronounced deviations from the planned route. Based on the boundary,
the distance normalisation is expressed in Eq. (3). In contrast, the course feature is inherently bounded

within the range [ —m,m]. Therefore, the course relative to planned courses is normalised as Eq. (4).

d;

di = KMeans(D¢) )
0,

;= — (4)
I

where d; and 6 represent the normalised distance and relative course between the it" trajectory point
and its corresponding planned route point, KMeans(D.) denotes the distance boundary between the

two clusters in cluster C and their associated planned route.
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Fig. 4 illustrates that a CCAB is composed of three successive stages: deviation, recovery and
stabilisation. During deviation, the ship departs from the planned route, leading to an increase in distance.
In the recovery stage, counter-turn manoeuvres guide the ship back toward the planned route, and the
distance decreases accordingly. After the ship returns to the planned route, course adjustments cause
limited fluctuations in distance. Therefore, a CCAB exhibits an increasing—decreasing—fluctuation pattern
in the distance relative to the planned route, as shown in Fig. 4(b). The substantial inertia of ships causes
a delayed response between course change and the resulting change in relative distance. As a result, the
relative course responds earlier and often presents an increasing-decreasing-increasing or decreasing-
increasing-decreasing pattern, which corresponds to the deviation, recovery and stabilisation stages.

Although these patterns are monotonic under ideal conditions, in practice, limited ship
manoeuvrability introduces oscillations to these evolution patterns. To obtain stable representations,

isotonic regression is used to fit a monotonic sequence that corresponds to the CCABs, as expressed in

Eq. (5).

Yo =il A
s.t. ViISY2< .S Yn

n
y = arg mi Z G —y)? (5)

where y; is the original data, y; represents the isotonic regression value.
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Fig. 4. Kinematic evolution in CCAB.
To capture these evolutionary characteristics, the cost function components are designed to reflect
the kinematic patterns specific to each stage in CCAB, as summarised in Table 2. Based on these
components, the Cccag(-) 1n Eq. (1) is expressed in Eq. (6) to jointly evaluate the evolution of relative

distance and course deviation throughout the CCAB.

Table 2. Components of the cost function and their roles in CCAB identification

Component Role

Cg’ceak Characterises the peak magnitude of kinematic feature variations during the deviation and recovery
stages, ensuring that CCABs involve sufficient deviation from the planned route.

C/)&(mp Quantifies the amplitude of kinematic feature variations in the deviation and recovery stages,
enforcing significant kinematic variations.

CJPCYOP Measures the proportion of kinematic variations within the deviation and recovery stages, ensuring
that CCABs exhibit a high density of kinematic changes.

CEOT Represents the mean absolute ROT within a trajectory segment, capturing substantial course changes
during deviation and recovery stages.

g() Penalises sailing behaviour to prevent RBs from being misidentified as the stabilisation stage of
CCAB:s.

CccaB(SR) =C4 + Co P .
Cq=Che* + ¢ + ¢ + g(S,R) (6)
Co = Che% 4+ ¢y + C," P + CROT

where Cccag(-) denotes the cost function for CCAB, C; and Cy represent the cost in relative
distance and course, g(-) denotes the penalty for RB, CFeak, C‘;\mp, chrep, cheak, cAmP cPrP and
CEOT represent the cost of kinematic features.

The individual components of the CCAB cost function in Eq. (6) are detailed below, with each term
designed to capture a specific aspect of the CCABs.

(1) Peak cost

According to Rule 8 of the COLREGs, CABs should be large enough to be readily apparent to other
16



ships. In the trajectory level, this requirement can be reflected by the magnitude of deviation from the
planned route. Therefore, the peak values of distance and course relative to the planned route are
incorporated into the cost function to characterise the magnitude of CCABs.

Unlike the distance, the relative course evolution in a CCAB typically exhibits two peaks,
corresponding to the manoeuvres during the deviation and recovery stages, as illustrated in Fig. 4. To
ensure that noticeable course changes can be observed in both stages, the smaller of the two peak values
is adopted in the peak cost, as defined in Egs. (7)-(10).

T ={p1,p2---Pn} pi = (time;lon;lat;COG;,ROT;)

R={p102-Pm} Dj = (lonj,latj,COGj)

d= {h(loni,lati,lon,-(i ,latj(l-))|pi ETpjw € iR} (7)
6= {(cog, - COGj(i)3|Pi €ETpjw € Rﬁ‘

d=150(d),0 =150(0)

where d and @ indicate the fitted relative distance and course sequence by isotonic regression ISO( - ),
d and 6 are the set of distances and relative course between the trajectory points p; and their
corresponding points Pjy on the planned route, T and R represent the trajectory and the planned
route, respectively, h(-) is the Haversine distance calculation function.

lat; — lat;;
sinz(— +

2
lon; — lonj(i)> ()

h(loni,lati,lonj(l-),latj(i)) = 2R,sin™1
cos lat; cos lat;(; sin2< >

where R, is the radius of Earth.

1

fH(a,T)={a+e’OsaST )
0, a>T

where fy(-) denotes the inverse hinge function, t represents the threshold, & is a small positive

constant.

Cheak = £ (Px,5e2%), X € (d,6}
Py = rrelisn max(|7|) (10)

Se = {SDe(J:Cl,Decz},Sd = {Inc,Dec}
where B3 represents the peak cost associated with feature X, Py denotes the minimum peak of
feature X across Sy, Sy represents the key CCAB patterns, 75 denotes the fitted kinematic sequence
of feature X within stage s by isotonic regression, Dec; and Dec, represent the first and second
decreasing patterns in relative course, Inc and Dec denote the increasing and decreasing patterns in
relative distance.
(2) Amplitude cost

Due to navigational constraints and restricted waterways, ships may sail approximately parallel to

their planned routes. In such situations, the trajectory can exhibit a large deviation from the planned route
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while involving only limited variation during the approach to the peak. To distinguish CCABs from this
type of RBs, an amplitude cost is introduced to characterise the magnitude of variation leading to the peak

deviation, as defined in Eq. (11).
Amp fH(AXI p)' X € {d,@}

Ay = 7 min A% (11
Nxses,
A5 = Range(nx) Ny = Range(7x) )

Range(x) = max(x) — min(x)
S¢ = {Decq,Dec,},S4 = {Inc,Dec}

where CAmp represents the amplitude cost associated with feature X, Ay denotes the minimum
normalised amplitude of feature X across Sy, A5 represents the amplitude of feature X in s, Ny
denotes the overall amplitude of feature X, serving as a normalisation factor.

(3) Proportion cost

In contrast to RBs, which generally follow the planned route, CCAB exhibits distinct deviation and
recovery stages. Therefore, the proportion of kinematic features’ variations in CCABs is expected to be
much higher than this in RBs. Based on this difference, a proportion cost is introduced to quantify the

proportion of kinematic variations during the deviation and recovery stages, as defined in Eq. (12).
Cx™ = fH(Propx, X)X €{d,6)

Zk_ I(Ux k;77x k+1)

Propy = —— 1 i
SESx

0 a=b>b

l@h) ={7a %)
S¢ = {Inc,Dec},S; = {Inc,Dec}

(12)

where C?Op represents the proportion cost associated with feature X, Propy denotes the minimum
proportion of variation of feature X across Sy, 7 represents the kth fitted kinematic sequence of
feature X during s by isotonic regression, ng denotes the number of elementsin s, I(-) denotes the
indicator function, the Dec in Sy is constructed by concatenating the fitted sequences of Dec; and
Dec,.

(4) ROT cost

The Rate of Turn (ROT) reflects the rate of change in ship course. Given that COLREGs require the
ship to avoid a succession of small alterations of course in collision avoidance, the average of ROT is

introduced to capture the course variations. Consequently, the ROT cost is defined as Eq. (13).

Cpo" = fH(ROT TroT)
3 ,IROT)|

OT=—"—""—7—" (13)
COG;—=COG;_y

j
ROT; = time; — time;_,

where ROT denotes the average of |ROT|, ROT; represents the jt* pointin ROT.
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(5) RB Penalty

According to the evolution pattern, a CCAB consists of three successive stages: deviation, recovery,
and stabilisation. The stabilisation stage occurs after the ship has returned to the planned route. It remains
part of the collision avoidance process, as the ship still needs to adjust course to the planned course due
to manoeuvring inertia. As a result, stabilisation and RB may exhibit similar patterns. To prevent RBs
from being misidentified as the stabilisation stage of CCABs, an RB penalty function is introduced. This
penalty is based on the fact that RBs often occur only before or after a CCAB, rather than within it, and
therefore focuses on the variation trends of kinematic features outside the CCAB evolution pattern. The

RB penalty is shown in Eq. (14).

