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ABSTRACT

Recognition of ship traffic patterns can provide insights into the rules of navigation, maneuver-
ing, and collision avoidance for ships at sea. This is essential for ensuring safe navigation at sea
and improving navigational efficiency. With the popularization of the Automatic Identification
System (AIS), numerous studies utilized ship trajectories to identify maritime traffic patterns.
However, the current research focuses on the spatiotemporal behavioral feature clustering of
ship trajectory points or segments while lacking consideration for multiple factors that influ-
ence ship behavior, such as ship static and maritime geospatial features, resulting in insufficient
precision in ship traffic pattern recognition. This study proposes a ship traffic pattern recogni-
tion method that considers multi-attribute trajectory similarity (STPMTS), which considers ship
static feature, dynamic feature, port geospatial feature, as well as semantic relationships
between these features. First, A ship trajectory reconstruction method based on grid compres-
sion was introduced to eliminate redundant data and enhance the efficiency of trajectory
similarity measurements. Subsequently, to quantify the degree of similarity of ship trajectories,
a trajectory similarity measurement method is proposed that combines ship static and dynamic
information with port geospatial features. Furthermore, trajectory clustering with hierarchical
methods was applied based on the trajectory similarity matrix for dividing trajectories into
different clusters. The quality of the similarity measurement results was evaluated by quality
criterion to recognize the optimal number of ship traffic patterns. Finally, the effectiveness of
the proposed method was verified using actual port ship trajectory data from the Tianjin Port of
China, ranging from September to November 2016. Compared with other methods, the
proposed method exhibits significant advantages in identifying traffic patterns of ships enter-
ing and leaving the port in terms of geometric features, dynamic features, and adherence to
navigation rules. This study could serve as an inspiration for a comprehensive exploration of
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maritime transportation knowledge from multiple perspectives.

1. Introduction

Maritime transportation plays a crucial role in the
process of trade globalization. According to the
United Nations Conference on Trade and
Development (UNCTAD) statistics, over 80% of glo-
bal trade is conducted through maritime transporta-
tion, and within the next five years, maritime trade
volume is expected to continue growing at an annual
rate of 2.1% (United Nations Conference on Trade
and Development 2022). With the rapid increase in
international trade transport, maritime traffic safety
faces severe challenges (Chen et al. 2020). Ships are the
primary entities of maritime activities. Analyzing ship
movement information enables the identification of
ship traffic behavior patterns, which result from the
collective behavior influenced by factors such as ship
characteristics, crew habits, and external environmen-
tal factors. Accurate identification of ship traffic

patterns contributes significantly to maritime naviga-
tion and collision avoidance (Zhang, Wang et al. 2021;
Zhang et al. 2023), recognition of abnormal ship beha-
vior (Kontopoulos, Varlamis, and Tserpes 2021; Zissis
et al. 2020), maritime risk assessment (Chen et al.
2022; Zhang, Conti et al. 2021), and other aspects of
maritime ship traffic safety and management (Liu,
Gao et al. 2023; Pang et al. 2022), playing a crucial
role for intelligent maritime applications (Liu, Yan
et al. 2023).

With the widespread adoption of tracking systems
such as Automatic Identification System (AIS), vast
amounts of trajectory information containing ship
positions, directions, and speeds are recorded and
stored. It has become convenient and feasible to iden-
tify ship traffic patterns through clustering analysis of
ship trajectory information. Currently, quantitative
methods for identifying ship traffic patterns can be
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divided into two categories based on the clustering
objects: trajectory points and trajectory segments.
Methods that use ship trajectory points as clustering
objects include k-means (Zhou, Daamen, Vellinga,
and Hoogendoorn 2019), and Density-based Spatial
Clustering of Applications with Noise (DBSCAN)
clustering (Besse et al. 2016). Methods that use ship
trajectory segments as clustering objects include spec-
tral clustering (Gao and Shi 2020) and hierarchical
clustering (Liang et al. 2021). However, these methods
mainly measure the similarity of motion attribute
information within ship trajectory points or segments,
and classify ship trajectories accordingly. They lack the
consideration of external environmental factors that
influence ship movements, such as geospatial features
of the water areas. Furthermore, the construction of
a ship trajectory similarity measurement method that
can integrate multiple attribute features is still an area
requiring further research.

