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In the field of intelligent ships, enabling ships to navigate with human-like decision-making capabilities has long 

been a research focus. However, few studies have objectively demonstrated or systematically mined the existence 

of ship collision avoidance behaviour (CAB) from real-world data. This study proposes a spatial-temporal charac-

terisation framework for ship CAB based on extracting and analysing near-collision scenarios from historical Au-

tomatic Identification System (AIS) data. Firstly, collision avoidance manoeuvres are identified using a Change 

Point Detection (CPD) technique, in which a cost function is formulated to distinguish the manoeuvring behaviour 

from normal sailing behaviour, and critical encounter scenarios are extracted through encounter situation analysis. 

Second, contributions of collision avoidance characteristic indicators are determined through Principal Component 

Analysis (PCA), taking into account the requirements of the International Regulations for Preventing Collisions at 

Sea (COLREGs). The proposed framework is applied to the Øresund waterway between Denmark and Sweden, 

where the spatial–temporal distribution of critical encounters and behavioural patterns is examined. Results of the 

case study reveal the importance of relative bearing and phase in determining the timing of collision avoidance for 

both give-way and stand-on ships. This study provides a novel perspective for understanding ship navigation be-

haviour, enhancing situational awareness, and supporting the quantitative characterisation of collision risk. 
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1. Introduction 

Ship collisions are a typical marine accident that 

results in significant casualties, substantial eco-

nomic losses, and significant environmental pol-

lution (Guedes Soares & Teixeira, 2001). To 

reduce ship collision accidents, the International 

Regulations for Preventing Collisions at Sea 

(COLREGs) stipulate when and how evasive 

actions should be taken under different encoun-

ter scenarios and collision avoidance responsibil-

ities (IMO, 1972). However, some key rules of 

COLREGs are formulated in qualitative, non-

deterministic language, which makes it difficult 

for human navigators to directly apply them to 

make collision avoidance decisions. Instead, 

navigators are required to interpret the 

COLREGs based on their professional 

knowledge and experience. 

In simple encounter situations, competent 

navigators are generally able to formulate effec-

tive collision avoidance strategies. However, as 

navigators’ mental workload increases with situ-

ational complexity (Montewka et al., 2022), ac-

curate situation assessment and timely decision-

making become significantly challenging in 

complex multi-ship encounters within restricted 

waterways. To address this challenge, a wide 

range of decision-support methods has been pro-

posed to assist navigators in determining appro-

priate collision avoidance timing. 

Distance at Closest Point of Approach 

(DCPA) and Time to Closest Point of Approach 

(TCPA) are widely used indicators for support-
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ing navigators in determining collision avoid-

ance timing. To jointly consider the DCPA and 

TCPA, the Collision Risk Index (CRI) was first 

proposed by Kearon (1977), which is a polyno-

mial equation involving DCPA and TCPA. Zhao 

et al. (2016) considered DCPA, TCPA, relative 

distance, relative bearing, and relative speed, and 

then employed ER theory to assess the CRI to 

support a collision avoidance system. Hu et al. 

(2020) developed a CRI-based collision avoid-

ance method, demonstrating that the timing of 

evasive actions is closely related to the CRI val-

ue. Furthermore, through a series of comparative 

experiments, they further identified a recom-

mended range of CRI thresholds for initiating 

collision avoidance actions. 

Except for CRI, many other methods have 

been proposed to support the timing of initiating 

evasive actions. Gil et al. (2022) determined the 

empirical values of Bow Crossing Range (BRC) 

during routine operations of merchant ships in 

ship encounters based on a ten-year AIS dataset. 

Zhang et al. (2015) developed a Vessel Conflict 

Ranking Operator (VCRO) method to evaluate 

near-miss ship collision risk, which considers the 

relative distance, phase, and speed. To assess the 

near-miss collision risk more accurately, Liu et 

al. (2023) proposed a Kinematics Feature-based 

Vessel Conflict Ranking Operator (KF-VCRO) 

method, which introduces ship specifications to 

the VCRO. Wang (2010) established a Fuzzy 

Quaternion Ship Domain (FQSD) incorporating 

ship length, speed, manoeuvrability, and 

COLREGs, thereby further estimating the spatial 

collision risk. Montewka et al. (2010) proposed a 

Minimal  Distance to Collision (MDTC), which 

represents the last moment for taking avoidance 

actions under current manoeuvrability and state.  