0.2n—1 n—1
giSR) = Z fuldjza—d;0) + Z fuldjp1—d;0) (14)
= j=08n

where g(-) denotes the RB penalty.

This method aims to identify CCABs by evaluating the consistency of each trajectory segment with
both CCAB and RB patterns. Specifically, the CCAB cost function quantifies the similarity between the
kinematic variation patterns within a trajectory segment and the characteristic evolution of CCABs, while
an RB cost function is introduced to characterise route-following behaviour. Unlike CCABs, which
exhibit clear deviation and recovery stages, RBs are characterised by motion that follows the planned
route, resulting in limited variations in both relative distance and course. Accordingly, the RB cost
function is defined in Eq. (15) to yield low cost for trajectory segments that exhibit route-following

characteristics:

CoSR) = ), (1 +16) (15)

where Crg(-) represents the RB cost function.
3.2.2. Constraints

To prevent the number of change points from increasing indefinitely, a change point penalty A(m)
is introduced to regularise segmentation complexity. Unlike additive penalties that are imposed as a fixed
constant, this study employs a multiplicative penalty factor that affects the total segmentation cost, as
shown in Eq. (1). As the number of change points increases, the penalty increases accordingly, which
effectively prevents over-segmentation. Compared with a fixed penalty, this formulation reduces
sensitivity to the penalty magnitude and enables more robust identification of the optimal segmentation.
The change point penalty is expressed as Eq. (16).

A(m) = m(1 + Tpeciine) (16)

where A(m) denotes the change point penalty, m is the number of change points, Tpecine represents

the threshold of the expected decline proportion in total cost when increasing one change point.
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3.2.3. Search method

The Dynamic Programming (DP) is a popular optimal detection algorithm for searching for change
points, yielding exact solutions (Truong et al., 2020). Compared to the exhaustive search, which has the
time complexity of 0(CK), the DP algorithm significantly reduces the time complexity to O(kn2). The
algorithm is summarised as follows:

(1) Data preparation (Lines 1-4): Given that the warping path generated by DTW enables a flexible,
non-linear alignment between the two trajectories (Li et al., 2020), DTW is employed to extract
the relative distance D and course 8 for each trajectory point with respect to the centreline.
Then, the relative distance and course are normalised to mitigate the influence of different
dimensions by Egs. (3) and (4).

(2) Dynamic programming (Lines 5-18): First, calculate the minimal cost and corresponding ship
behaviour in each subsegment (u,v). Then, the DP algorithm is utilised to establish the dynamic
programming table F[m,t] and the backtrack table L[m,t], which represent the minimal cost
from the first trajectory point to the t'"* point under m change points, and the corresponding
position of change points, respectively.

(3) Backtrack (Lines 19-33): According to the backtrack table L[m,t], which records the index of
each change point, the optimal change point K under m* is identified according to the
backtrack table.

The pseudocode of the proposed ship behaviour identification algorithm is illustrated in Algorithm 1.

Algorithm 1. Identification of ship CCABs.

Input: T = {p1,p2...Pn}, pi = (lon;lat;,COG,LROT;), R={r1r2..7¢}, 1j = (lonj,latj,COGj) /' T and R denote the
trajectory of own ship and the planned route, respectively;,

Output: K ={ki,ko, - kn|0=ko<ki<..<kpy1=n}or{¢} // K represents a set of behavioural change points in
T,

Procedure:

1.  Ship motion patterns extraction.

2.  [M,D]<DTW(T,R); // Function DTW is defined in Egs. (B.1) and (B.2).

3. 6M<coGT — COGf(i); /I j(i) represents index of R mapped to the COG! under DTW mapping M.

4. [D,0']<Norm(D,0’); // Function Norm is defined in Egs. (3) and (4).
5. forall (uv),l1<u<v<n do:

6. C(wv)Min C2(Su:v(T-R)) B = (CCABRBY;

7 B(u,v)<aT8 gneig C,(Suv(TR)),B= {CCAB,RB};

8. end for

9. Initialise F[0:K p1qx,0:n]<00,L[0:K p1qx,0:n] — 1;
10. for t=1ton do:
11. F[0,t] = C(0,t);
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12. end for

13. for m=11t0 Kygy do:// Kpyay is a parameter, denoting the maximal number of change points.

14. Sorall tse{l1,2,.n}s<t do:

15. F[m,t]emin(F[m — 1,s] + C(s,t));
16. L[m,¢]-argmin(F[m —1,s] + C(s,0));
17. end for

18. end for

19. initialise m*<0;

20. for m=1to Kpq, do:

21. if Flmn] < F[m*n]:
22. m'em;

23. end if

24. end for

25. set K<[];

26. while m* > 0:

27. l«L[m"n];

28. append | to K,

29. tel;

30. miem' —1;

31. end while
32. Kereverse(K);
33. return K,

3.2.4. Parameter Calibration
Since the cost function and constraints involve multiple threshold parameters that interact jointly,
determining appropriate values through domain knowledge alone is infeasible. To address this, a three-
step parameter calibration procedure is adopted.
(1) Sample annotation: a random sample of trajectories is manually annotated by maritime experts
as either CCAB or route-following behaviour, yielding a labelled dataset for threshold evaluation.
(2) Parameter space compression: Each parameter is first discretised into a finite set of candidate
values based on domain knowledge, reducing the search from a high-dimensional continuous
space to a multi-dimensional discrete space. Since the number of possible combinations grows
exponentially with the number of parameters, exhaustive grid search remains computationally
prohibitive. Compared with random search (Bergstra et al., 2011) and Bayesian optimisation
(Snoek et al., 2012), the orthogonal experimental design (Taguchi, 1987) can significantly save
the tuning time while preserving satisfactory performance (Zhang et al., 2019). An orthogonal
experimental design is therefore employed to systematically sample a representative subset of

combinations.
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(3) Performance evaluation: Each parameter combination is evaluated on the labelled dataset using
accuracy, precision, recall, and F1-score. The parameter set with the best overall performance is

selected as the final threshold configuration.

3.3. Ship encounter extraction

While the CCABs have been identified in the previous section, it is essential to note that CCABs can
arise not only from two-ship or multi-ship encounters, but also from environmental influences and human
operational limitations. To accurately identify the CABs and the corresponding encounter scenarios, an
intention-informed critical encounter extraction method is proposed. The core of this method lies in
comparing the real trajectory with the possible route-following trajectory to investigate the reason for
taking manoeuvring actions, thereby inferring the avoidance intention and extracting critical encounters.
Consequently, a reference trajectory is proposed, which is a virtual trajectory that follows the planned
route without manoeuvring action, as illustrated in Fig. 5. By comparing the ship interactions in the real
and reference trajectories, critical encounter situations are categorised into eight representative types. The

detailed procedure is presented in Algorithm 2.

Algorithm 2. Intention-informed critical encounter extraction algorithm.

ll’lpllt: T = {plrpz---,Pn}, T(s) = {pgs),pg),,pg?}a Tsur = {T(S)|s = 1,2,...,L}; R= {rlerI'"'rq}a pi=

(timeylonlat;,COG,,SOG,ROTstatus;), status; € {CCABRB}, 7; = (timej,zonj,zatj,coaj);

Output: € = {(t,t,,7,76) type)|s € S} // € represents the critical encounters between T and Tg, S denotes the set
of T, that constitute critical encounter with T

Procedure:

1.  Data pre-processing.

2. [M,D]<DTW(T,R); // Function DTW is defined in Egs. (B.1) and (B.2).

3.  Tccap ={pilpi(status;) = CCAB}; // T¢cap denotes the CCABin T

4. R¥ap= {pj(i)lpi(statusi) = CCAB}; /I RM ,5 represents the corresponding planned route under DT mapping

M.
5.  TRref<Ref Gen(T cca B,R]C"g 4 B); /I Tref denotes the reference trajectory, which is assumed to maintain the course of

the planned route, as illustrated in Fig. 5.

6. &<}

7. for s in 1,2,--L do:

8. Determine the encounter type E € {Head- on,Crossing,Overtaking,Overtaken}, following COLREGs.

9. Calculate the condition and distance when Tx passed 7(5), X € {CCAB,Ref}; / [PassCond)((s),PassDis)((s)],
PassCondg(s) € {bow,stern,None}.

10. if PassCond$’ = None:

11. break

12. else:
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13.

14.

15.
16.
17.
18.