During maritime navigation, ship movements are
influenced by factors such as the ship properties, crew
habits, and geographical environment. For example,
different ship types have different maneuvering per-
formances, different operators may employ varying
strategies in terms of timing, acceleration, decelera-
tion, and turning angles to avoid collisions, and the
geographic conditions of ports may lead to different
route choices by vessels. Ship behaviors exhibit char-
acteristics of randomness, diversity, and interdepen-
dency (Zhen, Shao, and Pan 2021; Zhou, Daamen,
Vellinga, and Hoogendoorn 2019). Therefore, consid-
ering only the simple ship trajectory information
makes it difficult to accurately and reasonably identify
ship traffic patterns. It is necessary to integrate multi-
ple attribute features to identify vessel traffic patterns.
However, research on ship traffic pattern identifica-
tion considering the integration of multiple attribute
features is still limited, especially concerning port
water areas.

To address the limitations of previous research, this
paper focuses on studying ship traffic in port water
areas and proposes a ship traffic pattern recognition
method that considers multi-attribute trajectory simi-
larity (STPMTS). The method consists of three mod-
ules: trajectory reconstruction, trajectory similarity
measurement, and trajectory clustering. Specifically,
based on the maneuvering characteristics of ships in
port water areas, a grid-based compression method is
proposed for trajectory reconstruction to eliminate
redundant data and improve the efficiency of trajec-
tory similarity measurement. A multi-attribute trajec-
tory similarity measurement method is designed that
integrate ship AIS data and port geographical features
to address the issue of measuring similarity between
trajectories with multiple attribute features related to
ship movements. Hierarchical clustering is employed
to classify the similarity results, and a clustering

quality criterion is used to identify the optimal num-
ber of ship traffic patterns. The effectiveness of the
proposed method is validated using actual ship trajec-
tory data.

The main contributions of this research can be
summarized as follows: (1) A framework for recogniz-
ing ship traffic patterns in port water areas is proposed
and its effectiveness is validated using actual ship
trajectory data. (2) A ship trajectory reconstruction
method based on grid compression is proposed to
eliminate redundant data and improve the efficiency
of trajectory similarity measurement. (3) Considering
the complex traffic environment in port water areas,
a multi-dimensional attribute-based trajectory simi-
larity measurement method is proposed that takes
into account the relationships between attributes. (4)
Based on the similarity results, hierarchical clustering
is applied to cluster trajectories with multiple attribute
features, and a clustering quality criterion is used to
optimize the number of clusters and eliminate artifi-
cial interference.

The rest of this paper is organized as follows.
Section 2 provides an overview of the research on
ship traffic patterns. Section 3 presents the framework
for recognizing ship traffic patterns in port water
areas. Section 4 describes the methods for ship traffic
pattern recognition. Validation and case studies are
presented in Section 5. Finally, conclusions and future
prospects are discussed. The discussion and conclu-
sion sections are given in Section 6 and 7, respectively.

2. Related works

Research on ship traffic pattern recognition has been
continuously evolving and becoming more sophisti-
cated with variations in the format, types, and quantity
of trajectory data. Currently, there are two types of
trajectory-based ship traffic pattern studies: individual
trajectory points and trajectory segments, respectively
(Yuan et al. 2017).

For the individual trajectory points, clustering
based on point distances is used to categorize ship
trajectory. Yan et al. (2016) proposed a method using
the DBSCAN clustering approach to identify patterns
of stationary areas and frequent shipping routes of
vessels, aiming to construct and analyze maritime
ship traffic patterns. Zhou, Daamen, Vellinga, and
Hoogendoorn (2019) introduced a ship behavior pat-
tern recognition method in port waters based on the
K-means clustering approach. They classified ships
based on static features such as ship type, heading,
and speed. Lee et al. (2021) applied the DBSCAN
clustering algorithm to cluster trajectory points of
vessels entering and exiting ports, identifying leg and
turning section to assist ship maneuvering during
arriving and departing from port. Rong et al. (2020)
utilized the DBSCAN algorithm to cluster turning