Unlike existing collision avoidance timing 

determination studies that are based on the risk 

or conflict indices, this study focuses on analys-

ing which indicators dominate the initiation of 

observed evasive actions in real AIS-based en-

counters. The main contribution is an integrated 

framework that first identifies collision avoid-

ance manoeuvres through CPD, then extracts 

critical encounter scenarios by the intention of 

collision avoidance, and finally analyses the 

dominant indicators at the moment of action ini-

tiation using PCA.  

This study first identifies manoeuvring be-

haviours and then extracts the corresponding 

encounter scenarios. Subsequently, Principal 

Component Analysis (PCA) is applied to identi-

fy the key indicators of collision avoidance char-

acteristics, thereby supporting the development 

of effective decision support methods. The re-

mainder of this paper is organised as follows. In 

Section 2, the methodology is developed and 

introduced, including ship behaviour identifica-

tion, encounter extraction, and indicator contri-

bution analysis. Then, the results analysis is pre-

sented in Section 3. Section 4 concludes this 

paper. 

2. Methodology 

 

Fig. 1. Framework of collision avoidance behav-

iour identification and analysis method. 

Collision avoidance characteristic indicators are 

essential for representing encounter situations and 

determining the timing of evasive actions. To 

quantify the contributions of these indicators to 

actual collision avoidance decisions, this study 

proposes a new methodology that consists of three 

parts: ship behaviour identification, encounter 

extraction, and indicator contribution analysis (Fig. 

1). First, a Change Point Detection (CPD) method 

is employed to identify manoeuvring behaviours. 

Then, an encounter scenario extraction method is 

proposed to determine the timing of collision 

avoidance. Finally, a Principal Component Analy-

sis (PCA) is applied to evaluate the relative im-

portance of collision avoidance characteristic in-

dicators for determining the collision avoidance 

timing. The considered indicators include com-

monly used ship relative features (e.g., DCPA, 
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TCPA, relative distance, bearing, course, speed, 

and phase), as well as evasive action-related indi-

cators, such as the maximum course alteration and 

the minimum ship-to-ship distance during avoid-

ance. 

2.1. Ship Behaviour Identification 
In signal processing, CPD is the task of identify-

ing changes in the underlying model of a signal or 

time series (Truong et al., 2020). The aim of CPD 

methods is to determine the optimal change points 

to minimise the cost. Subsequently, establishing 

an appropriate cost function is the most important 

step in the CPD method.  

The overall cost function is shown in Eq. (1). 

( , , ) = ( ) , (1) 

where  denotes the ordered set of the behavioural 

change points,  and  denote the trajectory and 

planned route, Sail( ) and Mano( ) are the sail-

ing/manoeuvring segment costs,  is a change 

point penalty,  and  are the trajectory and 

planned route segments in between change 

points  and . 

Given that collision avoidance behaviours 

exhibit a deviation–recovery evolution pattern 

(Fig. 2), this evolution pattern is considered in 

Sail( ) and Mano( ), instead of short-term varia-

tions in kinematic features, which are sensitive to 

noise. The Mano( ) is expressed in Eq. (2). 

Mano( , ) = +

= + + + ( , )

= + + +

(2) 

where  and  represent the cost in distance and 

relative course. 

 
Fig. 2. Evolution pattern in collision avoidance 

behaviour. 

2.1.1. Peak Cost 
COLREGs state that the evasive action should be 

large enough to be readily apparent to another 

ship. Therefore, the peak values in the deviation 

and recovery stages are introduced to the cost 

function as the extent of evasive action, as shown 

in Eq. (3). 

= , , { , }

( , ) =

1

+
, 0

0, >

(3) 

where  represents the peak cost associated 

with feature ,  denotes the minimum peak of 

feature  in deviation and recovery stages,  

is the threshold, ( ) denotes the inverse hinge 

function. 