The critical encounters and the corresponding types type are determined by comparing Pagg(jond)((s) and
PassDi s)((s) in real trajectory and reference trajectory, as shown in Fig. 5.
T{time;|p; € T}, T(S)H{time](-s)m](-s) € T(S)}a [ts,te]*[min(T N 7)), max(T N T(S))];

add (ty,t,, 7,76 type) to &
end if

end for

return &;

To accurately extract critical encounter scenarios, the reference trajectory is defined as a baseline to

identify involved ships and corresponding encounter types by analysing the characteristics of the eight

encounter categories illustrated in Fig. 5 and the definitions of intention-informed encounter types are

summarised in Table 3. The algorithm is summarised as follows:

(1)

where T'rer represents the reference trajectory, p;

2)

€)

Reference trajectory: To distinguish ships involved in critical encounters from those with
negligible impact, the reference trajectory is constructed to represent a virtual trajectory under
the assumption of sailing along the planned course with no CCAB. This reference trajectory
serves as a behavioural baseline, reflecting the navigation intention of following the planned
course without external disturbance. By comparing the reference trajectory with the real
trajectory involving CCABs, the differences in interaction with surrounding ships caused by
CCABs can be revealed, thereby determining CAB and critical encounter scenarios. The
formulation of generating reference trajectory Ref Gen(TCC AR, B) is expressed in Eq. (17).
TRef = {pfef,pgef...,pgef},pfef = (timefef,SOGfef,lonfef,latfef,COGfef)

. R .
tlmeﬁaz = {pi(time,)|p; € Tccan}
S0G; 7 ={pi(SOG)|p; € Tccan}
oGt = {r;(c0G))Ir;(time;) € time!'}

< R . R a7
1on®¢ = 1onfef +50Gi ” sin(C0G; ef)
' =t (tigleeffef —timef%@
latRef _ latRef + SOGl * COS (COGl )
' =1 (timefef —timef_e{)

fef denotes the " point in Tgey.

Avoidance intention: The avoidance intention characterises the underlying strategy behind a
collision avoidance manoeuvre, and a similar CCAB may correspond to different intentions. By
comparing the relative positions between ships in the real manoeuvring trajectory and the
reference trajectory, four distinct intention types in crossing encounters are identified, as
illustrated in Figs. 5(a)-(d). Based on the avoidance intention, critical encounters can be extracted
effectively, thereby improving the method’s interpretability.

Data preparation: In addition to the DTW mapping M and the distance D between trajectory

points, three key trajectories are determined in data preparation: the ship manoeuvring trajectory
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(4)

)

(6)

T ccap, the corresponding planned route RS 5, and the reference trajectory T'ger. For each
surrounding ship, the passing condition PassCond € {bow,stern,None} and the passing
distance PassDist when ships pass each other are calculated to serve as the encounter
characteristic.

Crossing encounter extraction: Crossing is one of the most common and complex encounter
types. Although COLREGs state that “avoid crossing ahead of the other vessel”, such behaviour
is still frequent, especially in multi-ship encounter scenarios. Through comparing the PassCond
of reference trajectory and the actual trajectory, the crossing encounter scenarios can be divided
into four patterns: stern-to-stern, bow-to-bow, bow-to-stern, and stern-to-bow, illustrated in Figs.
5(a)-(d). Obviously, the bow-to-stern and stern-to-bow patterns exhibit a significant change in
PassCond and can be extracted as the critical encounters. However, for the stern-to-stern and
bow-to-bow patterns, to filter out the conditions that the ships pass at a long distance showing
negligible impact, the threshold of distance 7p;s is introduced to ensure that the CAB results in
a significant increase in passing distance.

Overtaking and overtaken encounter extraction: According to Rule 13 of COLREGs, “any
vessel overtaking any other shall keep out of the way of the vessel being overtaken” and “when
a ship is approaching another ship from a direction more than 22.5° abaft the beam, the
encounter is classified as an overtaking scenario.” Therefore, an overtaking scenario should
satisfy the following two necessary conditions: (1) the own ship takes an evasive action; and (2)
when the action is taken, the own ship is in a direction more than 22.5° abaft the beam of the
target ship, and after the avoidance action is completed, the own ship is located ahead of the target
ship. Under this condition, overtaking and overtaken encounters can be identified based on the
relative bearing at the start and end of the CCAB, as illustrated in Figs. 5(e) and (f).

Head-on encounter extraction: Unlike crossing and overtaking encounters, a head-on encounter
involves two ships approaching each other on reciprocal or nearly reciprocal courses. According
to the COLREGs, both ships are expected to take evasive actions, normally by altering course to
starboard and passing port-to-port. However, in real navigation, the evasive action may also be
affected by environmental constraints. Therefore, in this study, a head-on critical encounter is
identified when the reciprocal or nearly reciprocal approaching condition is satisfied, and CABs

are observed for both ships, as illustrated in Fig. 5(g).
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Fig. 5. Diagram of critical encounter extraction.

Table 3. Definitions of intention-informed encounter types.

Encounter Types

Definition

Head-on

CrosSpow

Crossbosztern

Crossstern

Crosssternzbow

Overtaking

Overtaken

A head-on encounter in which both ships exhibit identified CABs and during the interaction these
two ships meet on reciprocal or nearly reciprocal courses.

A crossing encounter in which both the reference and observed trajectories pass ahead of the target
ship, and the observed trajectory increases the passing distance relative to the reference trajectory
by at least Tpjs.

A crossing encounter in which the passing condition changes from passing ahead in the reference
trajectory to passing astern in the observed trajectory.

A crossing encounter in which both the reference and observed trajectories pass astern of the target
ship and the observed trajectory increases the passing distance relative to the reference trajectory by
at least Tpis.

A crossing encounter in which the passing condition changes from passing astern in the reference
trajectory to passing ahead in the observed trajectory.

An encounter in which own ship approaches target ship from a relative bearing exceeding 22.5° abaft
the target ship’s beam and subsequently passes ahead of the target ship.

An encounter in which target ship approaches own ship from a relative bearing exceeding 22.5° abaft
the own ship’s beam and subsequently passes ahead of the own ship.

Note: In all aforementioned encounter types, the own ship exhibits identified CABs.

To evaluate the effectiveness of the proposed framework, the validation in this study is conducted at

three levels. First, standard encounter scenarios are used to examine whether the method can correctly
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detect collision avoidance behaviour under typical navigational situations. Second, representative real-
world AIS cases are employed to assess the practical applicability of the framework in realistic traffic
environments. Third, the extracted encounter scenarios are further analysed for behavioural consistency
and criticality representation to verify whether the proposed method can not only reliably identify
avoidance manoeuvres but also support the extraction of meaningful critical encounter scenarios. Through
this multi-level validation design, the performance of the proposed framework is examined from the

perspectives of detection capability, practical applicability, and scenario extraction effectiveness.

4. Case study

4.1. Research area and data pre-processing

To demonstrate the proposed framework, the @resund is selected as the research area, which involves
the HH ferry route (Helsinger—Helsingborg) connecting Helsinger, Denmark and Helsingborg, Sweden.
As one of the busiest ferry routes in the world, the HH ferry route intersects with three lateral traffic flows
(Fig. 6), resulting in a high frequency of ship collision avoidance behaviours.

The research area spans from 56°N to 56.07°N latitude and from 12.55°E to 12.77°E longitude.
The AIS data used in this paper are collected from January 1, 2024, to December 31, 2024, and contain
over 61 million records. Each AIS record contains details such as time, Maritime Mobile Service Identity
(MMSI) number, latitude, longitude, Speed Over Ground (SOG), Course Over Ground (COG), ship
length, and ship type. Prior to analysis, a three-step pre-processing procedure is applied to eliminate errors
and ensure data quality. First, trajectories are segmented using a time interval threshold of 900 s (Liu et
al.,2024; Wang et al., 2022). Second, segments crossing land are removed, as such patterns indicate errors
arising from data transmission or reception faults (Zhao et al., 2018). Third, linear interpolation at a time
interval of 10 s is applied to each segment to standardise the varying message transmission frequencies
across different ships (Xin et al., 2024). Through the pre-processing, the 8503 raw trajectories are reduced
to 44530 validated segments across 7799 ships, as illustrated in Fig. 6.
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Fig. 6. Research area and ship trajectories.

4.2. Traffic patterns extraction results

According to Section 3.1.2, the start, end, and length of each trajectory are utilised as the features in
the OPTICS clustering algorithm to capture the traffic patterns. As a density-based clustering algorithm,
the parameter reachability distance & has a significant and direct impact on the algorithm’s performance.
Compared to the DBSCAN algorithm, the most outstanding advantage of OPTICS is its ability to visualise
the relationship between the ¢ and the clusters. The reachability distance plot is shown in Fig. 7.
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Fig. 7. Reachability distance plot.
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To estimate the accuracy and effectiveness of the clustering outcome, three typical indicators are
adopted: Silhouette Score (SS), Davies-Bouldin Index (DBI), and Calinski-Harabasz Index (CHI). After
a series of parameter tuning experiments, the reachability distance is determined as 0.225. With a high
SS (0.812), a low DBI (0.347), and a remarkably large CHI (5.58 x 10°), the clustering results all fall
within ideal ranges, exhibiting small intra-cluster distances and large inter-cluster distances, which
confirms the effectiveness of the clustering (Xin et al., 2025b). The trajectory clusters and the
corresponding number of trajectories are demonstrated in Figs. 8 and 9, respectively.