points in ship trajectories, identifying waypoints to
provide vector representations of ship routes. These
studies mostly focused on clustering trajectory based
on geographical coordinate attributes, lacking consid-
eration of other ship attributes such as ship type,
heading, and speed. Zissis et al. (2020) proposed
a method for maritime traffic pattern recognition
based on a distributed framework and unsupervised
learning. This method used ship types and voyage start
and destination positions as the basis for voyage
extraction and applied k-means clustering to ship
position coordinates to generate maritime routes.
Kontopoulos, Varlamis, and Tserpes (2021) presented
an improved DBSCAN-based ship traffic pattern
extraction method, considering ship speed, heading,
and position attributes during the clustering process.
However, trajectory point-based clustering methods
neglect the shape characteristics of the trajectories,
making it challenging to model global trajectory fea-
tures and motion trends. Moreover, they do not con-
sider external environmental factors that influence
ship movements.

Clustering ship trajectory segments involves clus-
tering continuous trajectory points to obtain more
comprehensive ship traffic patterns. When clustering
ship trajectory segments, it is necessary to first calcu-
late the similarity of trajectory segments and then use
clustering methods to identify ship traffic patterns.
Trajectory similarity measurement methods can be
broadly categorized into two types: Shape-based meth-
ods and Warping-based methods (Su et al. 2020). On
the shape-based methods (Lee, Lee, and Cho 2022;
Wang et al. 2021), calculate the shape differences
between different trajectories using the Hausdorff dis-
tance and apply density clustering algorithms for tra-
jectory clustering. Ma et al. (2014) developed a ship
motion pattern recognition method combining the
OWD distance and Spectral clustering algorithm.
Shape-based similarity measurement methods typi-
cally focus only on the geometric shape of trajectories
and are sensitive to trajectory noise and uneven sam-
pling. On the Warping -based methods, Zhao and Shi
(2019) calculate the similarity matrix of ship trajectory
segments using dynamic time warping (DTW), com-
bined with the DBSCAN clustering method to identify
ship traffic patterns. To consider both the overall and
local characteristics of trajectory segments, L. Liu et al.
(2022) incorporate static and dynamic features of tra-
jectories to calculate distance between trajectories and
employ a hybrid clustering method to analyze ship
traffic. Tang et al. (2021) proposed a trajectory simi-
larity measurement method based on the geometric
structure of trajectories and applied an improved
FOP-OPTICS algorithm for clustering trajectory seg-
ments. Yang et al. (2022) introduced a DBTCAN clus-
tering algorithm that utilizes the Hausdorff distance
for similarity and can cluster trajectories of different
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lengths. In recent years, some scholars have applied
deep convolutional autoencoders to learn low-
dimensional features from trajectory data, providing
similarity measurement methods for ship trajectory
clustering (Liang et al. 2021). However, research on
clustering trajectory segments still primarily relies on
the trajectory data itself to calculate similarity, with
little consideration for external environmental factors
that affect ship movements. Overall, the current
research on ship traffic pattern recognition mainly
relies on ship trajectory information, such as position,
heading, and speed, while lacking in-depth analysis of
ship-specific attributes and the spatial-temporal bind-
ing and correlation of navigational environmental
factors.

With the rapid development of Internet of Things
(IoT) technologies, mobile trajectory data can now
be enriched with semantic information through mul-
tiple sensors (Perera et al. 2013). New methods have
been developed for measuring the similarity of
multi-attribute trajectories, such as the longest com-
mon subsequence (LCSS) (Yao et al. 2017), edit dis-
tance (ED) (Fu et al. 2017). LCSS reduces the
influence of noise by defining distances and match-
ing thresholds for attributes, determining similarity
values based on the relationship between distances of
trajectory points and matching thresholds (Park,
Jeong, and Park 2021). However, LCSS is still
focused on the spatiotemporal similarity of trajectory
data and assumes interdependence among all attri-
butes. To overcome the limitations of previous
approaches, Furtado et al. (2016) proposed
a similarity measurement method called MSM,
which can handle semantic dimensions beyond the
spatiotemporal dimension of trajectories and can
define specific weights based on the importance of
research attributes. Nevertheless, this method over-
looks the relationships between attributes. Petry et al.
(2019) introduced a flexible multi-aspect trajectory
similarity measurement method (MUITAS), which
allows customization of distance functions and
weights for different attributes and also considers
semantic relationships among trajectory attributes.