2.1.2. Amplitude Cost 
Due to environmental constraints, ships may sail 

parallel to the planned route, resulting in a large 

peak in distance. Consequently, the amplitude of 

evolution patterns is introduced to represent the 

change in kinematic features, as expressed in Eq. 

(4). 
= , (4)

where  represents the amplitude cost associ-

ated with feature ,  denotes the minimum 

amplitude of feature  in deviation and recovery 

stages,  represents the threshold. 

2.1.3. Proportion Cost 
Compared to stable route-following behaviour, 

collision avoidance behaviour exhibits a clear 

deviation-recovery pattern, with significant 

changes in kinematic features. Therefore, the pro-

portion of kinematic variations is introduced to 

capture this difference, as shown in Eq. (5). 
= , (5) 

where  represents the proportion cost asso-

ciated with feature ,  denotes the mini-

mum proportion of variation of feature  in devi-

ation and recovery stages,  is the threshold. 

2.1.4. Rate of Turn Cost 
The Rate of Turn (ROT) reflects the rate of 

change in ship course. Since COLREGs require 

the ship to avoid a succession of small alterations 

of course in collision avoidance, the average of 

ROT is considered, as shown in Eq. (6). 
= ( , ) (6) 

where  denotes the average of | |,  is 

the threshold. 

2.1.5. Sailing Penalty 
To accurately identify the change points between 

sailing and manoeuvring behaviours, a sailing 

penalty is introduced to reduce the misclassifica-

tion of sailing behaviours as manoeuvring behav-
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iours before and after manoeuvring. The sailing 

penalty is shown in Eq. (7). 

( , ) = , 0

.

+ , 0

.

(7) 

where ( )  denotes the sailing penalty,  is the 

distance between the trajectory segment  and 

planned route ,  is the length of . 

2.1.6. Change Point Penalty 

Since the number of change points is unknown, 

the optimal segmentation is obtained by searching 

for the set of change points that minimises the 

total cost under different numbers of change 

points. To prevent the number of change points 

from increasing indefinitely, a change point penal-

ty is introduced in Eq. (8). 
( ) = 1 + (8) 

where  indicates the number of change points, 

 is the threshold. 

2.1.7. Sailing Cost 
The most typical pattern of sailing behaviour is to 

sail along the planned route. In an ideal condition, 

when a ship sails along the planned route, the dis-

tance and course relative to the planned route are 

near zero. Therefore, the sailing cost is shown as 

Eq. (9). 

Sail( , ) = + (9) 

where the sail represents the sailing cost function, 

 denotes the course relative to the planned route. 

Based on the sailing and manoeuvring cost 

functions, dynamic programming (DP) is em-

ployed to search for the optimal change points that 

minimise the total segmentation cost for a given 

number of change points, . The number of 

change points is then increased iteratively until the 

total cost no longer decreases. 

2.2. Ship Encounter Extraction 

When a ship takes evasive action, there are often 

multiple other ships surrounding it. To extract 

encounters involving ship-to-ship interactions, a 

new method is proposed. The key idea of this 

method is to compare the real trajectory with a 

hypothetical route-following trajectory, to exam-

ine whether the manoeuvring action is motivated 

by collision avoidance and which ships are avoid-

ed by the evasive action. By analysing differences 

in ship interactions between the real and reference 

trajectories, the avoidance intention can be in-

ferred, and the corresponding critical encounter 

scenarios can be accurately identified. Conse-

quently, crossing encounters are further subdivid-

ed into four types by comparing the passing con-

dition and distance in the reference trajectory and 

real manoeuvring trajectory, as shown in Table 1.  

Table 1. Subdivided crossing encounter types. 

Crossing en-

counter types 

Reference tra-

jectory 

Real manoeu-

vring trajectory 

Con Dis Con Dis 

 Bow  Bow  

 Bow - Stern - 

 Stern  Stern  

 Stern - Bow - 

(Con and Dis denote the passing condition and relative 

distance between two ships,  is the passing distance 

between ships, - is not applicable,  is the threshold) 

2.3. PCA-based Indicator Contribution Analysis 

Evaluating the relative contributions of collision 

avoidance characteristic indicators at the moment 

of avoidance action initiation is essential for un-

derstanding the dominant factors underlying colli-

sion avoidance behaviour. To achieve this, PCA is 

employed to quantify the contribution of different 

indicators when evasive actions are initiated. 