As shown in Figs. 8 and 9, Clusters 1 and 2 represent the bi-directional ferry trajectories between
Helsingborg and Helsinger, jointly accounting for 69.7% of all trajectories. In addition, Clusters 3 to 5
represent the three major traffic flows sailing through the main channels, contributing a further 27.4% of
the dataset. Overall, the main traffic patterns in the research area are clearly distinguishable, consisting
of ferry ships crossing the traffic lanes between Helsingborg and Helsinger, as well as ships sailing along

the three principal traffic lanes.
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Fig. 9. Number of trajectories distribution.

The centrelines of Clusters 1 and 2 are constructed to serve as the ferry routes for behaviour
identification. According to Section 3.1.2, the DTW is employed to measure the distance between
trajectories, and the centrelines are constructed as shown in Fig. 10.

To determine the distance boundary between low-deviation and high-deviation trajectories, the
distances between trajectories and their corresponding centreline are grouped into two clusters. According
to Fig. 10, the trajectories with low deviation follow similar overall spatial trends to the constructed
centrelines, indicating that the centrelines effectively capture the dominant RB patterns and can be used
as representative planned routes in the subsequent behaviour identification.

threshold = 451.0 m, Number of High_deviation: 2252, Number of Low_deviation: 23076 threshold = 444.0 m, Number of High_deviation: 2078, Number of Low_deviation: 23179
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Fig. 10. Centrelines of ferry routes.

4.3. Ship behaviour identification results
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To evaluate the performance of the proposed behaviour identification method, 1500 ship trajectories
are randomly selected and manually labelled. The annotation is conducted in two steps. First, each
trajectory is labelled as either containing a CCAB or only an RB. Second, for trajectories containing
CCABs, the start and end times of the manoeuvring behaviour are manually annotated. Considering that
the proposed method involves eight parameters and seven of them need to be calibrated, the labelled
dataset is divided into a calibration set and an independent validation set with an 8:2 ratio. The calibration
set contains 1200 trajectories, including 211 trajectories with CCABs. The validation set contains 300
trajectories, including 50 trajectories with CCABs. The similar proportion of CCAB trajectories in the
two sets ensures a comparable class distribution between parameter calibration and independent
validation.

Exhaustively evaluating all possible parameter combinations would be computationally expensive
because the seven parameters jointly affect the behaviour identification results. Therefore, an orthogonal
experimental design is adopted to reduce the parameter search space to 81 representative and mutually
orthogonal parameter combinations. These 81 parameter combinations are evaluated only on the
calibration set, and the parameter combination with the best overall performance is selected as the final
configuration. The selected parameter combination is then directly applied to the independent validation
set without further adjustment, as shown in Table 4. The evaluation is conducted at both trajectory and
point levels. At the trajectory level, the metrics examine whether the method can correctly identify
trajectories containing CCABs. At the point level, the metrics evaluate the consistency between the
detected CCAB and the manually labelled manoeuvring behaviour, thereby assessing the accuracy of the
proposed CPD-based method.

As shown in Table 4, the proposed method achieves consistent performance on the calibration and
validation sets. At the trajectory level, the method obtains an accuracy of 0.9399, precision of 0.7980,
recall of 0.8438, and F1-score of 0.8203 on the calibration set. On the independent validation set, the
corresponding values are 0.9467, 0.8696, 0.8000, and 0.8333, respectively. The comparable results
between the two sets indicate that the selected parameter configuration is not only fitted to the calibration
data, but also maintains stable performance on unseen trajectories. At the point level, the method also
achieves high consistency between the detected and manually labelled manoeuvring behaviours.
Moreover, the performance at the point level is higher than that at the trajectory level, achieving around
0.9. This indicates that the CPD-based method can not only detect whether a trajectory contains a CCAB,
but also determine the duration of CCAB. The calibrated parameters through sensitivity analysis are

shown in Table 5.
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Table 4. Performance of the proposed behaviour identification method.

Performance Trajectory level Point level
metrics Calibration set Validation set Calibration set Validation set
Accuracy 0.9399 0.9467 0.8861 0.8893
Precision 0.7980 0.8696 0.9125 0.8935
Recall 0.8438 0.8000 0.9289 0.9547
F1 0.8203 0.8333 0.9206 0.9231

Table 5. Values of adopted threshold parameters

Parameter Value Parameter Value
theak 1.000 theak. 10°/180°
A A
Taist 0.600 TAmp 0.200
P P
TROT 15°/min Tpecline 0.150

As shown in Fig. 10, the boundary between the high-deviation and low-deviation trajectories is
determined, which can be adopted as the empirical upper bound of normal lateral deviation. As shown in
Eq. (3), the normalised peak distance exceeding 1 is treated as indicative of noticeable departure from the

planned route. Accordingly, the 7553¢ is set to 1. Similarly, the value of Thed. is set to 0.056,

corresponding to a normalised relative course change of 10°. Tﬁ{?f represents the minimal ratio between
the rising or falling amplitude of the distance and its peak value. A value of 0.6 is adopted to prevent
misclassifying trajectories that show a prominent peak but only a minor change in amplitude (Fig. 4). In
contrast to the distance variation, the ACOG typically exhibits a three-phase pattern (e.g., rise—fall-rise
or fall-rise—fall), corresponding to the departure from the planned route, return towards it, and subsequent

return to the planned course. As the ACOG variation typically exhibits a more pronounced change in

return phase, the rg‘?& is determined as 0.2, which is lower than nglf . For ship collision avoidance
behaviours, Rule 8(b) of COLREGS states that “a succession of small alterations of course should be

avoided”. To satisfy this requirement, the CAB during both the departure and the return phases should be

sufficiently noticeable by other ships. Accordingly, the thresholds rgigf and Ti?)g)(;, which denote the
minimal proportion of rising or falling phase, are set to 0.2. This prevents trajectories involving a
succession of minor course alterations from being misidentified as CCABs, which would otherwise
appear as a large proportion of rising or falling phases. The Tror is determined as 10°/min, indicating
that the average ROT of manoeuvring should exceed 10°/min. The change point penalty Tpecpine 1S fixed
at 0.1, which represents the minimal decline percentage of cost when adding a change point.

To evaluate the contribution of each kinematic feature to the performance of behaviour identification,
the Analysis of Variance (ANOVA) is employed to analyse the main effect based on the results of an
orthogonal experimental design. The relative importance of each threshold factor in different performance
metrics is illustrated in Fig. 11. Overall, TE¢3. is the most influential kinematic feature (23%~35.9%),

suggesting that the magnitude of course deviation from the planned route is the primary characteristic of
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CCABs. This aligns with COLREGs, which require course alterations to be “large enough to be readily
apparent to another vessel observing visually or by radar”. Tpeciine €Xhibits the second highest

importance (21.8%~28.7%), as it controls the strictness with which decreasing trends in the cost function

. . Am Pro Pro : :
are interpreted as behavioural changes. Tror, Tacog Tacog> and Tgier show moderate contributions

(up to 15.8%), suggesting that these features capture the proportional and temporal characteristics of
manoeuvring, but play a secondary role relative to peak course deviation. Finally, rﬁ};‘f shows the lowest
importance (less than 2.6%), which indicates that normal RBs rarely exhibit significant short-term

variations in kinematic features (Fig. 4).
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Fig. 11. Relative importance of each threshold factor.

To evaluate the effectiveness and interpretation of the proposed ship behaviour identification method
and to verify the rationality of the thresholds determined by the orthogonal experimental design, a
representative trajectory containing two change points is analysed in detail (Fig. 12). Following
Algorithm 1, the total cost of the number of change points K varying from 0 to K,,,, is evaluated,
enabling a demonstration of how the cost function is used to identify the ship behaviours.

Zero change point (K=0): When no change point is introduced, the entire trajectory is identified as
a single behaviour. Although both the distance and ACOG show manoeuvring characteristics, the high
proportion of fluctuation leads to a large RB penalty in the cost function. As a result, the trajectory is
determined as an RB, yielding a total cost of 65.5 (Fig. 12(a)). This provides a baseline for subsequent

comparisons.
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One change point (K=1): Introducing one change point allows the algorithm to identify one CCAB.

However, as shown in Fig. 12(b), the rising proportion in the distance and ACOG are severely affected

by long-term fluctuations, causing the indices distgiso‘i) and ACOGEE% to remain below their

corresponding thresholds. Meanwhile, the low distance values in fluctuation indicate that the ship remains
close to the planned route, leading to a high RB penalty. Consequently, the total cost only slightly
decreases to 58 (—11.5% relative to K=0).