To address the lack of consideration for ship-
specific attributes and navigational environmental fac-
tors in current ship traffic pattern recognition
research, this study proposes a ship traffic pattern
recognition method that integrates multiple attribute
features and utilizes a similarity measurement method
for trajectory clustering that combines AIS informa-
tion and port geographical features. Ship trajectories
are described from three aspects: static features,
dynamic features, and port geospatial features. The
semantic relationships between different attribute fea-
tures are taken into account, and a multi-aspect tra-
jectory similarity measurement method is used to
calculate similarity between trajectories. Hierarchical
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Figure 1. Framework of ship traffic pattern recognition method that considers multi-attributes trajectory similarity (STPMTS).

clustering methods are applied to identify ship traffic
patterns.

3. Framework overview

To address the current issues, we propose a ship traffic
pattern recognition method that considers multi-
attributes trajectory similarity for ships entering and
leaving port (STPMTS), as shown in Figure 1. The
method consists of three modules: ship trajectory
reconstruction, trajectory similarity measurement,
and trajectory clustering. The trajectory reconstruc-
tion module simplifies the trajectory data by segment-
ing, identifying and repairing noise, and compressing
trajectories to divide voyages and eliminate abnormal
and redundant data, providing simplified trajectory
data for trajectory similarity measurement. The ship
trajectory similarity measurement module compre-
hensively considers the ship static and dynamic, and
port geospatial feature, and the semantic relationships
among them to measure the similarity matrix between
ship trajectories. The ship trajectory clustering module
is based on the trajectory similarity matrix and uses
hierarchical clustering algorithm for aggregation and
classification. The quality criteria are used to evaluate
the similarity metric results and to identify the optimal
number of ship traffic patterns.

4. Ship traffic pattern recognition method
4.1. Reconstruction of ship trajectories

AIS records the spatiotemporal sequence data of ship
trajectories, which includes both static and dynamic
data. Table 1 shows the content and update frequency
of AIS information. In practical applications, due to
differences in ship motion states, positioning

Table 1. AlS static and dynamic information (ITU 2014).

equipment, and software design, AIS information
may contain missing or erroneous data. To accurately
calculate ship trajectory similarity, a ship trajectory
reconstruction method was proposed based on vessel
motion state, which includes three processes: trajec-
tory segmentation, noise identification and repair, and
trajectory compression. First, ship motion state esti-
mation is used to obtain ship trajectory segments.
Then, noise identification and repair of trajectory
points is performed to obtain complete and accurate
trajectory segments. Finally, a gridded trajectory com-
pression method is used to remove redundant points
and improve the efficiency of trajectory similarity
calculation.

4.1.1. Ship trajectory segmentation

The activities of a ship typically involve three types:
hoteling, maneuvering, and normal speed navigation.
The hoteling refers to when the ship is engaged in
activities such as cargo handling or waiting at anchor.
The maneuvering refers to the ship’s slow movement
with the assistance of tugboats. The normal speed
navigation refers to the ship’s self-powered move-
ment during navigation (Zhang et al. 2018).
Figure 2 illustrates the general process of ship enter-
ing and leaving the port, which includes the three
aforementioned ship activity types. Generally, the
hoteling and maneuvering occur only in anchorages
and basins, while the normal speed navigation can
occur in any navigable water area. The update fre-
quency of AIS dynamic information varies depend-
ing on the ship motion state. The McSMSRVD
method is adopted to recognize motion states of
ships (Li et al. 2022), where the inbound and out-
bound trajectories consist of two states: maneuver-
ing, and normal speed navigation.

AlS information category Content Update frequency
Static data MMSI, IMO, Ship type, Ship length, Ship width, Call sign, Ship name 6 min
Dynamic data Longitude, Latitude, UTC, SOG (Speed over Ground), COG (Course over Ground), 2 s~3 min

Heading, Navigation status
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Figure 2. Schematic diagram of the flow of ships entering and leaving the port. Ships with red marks are in maneuvering state;
ships with white mark are in normal speed navigation state; ships with black mark are in hoteling state.