2.3.1. Collision Avoidance Characteristic Indica-
tors 

Closest Point of Approach (CPA): CPA repre-

sents the point at which the distance between own 

ship and target ship is minimal under the assump-

tion that both own ship and target ship maintain 

their speed and course. The distance at CPA is 

DCPA, while the time to CPA is TCPA. Let 

points = ( , , , )  and =
( , , , ) represent the position of own 

ship and target ship. The relative distance and 

relative speed are expressed as Eqs. (10-14). 

= 2 sin
sin

2
+

cos cos sin
2

(10) 

= ( cos cos ) + ( sin sin ) (11) 

where  represents the relative distance between 

own and target ships,  denotes the relative ve-

locity,  is the radius of Earth. 

= cos
cos( )

(12) 

= sin( ) (13) 

=
cos( )

(14) 

where  denotes the relative course,  repre-

sents the bearing of the target ship relative to the 

own ship. 
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Relative bearing: relative bearing refers to the 

angle between the own ship course and the loca-

tion of target ship. According to the COLREGs, 

the encounter types are partially determined based 

on relative bearing, influencing the timing and 

measure of collision avoidance. 

Relative velocity: refers to the velocity vector of 

the target ship with respect to the own ship, in-

cluding both its magnitude (relative speed) and 

direction (relative course). The relative speed re-

flects the potential severity of collision conse-

quences, while the relative course reflects the pos-

sible pattern of relative motion. 

Relative distance: refers to the distance between 

own ship and target ship. It is one of the most 

widely used indicators in collision avoidance de-

cision-making, as many methods trigger evasive 

actions when the distance falls below a certain 

threshold. 

Phase: refers to the angular difference between 

the courses of the own ship and the target ship, 

with a range of [ , ] (see (Zhang et al., 2015)). 

A positive value indicates that the ships are ap-

proaching, whereas a negative value denotes that 

the ships are receding from each other. 

Magnitude of evasive action: characterises the 

extent of manoeuvring action during collision 

avoidance. Collision avoidance decisions consist 

of two coupled components: the timing and the 

magnitude of evasive actions. To account for this 

coupling, two indicators are considered: the max-

imum deviation course and the minimum distance 

between ships. The maximum deviation course 

represents the largest course alteration relative to 

the planned route, reflecting the intensity of 

manoeuvring, while the minimum distance de-

scribes the achieved safety distance during avoid-

ance. The maximum deviation course and mini-

mum distance are expressed in Eqs. (15) and (16). 
= max( ) (15) 

= min( ) (16) 
where  is the maximum deviation course, 

 represents the course relative to the planned 

route in the deviation stage,  denotes the min-

imum distance. 

2.3.2 Principal Component Analysis 

PCA is a classical multivariate statistical tech-

nique for dimensionality reduction and feature 

importance analysis. Its objective is to transform a 

set of correlated variables into a new set of or-

thogonal variables, referred to as principal com-

ponents, which successively maximise the vari-

ance of the data. 

Let ×  denote a feature matrix with 

m samples and n features. The matrix is first 

standardised to remove scale effects by Eq. (17). 

= (17) 

where  denotes the matrix of  feature,  is 

its standardised form,  and  are the corre-

sponding mean and standard deviation. 

The covariance matrix  of the standardised 

 and its eigenvalues  and eigenvectors v  are 

then obtained by Eqs. (18) and (19)  

=
1

1
(18) 

= (19) 
Each eigenvector defines a principal compo-

nent direction, while the corresponding eigenval-

ue represents the amount of variance explained. 

The principal components are ranked by descend-

ing eigenvalues, and the first  components ex-

plaining most of the variance are retained. The 

contribution of feature  is computed as the 

squared loading normalised by the sum of squared 

loadings over all features, providing an objective 

measure of the relative importance of different 

indicators. 