Two change points (K=2): When two change points are included, the cost function successfully
extracts a CCAB that satisfies most threshold criteria, leading to a low total cost. The distance exhibits a
clear rising-falling structure with sufficient proportion and amplitude, matching the characteristics of a
representative manoeuvre. In contrast, although the ACOG exhibits a trend of rising-falling-rising, which

is consistent with the evolution pattern of CABs, the trajectory demonstrates a tendency to approach the

planned route before the first change point, causing the first rising phase amplitude AC OGiir‘;'li} to fall
below its corresponding threshold. According to Fig. 12(c), since the RBs exhibit fluctuations and are not
consistent with the trends in distance and ACOG observed in typical CABs, these two segments are
accurately identified as RBs. Owing to the accurate identification of two RBs, the total cost drops sharply
to 21.8, representing reductions of 62.5% and 67.2% compared to the cost with K=1 and K=0, well beyond
the threshold Tpecjine- This identification process highlights that the identification algorithm, considering
kinematic feature evolution throughout the entire collision avoidance process, can accurately determine
the ship behaviours.

Three change points (K=3): According to Fig. 12(d), further increasing the number of change points
does not change the results of behaviour identification, and the outcome remains identical to that of K=2.
With K = 2, the model achieves precise behaviour identification, and all identified manoeuvring and RBs
are physically interpretable. When the number of change points increases to K = 3, the algorithm merely
subdivides an existing RB into two adjacent sailing parts without introducing any change in manoeuvring
pattern. As a result, the total cost remains constant and fails to achieve the 10% decline requirement of
Tpecline- 1his behaviour persists when K increases to three or more, confirming that K=2 is the optimal
and stable solution.

Overall, the analysis demonstrates that the established cost function effectively considers kinematic
feature evolution throughout the entire collision avoidance process and thus can accurately identify the
ship behaviours, while maintaining high interpretability. The rationality and general applicability of

thresholds are confirmed through orthogonal experimental design based on the labelled dataset.
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Fig. 12. Illustration of CPD in a typical trajectory.

4.4. Ship encounter extraction results
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Unlike the conventional classification based solely on geometrical relations, the proposed critical
encounter scenarios extraction method incorporates the extracted CCABs to derive an intention-informed
encounter taxonomy (Algorithm 2). For example, Crosspowastern 1ndicates that the ship is intentionally
taking manoeuvring action so that the passing situation changed from “bow passing” to “stern passing”
relative to the target ship. To illustrate the mechanism of the proposed algorithm and evaluate its
performance in a real-world case, a multi-ship encounter scenario, which contains a Crossp,,, and
CrosSpowastern €ncounter types, is selected to apply the algorithm.

Fig. 13 illustrates the reference trajectory, which follows along the planned route without any evasive
action. Along this reference trajectory, the own ship would sequentially pass ahead of ship A and ship B
at short distances of 0.59 and 0.164 nm. These passing conditions indicate that, without a manoeuvre, the
own ship would experience two consecutive Crossp,, encounter situations, which represent a
hazardous multi-ship encounter. In terms of the real manoeuvring trajectory, by altering its course to
starboard, the own ship passes ahead of ship A at a distance of 1.081 nm (Fig. 14). This distance is 1.83
times larger than the 0.59 nm caused by the reference trajectory, indicating that the manoeuvre is intended
to pass ship A at a safer distance. For ship B, the passing condition changes from Crossy,,, to
CT0oSSgtern, Which shows that the own ship follows the requirement of COLREGs by passing astern of
the target ships to ensure navigational safety (Fig. 14). Given that both ship A and B are passed at
significantly safer conditions by taking manoeuvring action, this encounter is determined as a multi-ship
encounter scenario. These results demonstrate the effectiveness of the proposed intention-informed
encounter extraction approach. By comparing the reference and real trajectories, the method can identify

the target ships, which the own ship intends to avoid.
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Fig. 13. Pass condition of the reference trajectory.
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Figs. 13 and 14 illustrate the mechanism of the proposed critical encounter extraction method;
however, the performance of this method in real-world encounter extraction is still unknown. Therefore,
based on the labelled parameter calibration and independent validation dataset in behaviour identification,
the critical encounters in these two sets are labelled to examine the performance of the proposed critical
encounter extraction method. Specifically, 319 and 60 critical encounters are recognised and labelled in
parameter calibration and independent validation data sets, respectively. To compare the effectiveness of
encounter extraction with relative and recent methods, the comparison methods A (Xin et al., 2025b) and
B (Yuetal., 2025) are adopted. The core of comparison method A is employing thresholds to filter critical
encounters, and based on method A, the core of comparison method B is to establish the Evolving Graph

Sequences (EGS) to represent the evolution of critical encounters and evaluate the structural similarities
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Fig. 14. Pass condition of the real manoeuvring trajectory.
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between snapshots within the EGS to extract critical encounters. The performance metrics in critical

encounter scenario extraction among the proposed method and two comparison methods are shown in

Table 6.

Table 6. Performance comparison of encounter extraction methods.

Performance metrics Calibration set Validation set
Accuracy 0.9714 0.9677
Precision 0.8359 0.8478
Proposed method Recall 0.6708 0.6500
F1 0.7443 0.7358
Accuracy 0.5710 0.5267
Comparison method Precision 0.0843 0.0681
A Recall 0.8934 0.9000
F1 0.1541 0.1266
Accuracy 0.5427 0.5006
Comparison method Precision 0.0832 0.0678
B Recall 0.9436 0.9500
F1 0.1529 0.1267

According to Table 6, the proposed method shows comparable performance on the calibration and
validation sets. The accuracy, precision, recall, and F1-score on the validation set are close to those
obtained on the calibration set, indicating that the selected parameters maintain stable performance on
unseen data.

With respect to precision and recall, the proposed method achieves consistently high precision on

both the calibration and validation sets, with values of 0.8359 and 0.8478, respectively. Since precision

TP . .. .-
is defined as TP + FPy this indicates that most extracted critical encounters are true positives and the

number of false positives is relatively small. In contrast, the recall values are lower, at 0.6708 and 0.6500

on the calibration and validation sets, respectively. Since recall is defined as this indicates that

TP
(TP + FN)’
some critical encounters are missed. Therefore, the proposed method can be regarded as relatively
conservative: it reduces the risk of incorrectly extracting non-critical ship pairs as critical encounters, but
this is achieved at the cost of increasing false negatives. Nevertheless, the F1-scores of 0.7443 and 0.7358
indicate that the proposed method maintains a better balance between precision and recall than the
comparison methods.

The two comparison methods show a contrasting performance pattern. Although they achieve high
recall on both datasets, their precision remains very low. For example, on the calibration set, comparison
methods A and B achieve recall values of 0.8934 and 0.9436, but their precision values are only 0.0843
and 0.0832, respectively. This indicates that these methods can identify most critical encounters, but they
also incorrectly classify a large number of non-critical ship pairs as critical encounters, leading to many
false positives. Consequently, their F1-scores are much lower than that of the proposed method.

This difference can be attributed to the information used in encounter extraction. According to

COLREGs, the encounters are linked with evasive action. As shown in Table 7, involving evasive actions
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is the necessary condition for forming an encounter. However, the comparison methods mainly rely on
ship-to-ship relative motion indicators, such as DCPA, TCPA, and relative distance. These indicators are
effective for quantifying collision risk, but they are challenging to examine whether a manoeuvre is
actually present or whether this manoeuvre is associated with a specific avoided target ship. By contrast,
the proposed method first identifies CCABs and then links this behaviour to the corresponding avoided
target ship by comparing the observed trajectory with a reference route-following trajectory. Overall, the
comparison results demonstrate that the proposed method provides more reliable and balanced critical

encounter extraction.

Table 7. Definition of encounter types in COLREGs.

Encounter type Definition
Overtaking Any vessel overtaking any other shall keep out of the way of the vessel being overtaken.
Each shall alter her course to starboard so that each shall pass on the port side of the
Head-on other
Crossing The vessel which has the other on her own starboard side shall keep out of the way and

shall, if the circumstances of the case admit, avoid crossing ahead of the other vessel.
Based on the critical encounter extraction method, the distributions of critical encounters are

illustrated in Fig. 15. The total number of extracted critical encounters is 2602 in Cluster 1 and 2238 in
Cluster 2, indicating that ferries operating in the two directions experience a comparable number of
critical encounters. The two clusters also show similar distributions in terms of the number of target ships.
Encounters with one target ship, the two-ship encounters, account for the largest proportion, with more
than 60%. As the number of target ships increases, the proportion of encounter scenarios decreases rapidly.
This indicates that most extracted critical encounters are two-ship encounters, while multi-ship encounters

are less frequent but still present in both traffic directions.
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Fig. 15. Distribution of two-ship and multi-ship encounter scenarios.