4.1.2. Noise identification and repair

Trajectory noise identification is mainly aimed at
detecting drift points in trajectory data and then fitting
and restoring the trajectory segments with different
motion states. For two consecutive trajectory points
A and B, their distance d4p can be got with Haversine
formula (Chopde and Nichat 2013). Assuming the
ship’s motion follows uniform acceleration, the max-
imum length of straight path I45 can be got with
Newton’s law of motion, that is Iy < Ve X A £, in
which v, indicates the large value of speeds of two
points and At is the time interval. If d4p has a greater
value than 45, a position drifting exists and point
B should be removed. When fitting and restoring the
trajectory, we consider the three types of ship activities
in port waters, we adopt specific interpolation meth-
ods are applied to repair the trajectory (Zhang et al.
2018). Subsequently, we need to establish a voyage
separation threshold, which is set as the minimum
duration of ship’s hoteling status.

4.1.3. Trajectory compression

To remove redundant data and ensure the continuity
of trajectory points, we adopt a grid-based compres-
sion method to simplify the trajectory data in port
waters, as shown in Equation (1). First, the study

area is divided into non-repetitive M X N square
grids using a geographical grid division approach,
where each grid is labeled as C; j, with i and j repre-
senting column and row codes, respectively, as shown
Figure 3(b). Then, determining the position of the
point (lony, laty) in the trajectory S within the grid.
Finally, we remove duplicates based on the grid loca-
tion of the trajectory point, randomly selecting one
point within each grid, as shown Figure 3(c). The
compressed trajectory S is obtained, where n. In this
study, we set the grid cell size to 150 meters as the
resolution.

S = ((lony, laty), (lony, laty), . . ., (lon,, lat,))
S" = ((lon{,lat{), (lons,lat3), ..., (lon},, lat,,))

(1)

4.2. Ship trajectory similarity measure

4.2.1. Muitas

MUITAS is a trajectory similarity measurement
method that considers multiple attributes and their
semantic relationships (Petry et al. 2019). One notable
feature of this method is its support for both indepen-
dent and dependent attributes in trajectory similarity
measurement, allowing different distance functions

. + Q Q
ot % / S o ®e L1 o o o /'o
. ®e .0 Tl ° &
o. ’ . Water o. . d Grid o. . d
-. e . meshing : hd N ession 5
.o ® e . N .. ® o . N .. q,
M M
@ () ©

Figure 3. Schematic diagram of Grid-based trajectory compression.
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and weights to be set for each attribute. Different
features, distance functions, and thresholds can be
set based on different application contexts.

MUITAS can be represented by a tuple, that is,
A= (A DA F,W), to illustrate how the similarity
of multi-feature trajectories is calculated, in which
A= (aj,ay,...,a;) represents a non-empty set of
I attributes, D = (disty, dist,, ..., dist;) represents
a non-empty set of [ distance functions for the attri-
butes, A = (8y,0,,...,0;) represents a non-empty set
of [ distance thresholds for the attributes,
F = (fisf2s---,fk) represents a non-empty set of
k features, and W = (w1, ws,...,w;) represents
a non-empty set of k feature weights. Independent
attributes are defined as features with individual attri-
butes, while attributes with semantic relationships are
defined within the same feature.

Let’s illustrate with a specific example. Consider two
trajectories P = <pj,p,,p3>and Q = <q1,q2, 43>,
each with three attributes: the category and rating of
visited place, representing the POI feature, and the
temperature, representing the weather feature, as
shown in Figure 4. In this case, if we have given attri-
bute distance functions, distance thresholds, and fea-
ture weights, the matching score between points in
pEP and g€ Q can be calculated combining
equations (2) and (3).

|7

score(p,q) = Z (matchg(p,q) * w;) (2)

i=1

1, ifVa; € f;, distj(p,q) < 6;

matchy(p,q) = {()7 otherwise. ®)

when calculating the matching score of multi-feature
trajectory points, there may exist multiple elements in
Q and p € P that have varying degrees of similarity. In
this case, the sum of the highest scores of all elements

V Hotel 9 Cafe 9 Museum
BA ek 4 % BA ek A % BA 3
Low 1 Low Low
S s SRR o YN
Q Hotel 9 Cafe Museum
BA % % % DA % % % * % %
i High i High 1 High