3. Case studies and Results 
The case AIS data cover the Øresund Strait, in-

cluding the Helsingør–Helsingborg (HH) ferry 

route connecting Helsingør, Denmark, and Hel-

singborg, Sweden. They are collected from 1 Jan-

uary 2024 to 31 December 2024. Before analysis, 

a pre-processing procedure is applied to ensure 

data quality. First, trajectories are segmented us-

ing a 900s time-gap threshold. Then, each seg-

ment is linearly interpolated at 10 s. Through the 

pre-processing, 44530 validated segments across 

7799 ships are obtained. Owing to the dense traf-

fic and frequent ferry crossings in the study area, 

the dataset provides a representative test bed for 

restricted-water ship encounters, although it does 

not cover all navigational environments. 

3.1. Ship Behaviour Identification Results 

To determine the thresholds in the cost function, 

over 1200 trajectories are randomly sampled and 

manually labelled to evaluate the performance of 



3458 Proc. of the European Safety and Reliability Conference (ESREL 2026)

different threshold sets. However, exhaustively 

exploring all combinations of the eight threshold 

parameters results in prohibitively high computa-

tional complexity. Therefore, an orthogonal ex-

perimental design is adopted to systematically 

explore the parameter space. 

The thresholds are selected by jointly evalu-

ating representative parameter sets using accuracy, 

precision, recall, and F1-score. The adopted set 

achieves the highest recall (0.8253) and F1-score 

(0.8235), while maintaining high accuracy 

(0.9356) and precision (0.8217). This result 

demonstrates that the joint cost function defined 

in Eqs. (1)-(9) effectively distinguishes manoeu-

vres from route-following behaviours by captur-

ing their distinct behavioural patterns. The specif-

ic parameter settings are shown in Table 2. 

Table 2. Parameter settings. 

Parameter Value Parameter Value 

 1.000  10°/180° 

 0.600  0.200 

 0.200  0.200 

 10°/min  0.100 

 

3.2. Ship Encounter Extraction Results 

The distribution of encounter types extracted us-

ing the proposed method is summarised in Table 3. 

Routes 1 and 2 represent the ferry route from Hel-

singborg to Helsingør and Helsingør to Helsing-

borg, respectively. The extracted encounters are 

assumed to be in good visibility conditions, and 

therefore Rule 19 does not apply. Furthermore, 

this study focuses on encounters involving cargo 

and passenger ships, both of which are power-

driven vessels with the same priority level under 

Rule 18. Consequently, the analysis of extracted 

encounters focuses on Rules 13–15. 

Table 3. Distribution of encounter types. 

Encounter types Route 1 Route 2 

 384 (9.98%) 131 (5.76%) 

 787 (20.45%) 815 (35.81%) 

 830 (21.56%) 921 (40.47%) 

 16 (0.42%) 11 (0.48%) 

Head-on 1647 (42.79%) 318 (13.97%) 

Overtaking 93 (2.42%) 46 (2.02%) 

Overtaken 92 (2.39%) 34 (1.49%) 

In the crossing encounter types,  

and , which correspond to give-

way ships passing astern of the target ships, ac-

count for 1617 and 1736 cases on Routes 1 and 2, 

respectively. The number of these encounter types 

is significantly higher than that of bow-passing 

encounters, which are 400 and 142, respectively.  

This observed distribution indicates a clear 

preference for passing astern of the target ships, 

consistent with the requirements of Rule 15 of the 

COLREGs. The consistency between the extract-

ed encounter patterns and COLREGs demon-

strates the effectiveness of the proposed encounter 

extraction method. 

3.3. Indicator Contribution Results 

According to the COLREGs, give-way ships are 

required to take early and substantial action, 

whereas stand-on ships are expected to maintain 

their course and speed and only take evasive ac-

tion when a collision cannot be avoided by the 

action of the give-way vessel alone. Given this 

fundamental difference in the timing of initiating 

collision avoidance manoeuvres, the contributions 

of collision avoidance characteristic indicators are 

analysed separately for give-way and stand-on 

ships. 

 
Fig. 3. Explained variance ratio of principal com-

ponents. 