Fig. 15(b) further shows the distribution of encounter types. Head-on and crossing encounters
dominate in both clusters, while overtaking and overtaken encounters account for only a small proportion.
This suggests that, in the ferry corridor, critical encounters are mainly associated with opposite-direction
traffic and crossing traffic.

For crossing encounters, the results show a clear tendency towards stern passing. In this study, Cros
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Sstern and Crosspowastern represent cases in which the own ship takes evasive action to pass astern of
the target ship. Together, these two types account for 78.0% of all crossing encounters in Cluster 1 and
86.6% in Cluster 2. In particular, the relatively high proportion of Crosspow2stern cases indicates that
many potentially risky bow-crossing situations are converted into stern-passing situations through CAB.
This tendency is consistent with the intention of COLREGs Rule 15, which requires the give-way vessel
to avoid crossing ahead of the other vessel.

In contrast, CrosSgternzpow accounts for only 0.39% in Cluster 1 and 0.45% in Cluster 2. Compared
with the high proportions of Crossg:.,, this indicates that when the reference trajectory already allows
the own ship to pass astern of the target ship, ships rarely take manoeuvres that change the passing
condition to bow crossing. Instead, most ships tend to maintain stern passing and increase the passing

distance.

4.5. Collision avoidance behaviour analysis

In ship encounters, the COLREGs distinguish the obligations of the involved ships by assigning
different responsibilities, which are commonly categorised as the give-way and stand-on roles. Motivated
by this role differentiation, this section conducts a comparative analysis of collision-avoidance actions
from both ships’ perspectives, with the objective of characterising the differences in manoeuvre timing,
action magnitude, and response patterns as observed in practice. Accordingly, Figs. 16-18 compare the
CABs of give-way and stand-on ships in different crossing encounter types from three perspectives: the
timing of triggering avoidance action, the minimum distance between ships, and the magnitude of
avoidance action. The analysis focuses on the Crossp,,, CroSSgiern, and CrosSpowzstern €NCOUNter
types.

Fig. 16 shows the distribution of relative distance when taking evasive action, which serves as the
timing of triggering CAB. Overall, give-way ships exhibit larger initiation distances, whereas stand-on
ships tend to initiate evasive action at shorter distances, which is consistent with their role-dependent
obligations under COLREGs: stand-on vessels typically maintain course and speed and resort to
manoeuvring primarily when collision cannot be avoided by the give-way vessel alone. Meanwhile, the
distributions of give-way ships are more dispersed. The variance for stand-on ships is about 0.1-0.17,
clearly lower than the 0.21-0.35 observed for give-way ships. This suggests that compared to the stand-
on ships, the give-way ships show greater strategy variability in when to trigger evasive action.

The stern-passing crossing cases (C1T0SSgtern, and CrosSpow2stern) Provide a clear setting in which
give-way and stand-on responsibilities can be distinguished. For these two situations, give-way ships
exhibit similar mean and median relative distance between 1.65NM and 1.69NM, respectively, which
exceed the corresponding values of about 1.22NM and 1.25NM for stand-on ships. This suggests that, in

stern-passing situations, evasive action by give-way ships is typically initiated roughly 0.4NM earlier (in
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terms of relative distance) than that by stand-on ships. By contrast, in Crossp,,, situation, the
distribution of relative distance in two responsibilities is similar (give-way = 1.59NM and stand-on =
1.48/1.47NM), indicating that the bow-passing scenario does not exhibit the typical pattern of earlier
action by give-way ships.

In CrosSgtern, and Crosspowosterns the numbers of give-way cases (1662 and 1146) are 3.73 and
3.03 times those of stand-on cases, whereas in Crossy,, the number of give-way cases is only 243,
accounting for less than half of the stand-on cases. Overall, the observed give-way ships more frequently
adopt stern-passing strategies in crossing encounters, which is consistent with the COLREGs suggesting

avoiding passing ahead of other ships, when circumstances permit.
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Fig. 16. Distribution of relative distance when taking evasive action.

Fig. 17 presents the distribution of the minimum distance between ships during collision avoidance
manoeuvring, which characterises the safety distance maintained throughout the collision avoidance
behaviour. As shown in Fig. 17, the distributions of the minimum distance for give-way and stand-on
ships are similar in both Crossgiern and CrosSpowastern Situations. For each encounter situation, give-
way and stand-on ships exhibit comparable variances, and similar means and medians, which indicates
that once a stern-passing strategy is adopted, give-way and stand-on ships tend to maintain a similar level
of safety distance. Even though, both Crossgie,, and Crosspow2stern Situations involves stern passing,

CroSSgtern €xhibits noticeably larger mean and median minimum distances than Crosspou2stern (Fig.
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17). This difference is likely because Crosspowzstern represents a transition from an initially bow-
passing situation to a stern-passing outcome. Under comparable avoidance action magnitude, such a
transition typically results in smaller minimum distances than in Crossg:.,, Situation, where stern
passing is established more directly.

In contrast, Crossp,, exhibits a markedly different pattern. For give-way ships, the mean and
median minimum distances are 0.3 and 0.28NM, substantially smaller than those for stand-on ships (mean:
0.50NM and median: 0.45NM). This contrasts with the stern-passing encounters, where give-way and
stand-on ships maintain comparable safety distance. The reduced minimum distances in Crossp,.,

suggest that give-way ships operate under more constrained conditions in bow-passing situations.
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Fig. 17. Distribution of minimum distance between ships.

As shown in Fig. 18, substantial course changes are observed in both the deviation and recovery
stages. During the deviation stage, the mean course changes range from approximately 23.86° to 39.05°,
indicating that ships usually take clear manoeuvring actions to avoid collision. Among the three encounter
types, CrosSpowastern ©€Xhibits the largest deviation magnitudes, with the mean and median values
generally exceeding 33°. This is reasonable because Crosspow2stern represents a transition from a
potential bow-passing situation to a stern-passing situation, which usually requires more pronounced
course alterations to change the passing relation and reduce collision risk.

The recovery stage also shows notable course changes, although the magnitudes are generally smaller
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than those in the deviation stage, especially for CrosSgte,n, and CrossSpow2stern- 1he absolute mean and
median values during recovery remain approximately within the range of 21°-31°, indicating that ships
do not immediately return to planned route after the main avoidance deviation. Instead, they continue to
adjust their course to recover towards the planned route after the conflict has been resolved. This confirms
that collision avoidance behaviour should be regarded as a complete deviation—recovery process rather
than a single course alteration. For the same encounter type, the differences in maximum course changes
between give-way and stand-on ships are relatively small compared with the differences observed in
relative distance. This suggests that, in the extracted critical encounters, both give-way and stand-on ships

may perform comparable manoeuvring adjustments once collision risk occurs.
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Fig. 18. Distribution of maximum course change in deviation and recovery stages.

To investigate the relationships among avoidance timing, safety distance, and avoidance magnitude
across different crossing encounter types in this study area, a comparative analysis of Figs. 16-18 is
conducted.

For the two stern-passing situations (Cr0SSgtern and CrosSpowzstern), give-way and stand-on ships
exhibit broadly consistent behavioural patterns. Give-way ships tend to initiate collision avoidance
actions at larger relative distances than stand-on ships, whereas the two roles maintain comparable
minimum distances and avoidance magnitudes. Notably, although stand-on ships manoeuvre at shorter

distances, they still achieve similar safety margins and manoeuvre amplitudes, suggesting that the primary
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difference between these stern-passing cases lies in the timing of avoidance initiation rather than the
intensity of manoeuvring.

In contrast, Cross,,, exhibits a distinctly different behavioural pattern. Although COLREGs
advise avoiding crossing ahead where circumstances permit, and bow-passing is generally associated with
higher collision risk, some give-way ships are nevertheless observed to pass ahead of the other ship. In
this situation, the initiation for evasive action timing of give-way ships becomes similar to that of stand-
on ships, which is different from the earlier initiation observed in CroSSstern, and CrosSpowzstern
situations. In addition, although give-way ships in Crossy,,, exhibit avoidance magnitudes similar to
those of stand-on ships, the resulting minimum distances are significantly smaller than those of stand-on
ships. Overall, the joint pattern of avoidance timing, safety distance, and manoeuvre magnitude suggests
that these Crossy,,, situations are likely associated with constrained conditions in which early
avoidance is not feasible. Consequently, give-way ships may adopt a bow-passing outcome and, despite

substantial actions, are unable to maintain larger safety distances.