Q (@) (@)oo (@)

Figure 4. P and Q trajectories with multi-attributes.

in set P with any element in set Q is defined as the
parity of set P with respect to set Q. Therefore, the
parity can be obtained using Equation (4):

parity(P, Q) = Z max({score(p,q)|q € Q}) (4)

peP

Finally, the similarity score of P and Q is calculated by
the Equation (5):

0, if[P|=00r|Q| =0
MUITAS = parity(P,Q)+parity(Q,P) otherwise
[P[+]Q] ’ ’

€)

Suppose the values of elements in the tuple are given as
shown in Table 2. Table 3 presents the similarity scores
between all points of both trajectories, And the parity
(P,Q) = parity(Q,P) =3 x 2/3 =2. The similarity

score MUITAS(P, Q) = 22 L ’\%fifélfty (QP) _ X212

4.2.2. Multi-attribute representation of ship motion
Compared with coastal and oceanic waters, port
waters have a complex traffic environment, which
includes numerous anchorages, basins, and port traffic
rules. In this context, ships need to follow the traffic
rules established by the port to enter and exit different
navigable waters to complete loading and unloading
operations, as shown in Figure 2. Therefore, to fully
and accurately describe ship behavior, we utilize mul-
tiple attributes such as ship type, position, speed,
direction, and location to represent ship motion.

Ship type is a typical attribute of static inherent
characteristics. Different types of ships have varying
maneuverability. Therefore, we select ship type as
a characteristic attribute to represent ship identity,
and its classification is determined by the ship cate-
gories included in the AIS information. For exam-
ple, if the AIS information includes container,
tankers, and bulk carriers, the ship type attri-
bute a; = {Container, Tanker, Bulk}.

Ship position represents the attribute of ship move-
ment and position changes. The raw trajectory posi-
tions represented by geographic coordinates convey
spatial meaning rather than ship motion. To clearly
represent the characteristics of ship movement posi-
tions, based on the trajectory grid compression results
in Section 4.1.3, this paper uses the row and column
encoding of the grid in which the trajectory is located
to represent the original trajectory coordinates, i.e.
ship position attributes a, = {(Col,Row)}. The
number of ship position attributes depends on the
scale of the grid division. For example, if the study

Table 2. Features, weights, attributes, distance functions, and thresholds.

F )4% A D A
fi 2/3 a, = Category dist;(p,q) = 0 if p.a; = q.ay, 1 otherwise 0

a, = Rating dist,(p,q) = 0 if p.a; = q.a3, 1 otherwise 0
fy 1/3 a; = Temperature dist;(p,q) = 0 if p.a; = q.a3, 1 otherwise 0




Table 3. Scores of the points of P and Q.

PxQ q1 92 q3
P 2/3 0 0
D2 0 2/3 0
p3 0 0 2/3

area is 10 km x 10 km and the grid scale is 1 km x 1 km,
a total of 10 x 10 different grids would be used to
describe ship positions.

Ship speed is an attribute representing the rate of
change of a ship’s motion. In port waters environment,
ships entering and leaving the port comply with speed
limits for safe navigation. To represent the variability of
ship movement speed in a more refined manner, this
study adopts a segmented approach with 1 knot inter-
vals to divide ship speed and obtain speed distribution,
v=1{(0,1],(1,2],...,(|m], [m]]}, where m is the
maximum speed of ships in the study area. The average
value of the speed segment is then taken as the speed
attribute, i.e. a3 = {0.5,1.5,...,(|m] + [m])/2}. For
example, if a ship’s speed is 14.6 knots, its speed attri-
bute a; = 14.5.

Ship direction represents the attribute of changes in
ship movement direction. We employ the COG from the
raw trajectory data to represent it. To standardize the
representation of ship direction, this study utilizes
a cone-based direction model to describe the ship’s
direction, the ship direction is divided into eight cone
directions, with each sector containing a 45° angle range
divided by a central axis. The angles are divided into
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comply with port navigation rules to move
between different traffic functional water area (L.
Zhang, Meng, and Fwa 2019). Therefore, ship
motion exhibits distinct location characteristics.
In this study, the ship’s location attribute is
enriched by the information of the functional
area in which the ship is located (i.e. the name
of the water area). The ship’s location attribute is
determined by the arrangement of functional
water areas in port waters, including anchorages,
fairways, and basins, among others. For example,
if a ship is currently located in an anchorage, its
location attributes as = anchorage.