Fig. 3 shows that the first six principal com-

ponents account for more than 80% of the total 

variance for both give-way and stand-on ships, 

indicating that collision avoidance is difficult to 

characterise by a single or two indicators, but ra-

ther by a series of indicators. 
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Fig. 4. PCA of collision avoidance indicators for 

give-way and stand-on ships. 

 

Fig. 4 illustrates the projection of collision avoid-

ance characteristic indicators onto the first two 

principal components (PC1 and PC2). Each point 

represents a set of indicators at the moment of 

initiating evasive action in an extracted encounter 

scenario, coloured by encounter type. Encounters 

of the same type exhibit a noticeable clustering 

tendency, indicating that the PC1–PC2 space cap-

tures consistent characteristics within each en-

counter type. 

In the give-way group, different encounter 

types exhibit a relatively compact and overlapping 

distribution in the PC1–PC2 space. This suggests 

that, despite differences in encounter situations, 

the dominant factors influencing the timing of 

collision avoidance actions for give-way ships do 

not differ significantly across encounter types. 

From a regulatory perspective, this observation is 

consistent with the COLREGs, which require 

give-way ships to take early and substantial action, 

regardless of specific encounter configuration. As 

a result, the collision avoidance characteristic 

indicators appear to be more homogeneous for 

give-way ships. 

In contrast, for the stand-on group, overtak-

en encounters form a clearly separated cluster 

from crossing encounters in the PC1–PC2 space. 

This indicates that the factors influencing the tim-

ing of avoidance actions for stand-on ships differ 

substantially between overtaken and crossing situ-

ations. 

 
Fig. 5. Contribution of collision avoidance charac-

teristic indicators for give-way and stand-on ships. 

 

Fig. 5 illustrates the joint contribution of col-

lision avoidance characteristic indicators to the 

first principal component, which represents the 

direction of maximum variance obtained by pro-

jecting the original variables onto the leading ei-

genvector of the covariance matrix. Relative bear-

ing exhibits the highest contribution in the give-

way group (47.7%) and the second-highest contri-

bution in the stand-on group (19.5%), while the 

phase indicator shows the opposite trend. This 

indicates that relative bearing and phase jointly 

dominate the principal variation associated with 

collision avoidance decision timing. Such a domi-

nant pattern is consistent with the encounter clas-

sification in COLREGs, where encounter types 

are primarily determined by relative bearing. 

Moreover, the phase indicator essentially inte-

grates relative bearing with the target ship’s 
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course, thereby capturing key aspects of encounter 

characteristics. The high contributions of these 

indicators suggest the importance of these en-

counter-related characteristics for both give-way 

and stand-on ships. 

In addition, relative distance and relative 

speed present notable contributions in the stand-

on group, accounting for 18.0% and 15.9%, re-

spectively, while their contributions in the give-

way group are negligible. This suggests that 

stand-on ships rely more on distance- and speed-

related information to assess encounter evolution.  

4. Conclusions 
This study investigated the contribution of colli-

sion avoidance characteristic indicators to the 

timing of evasive action by integrating CPD-

based ship behaviour identification, encounter 

extraction and PCA-based contribution analysis. 

Using AIS data from the Øresund Strait, a total of 

6125 encounter scenarios were identified and ana-

lysed. The results show that relative bearing and 

phase exhibit dominant contributions for both 

give-way and stand-on ships, indicating that en-

counter geometry leads the principal variation 

associated with collision avoidance timing. More-

over, the distinct contribution patterns between 

give-way and stand-on ships reflect differences in 

their perceptual priorities. 

Although PCA provides an effective means 

of quantifying the relative contributions of indica-

tors, the underlying mechanisms behind these 

contribution patterns still require further investiga-

tion to improve interpretability. In addition, PCA 

is more suitable for continuous variables and has 

limited capability in analysing discrete indicators, 

such as ship domain violation. Since the focus of 

this study is to establish an integrated analysis 

framework, the comparison with existing methods 

remains limited. Moreover, the framework de-

pends on the robustness of behaviour identifica-

tion and encounter extraction, and its applicability 

in more heterogeneous real-world scenarios still 

requires further validation. Finally, due to the 

frequent ferry crossings in the study area, the re-

sults may partly reflect the navigational character-

istics of this specific area. 
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