5. Discussion and implications

This study proposes a ship behaviour identification method based on a CPD method and an intention-
informed encounter extraction method for obtaining critical encounter scenarios that reflect real CABs.
By jointly evaluating the multiple kinematic features, the proposed method enhances robustness and
interpretability. Then, the intention-informed extraction further reduces the impact of false manoeuvre
detections by comparing the real trajectory with the reference trajectory, ensuring that the extracted
encounters contain meaningful ship—to—ship interactions rather than standard route-following behaviours.
The case study also demonstrates that the method can successfully extract different types of avoidance
intentions.

5.1. Applicability across different navigational environments

The applicability of the proposed method is closely related to the characteristics of the navigational
environment. The ferry corridor in Section 4 provides a suitable initial test bed because ships usually
follow clear intended routes and collision avoidance manoeuvres are often substantial due to the short
voyage distance and the nearly perpendicular crossing of the main traffic flow. Under such conditions,
the deviation-recovery-stabilisation pattern relative to the planned route can be clearly characterised.
However, this also means that the validation in the ferry corridor alone is insufficient to demonstrate that
the method performs well in more diverse navigational environments.

To further examine the applicability of the method in various navigational environments, an
additional analysis is conducted in an extended water area that includes the ferry corridor, bridge area,
dredged route, and TSSs, as shown in Fig. 19. A total of 1000 trajectories are manually labelled and used
for sensitivity analysis and parameter calibration. The calibrated parameter set with the best overall
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performance is then compared with that obtained from the ferry corridor, as shown in Tables 8 and 9. The
results show that the proposed behaviour identification method maintains acceptable performance in the
extended water area, with an accuracy of 0.8300, precision of 0.8206, recall of 0.7190, and F1-score of

0.7665. Although these values are lower than those obtained in the ferry corridor, the precision remains

T C
Tpopp the almost unchanged precision indicates that most

almost unchanged. Given that Precision =
detected manoeuvring behaviours are still correctly identified. The decrease in recall is reasonable
because the extended water area contains more heterogeneous navigational conditions and more diverse
manoeuvring behaviours. Compared with the ferry corridor, where avoidance actions are usually more
substantial, ships in the extended area may conduct smaller course alterations at longer distances (Figs.
19 (b) and (c)). Such behaviours produce less noticeable deviation-recovery patterns relative to the
planned route and are therefore more difficult to distinguish from normal route-following behaviour using
a unified parameter set, leading to higher FN. This explains why the method can still provide reliable

detections when a manoeuvre is identified, while some less substantial manoeuvres may be missed.

\ = Route-following
Se S0 ) N —— Collision avoidance
' —— L —— Planned route
I : 74
SWEDEN Hdisingborg
Helsingar { >
56.00°N |- |
|~
4
Landskrona /
- N
55.80°N |-
(b) Representative CAB in ferry corridor
Copenhagen g = &
‘ Roskildi
o 3 Landskrona
55.60°N |- '\ "\ Malmé
/_—/—/_7_‘—7
k‘\
55.40°N - X I
N ﬂ' Copenhagen
/|
Roskilde
DENMAREK | ~ e

\ Malmé

55.20°N -

= Route-following
—— Collision avoidance
= Planned route / /

o | I 1 1 L 1
55.00 r"fZAOIJ“E 12.20°E 12.40°E 12.60°E 12.80°E 13.00°E

(a) Extended water area (¢) Representative CAB in extended structured waterway

Fig. 19. The extended water area and representative CABs.
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The calibrated parameters further support this interpretation. Most thresholds decrease in the extended
water area compared with the ferry corridor (Table 9), suggesting that collision avoidance manoeuvres in
more general structured waterways tend to involve smaller deviations from the planned route and less
substantial course changes. This is consistent with the fact that ships in less constrained or longer-distance
encounters may take earlier and milder evasive actions, rather than making large course alterations as
observed in the ferry corridor. The only exception is Tpo7, Which remains at 15°/min. It suggests that,
even when the total course deviation and route deviation are smaller, a detectable collision avoidance
manoeuvre still needs to exhibit a sufficiently clear short-term turning process. In other words, ships in
the extended water area may perform smaller evasive actions, but these actions can still involve a distinct
local turning pattern that distinguishes them from normal course fluctuations. In addition, Tpecjine 1S NOt
applied in the extended water area. This parameter represents the required reduction in the total trajectory
cost when introducing additional change points. In short ferry voyages, identifying a manoeuvring
behaviour can substantially reduce the total cost because the manoeuvre occupies a relatively large
proportion of the trajectory. In longer voyages, however, a local manoeuvring behaviour may contribute
only a small proportion of the total trajectory cost. As a result, using Tpeciine may suppress the detection

of true manoeuvring behaviours in longer trajectories.

Table 8. Performance of the behaviour identification method in the ferry corridor and extended

waterway.
Water areca Accuracy Precision Recall F1-score
Ferry 0.9399 0.7980 0.8438 0.8203
Extended 0.8300 0.8206 0.7190 0.7665

Table 9. Values of adopted threshold parameters in the ferry corridor and extended waterway.

Parameter Value (Ferry) Value (Extended) Parameter Value (Ferry) Value (Extended)
rheak 1.000 0.800 (20%}) Theak. 10°/180° 5°/180° (50%1)
Thmp 0.600 0.500 (17%4) e 0.200 0.100 (50%4)
ThioP 0.400 0.200 (50%}) Thrors 0.300 0.200 (33%})
TROT 15°/min 15°/min Tpecline 0.100 -

The results show that the proposed CPD-based behaviour identification method is not restricted to
the regular ferry corridor and can be applied to more diverse structured waterways. Nevertheless, the
reduced performance matrix indicates that the performance of the method may decline as the
heterogeneity of navigational environments increases.

5.2. Implications of extracted critical encounters

Based on the extracted critical encounters, an analysis of avoidance timing, minimum ship-to-ship

distance, and maximum course alteration for give-way and stand-on ships across different crossing

encounter types provides further insights relevant to the development of autonomous ship collision
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avoidance models. First, among the 4840 extracted critical encounter scenarios, less than 1% of cases are
CroSSgternzpow €ncounters, indicating that when ships are able to pass astern of the target ship while
following the planned route, bow-passing avoidance behaviours are rarely adopted if circumstances
permit. Second, give-way and stand-on ships exhibit similar magnitudes of maximum course alteration
relative to the planned route, suggesting that ships with different responsibilities share a comparable
understanding of what is “substantial action” as required by the COLREGs. Third, for stern-passing CABs,
although give-way ships take evasive actions significantly earlier than stand-on ships, both
responsibilities maintain highly similar minimum ship-to-ship distances. On the one hand, this suggests
that the interpretation of an acceptable safety distance does not vary substantially with collision avoidance
responsibility, which is consistent with navigational practice where statistic-based ship domains are not
explicitly differentiated between give-way and stand-on ships. On the other hand, it indicates that
although stand-on ships tend to take avoidance actions later, this delay does not lead to smaller minimum
passing distances. This suggests that the avoidance timing of stand-on ships remains within a safe range,
offering insight into the lower bound of acceptable avoidance timing of stand-on ships. Fourth, for bow-
passing CABs, the similar avoidance timing but smaller minimum distances observed for give-way ships
suggest that Crossp,, encounters are likely associated with navigational constraints or limited
manoeuvring space, which prevent early avoidance actions and hinder passing at a larger safety distance.
Consequently, both the COLREGs and navigational practice indicate that, when circumstances permit,
autonomous ship collision avoidance models should avoid passing ahead of other ships.

The findings provide valuable insights and implications for a range of stakeholders.

(1) Implications for the development of MASS.

The extracted critical encounter scenarios provide valuable real-world data for the development and
testing of autonomous collision avoidance systems. Most existing methods, such as velocity obstacles
(Wangetal., 2023), model predictive control (Chen et al., 2025), artificial potential fields (Li et al., 2024a),
and reinforcement learning (Wang et al., 2024a; Yang et al., 2026), rely on expert knowledge to generate
collision avoidance strategies. However, collision avoidance strategies are influenced by many factors,
including the encounter scenarios, environmental conditions, and interpretation of COLREGs. Expert
knowledge alone is therefore unlikely to fully reflect navigators’ practical experience. The critical
encounter scenarios extracted by the proposed framework, containing navigators’ CABs across a wide
range of real encounter conditions, can provide the data for MASSs to learn collision avoidance strategies
that are more consistent with actual practical experience. Furthermore, most existing autonomous
collision avoidance methods are validated using manually constructed testing scenarios, which may not
reflect the complexity and diversity of typical real-world encounters. The large set of critical encounter
scenarios extracted by this framework can serve as realistic test cases, enabling more rigorous and

representative validation of autonomous collision avoidance systems across varied and challenging real-
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world conditions.

(2) Implications for enhancing maritime situational awareness.

The extracted critical encounter scenarios can also support the development of interaction-aware ship
trajectory prediction models, which can significantly enhance the crew’s maritime situational awareness.
In historical AIS data, normal route-following trajectories account for the majority of samples, while
collision avoidance interactions are relatively rare and often embedded within long periods of routine
navigation. As a result, prediction models trained on general AIS data have limited ability to capture how
ships interact in safety-critical encounters, making it challenging to reveal the potential future interactions
of surrounding ships. By extracting critical encounter scenarios in which collision avoidance behaviour
is observable, the proposed framework provides interaction-rich samples for analysing ship-to-ship
interactions. These scenarios can be used to construct targeted training or evaluation datasets, helping
future prediction models better assess whether they can reproduce realistic manoeuvring responses under
collision avoidance situations, thereby enhancing maritime situational awareness.

(3) Implications for traffic management.

The proposed framework enables maritime authorities to systematically analyse critical encounters
from historical AIS data, providing evidence that is difficult to obtain through conventional monitoring.
Since most traffic conflicts are resolved through effective CABs, only a small proportion escalate into
accidents due to factors such as insufficient situational awareness or faulty decision-making. Accident
statistics therefore capture only a fraction of the traffic conflicts that actually occur, and do not accurately
reflect the true frequency of close-quarters/near-miss/high-conflict situations in a given waterway. By
detecting CABs and identifying the corresponding hotspots, the proposed framework provides a more
complete picture of traffic conflict, offering an empirical basis for maritime surveillance operators to take
effective measures to alleviate traffic conflicts, such as the establishment or adjustment of TSSs, the

introduction of speed restrictions in congested traffic lanes, or optimisation of traffic flow management.

6. Conclusions

This paper developed a route-aware framework for detecting ship collision avoidance behaviour from
historical AIS trajectories and for extracting critical encounter scenarios through avoidance intent
inference. The study demonstrated that the proposed method can distinguish avoidance manoeuvres from
normal route-following behaviour more reliably by incorporating planned route information and CPD.
By comparing observed trajectories with virtual route-following references, the framework was further
shown to support the interpretation of manoeuvre intent and the extraction of behaviourally meaningful
critical encounter scenarios.

A case study conducted using AIS data from the @resund Strait demonstrates the effectiveness and
interpretability of the proposed framework. The results demonstrated the effectiveness of the proposed
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framework in both behaviour detection and scenario extraction. Using 1500 labelled real-world
trajectories from the Qresund area, the behaviour identification method achieved an F1-score of 0.8203
and the critical encounter extraction method achieved an F1-score of 0.7443, indicating strong capability
in critical encounter extraction from historical AIS data. The feature importance analysis in ship behaviour
identification shows that the peak course deviation relative to the planned route plays a critical role in
distinguishing CCABs from RBs, highlighting the necessity of incorporating planned route information
for accurate behaviour identification, which has received limited attention in many existing approaches.

Based on the identified and intention-verified avoidance behaviours, the framework further extracted
4840 critical encounter scenarios from the study area, providing a substantial empirical basis for analysing
collision avoidance decision-making and supporting representative scenario construction for MASS
research. Insightful results are obtained, which directly reflect the explicit requirements of the COLREGs.
The extracted encounters show that give-way ships generally take collision avoidance actions earlier than
stand-on ships and exhibit a clear preference for stern-passing strategies in crossing encounters when
circumstances permit, which is consistent with the rules requiring early and substantial action and
advising ships to avoid crossing ahead of other ships.

Beyond these explicitly stated rules, the behavioural analysis provides insight into implicit aspects of
collision avoidance practice that are not directly specified in the COLREGs. In stern-passing crossing
encounters, give-way ships generally initiate evasive action at larger relative distances, with mean and
median values of approximately 1.65-1.69 NM, whereas the corresponding values for stand-on ships are
about 1.22-1.25 NM, indicating that give-way ships typically act around 0.4 NM earlier. Despite this
difference in timing, the minimum passing distances maintained by give-way and stand-on ships remain
highly similar, suggesting that navigators with different responsibilities share a broadly consistent
understanding of an acceptable safety distance in practice.

Future research can be directed toward several areas. First, the current framework detects candidate
collision avoidance behaviours based on change points identified by CPD. However, as CPD captures all
behavioural changes regardless of their cause, manoeuvres unrelated to collision avoidance (e.g., port
entry or traffic-induced speed adjustments) may be misclassified. Future work should therefore
incorporate additional situational context, such as the presence and motion of surrounding ships, to
improve the discrimination between avoidance and non-avoidance actions. Second, environmental factors
such as wind, current, and waves are not explicitly considered. Incorporating these effects could help
distinguish true avoidance manoeuvres from passive drift, thereby reducing false detections under adverse
conditions. Last, one limitation of the proposed intention-informed encounter extraction algorithm is
related to the attribution of avoidance intention in multi-ship encounters. In Algorithm 2, surrounding
ships are examined individually by comparing the real manoeuvring trajectory with the reference route-

following trajectory. The design of the algorithm is effective for identifying whether a surrounding ship
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is affected by the observed collision avoidance manoeuvre, but it does not fully capture the coupled nature
of a multi-ship avoidance situation. In practise, a manoeuvre may be triggered by the navigator’s
simultaneous consideration of multiple target ships when involved in a complex situation, rather than by
assessing each surrounding ship independently. As a result, the observed manoeuvre may jointly modify
the passing conditions and passing distances with several nearby ships. Therefore, a small subset of ships
identified by Algorithm 2 should not necessarily be interpreted as independent avoidance targets. Instead,
they may reflect the coupled outcome of a multi-ship avoidance decision. Future research should develop
a joint multi-ship interaction model that considers surrounding ships simultaneously, so that the relative

contribution of each ship to the observed avoidance behaviour can be estimated more explicitly.
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Appendix A: OPTICS algorithm

The reachability plot is a key component of the OPTICS algorithm, which visualises the density-
based clustering results under varying reachable distances. The OPTICS algorithm relies on two key
parameters: the maximum distance to consider & and the minimum number of points to form a cluster
MinPts. Only if there are at least MinPts points within the distance ¢ from a point p, the point p is
defined as the core point. The core distance of point p is the distance from p to its MinPtst" nearest
neighbour, expressed as follows:

. , MinPtst" nearest distance to Neighbors,|N
Distancecore(p,e,MinPts) = {w,otherwis o J IN:(P)] (A.1)
where |N.(p)| represents the number of points within the & of point p. The reachability distance of

point o relative to point p is determined as the maximum between p's core distance and the actual
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distance from o to p, as follows:

DiStanceReachability(O'p;g;MinPtS)
{max(DistanceCore(p,e,M inPts),Distance(o,p)), p is a core point (A.2)
00, otherwise

By calculating the reachability distance of each point, the clustering results for various & are
determined. More detailed pseudocode for the OPTICS algorithm procedure is provided in (Rong et al.,
2022a).

Appendix B: DTW algorithm
The core of DTW is to identify the optimal mapping between two sequences and to calculate the
cumulative distance of the optimal alignment path between them. Suppose Q = {q1,92,...qm} and C =
{c1,c2,...cn} Tepresent two sequences. Then, a distance matrix A,,x, 18 constructed, in which a;; =
1qi,cjll € Apmxn- Based on the matrix Ay, x,, a warping path WP = {wpy,wp,,...wpy,..,wp;} is defined.
The WP is comprised by a set of adjacent matrix elements in A,,x, and the length of WP must satisfy
max(m,n) < k <m + n — 1. Additionally, the warping path must satisfy the following constraints:
® Boundary constraint: wp; = a{{,Wpr = Qs
® Continuity and monotonicity: if wp, 1 =a;;,Wwp; =a;;,then 0<i—i'<1,0<j—j <1
According to the aforementioned constraints, the DTW can identify the path with the lowest warping
distance to represent the optimal mapping and distance between two sequences, as expressed as follows:

DTW(Q,C) = min (Z;WTZ%)

where wp, denotes the distance between ¢; and gq;, k represents the length of the longer sequence.

(B.1)

Considering the constraints, the minimal DTW distance is determined by following equation:

D(1,1) =
{ D((i,j% = giljl+ min(D(i — 1,/),D(i,j — 1),D(i — 1,j — 1)) (B.2)

where D(i,j) represents the cumulative distance of optimal alignment path between the two sequences.

Highlights

e Propose a novel route-aware framework for detecting ship collision avoidance manoeuvres and
corresponding critical encounters.
e Integrate Change Point Detection (CPD) with route information for behaviour identification.

e Develop an intention-informed method for extracting critical encounter scenarios.
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e Design a unified cost function to capture the evolution patterns of collision avoidance behaviour.
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