The AIS trajectory data does not directly indicate
the information about the functional waters in
which ships are located. Therefore, it is necessary
to map the trajectory points to the corresponding
water area and assign the corresponding water area
names to identify the geospatial features of ships.
The Even-Odd algorithm has been proven to iden-
tify whether points exist within a polygon
(Hormann and Agathos 2001). Algorithm 1 pro-
vides a detailed description of the ship’s location
identification process functional water areas. The
input consists of the ship trajectory data table T
containing m trajectory points and the » distinct
polygonal functional water areas WA represented
by coordinate points. Firstly, a new column
“Waters” is added to the trajectory data table T to
indicate the location attribute of each trajectory

6 ={(22.5°,67.5],(67.5,112.5],...,(292.5",337.5 ], (337 point (line 1). Subsequently, the first trajectory

.5°,22.57]}. Consequently, semantic descriptions are
obtained for the eight cone directions, which can be
represented as dir = {Norheast, East, . .. , Northwest,
North}, correspondingly. For example, if a ship’s direc-
tion is 85° its direction attributes ay, = East.

Ship location represents the specific functional
water that a ship passes through during the navi-
gation process. In port waters, ships usually

point is read, and the Even-Odd algorithm is
employed to identify the corresponding functional
water area, modifying the “Waters” attribute value
accordingly (lines 4-9). This process continues until
all points in the trajectory have been examined, result-
ing in a saved trajectory data table with the ship’s
positional attributes (lines 10-12), providing the neces-
sary data for trajectory similarity measurement.

Algorithm1: Ship location recognition in port waters.

Input: T = {Tj|T;,i = 1,2,...,m} (raw trajectories), WA = {WAj’WAj,j =1,2,...,n} (water areas)

Output: T} (Trajectory with functional water area)

Initialize: ¥ — ()

1:[1] Add a column “Waters” to the original trajectory T.

2:for i = 1 to m do:
3: forj =1ton do:

4: [2] Identifying the water area WA; in which T;.position resides using the Even-Odd algorithm and assigning

the corresponding water area name.
5: if Tj.position is inside WA;:

6: T;.water < WA;

7: else:

8: continue

9: end for

10: [3] Assign the trajectories to T} o
11: T} « T,

I

12:end for
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Table 4. The features of the three aspects of ship motion and
the five attributes included.

Feature (F)
Ship static Ship dynamic Port geospatial

Attribute (A) (f1) (f,) (5)

Ship Type (a;) v

Ship Position (a,) v

Ship Speed (a3) v v

Ship Direction v v

(a4)
Ship Location (as) v

4.2.3. Trajectory similarity measure

Ship motion is influenced by various factors such as
inherent ship attributes and external environment,
making ship motion stochastic, diverse, and coupled
(Zhen, Shao, and Pan 2021; Zhou, Daamen, Vellinga,
and Hoogendoorn 2019). Considering these character-
istics of ship motion, this study summarizes the five
attributes describing ship motion in Section 4.2.2 into
three feature aspects: ship static feature, dynamic fea-
ture, and port geospatial feature, as shown in Table 4.
Ship static feature include ship type attribute. Ship
dynamic feature include ship position, direction, and
speed attributes. Due to the constraints of port traffic
environment, ships usually use similar directions and
speeds when passing through the same functional water
area. Based on the fact, port geospatial feature includes
ship location, direction, and speed attributes. When
measuring ship trajectory similarity, this study adopts
the MUITAS, which considers multiple attributes and
the semantic relationships between attributes, to con-
struct the method for measuring ship trajectory simi-
larity. For attributes described by character types, the
binary distance function is employed to measure the
distance between attributes, with a distance threshold
set to 0. For attributes described by numerical types, the
Euclidean distance function is used to measure their
distance, with a threshold set to 1. To ensure fairness,
each attribute is given equal weight, i.e.
Wi :iwy iws:wg:ws=1:1:1:1:1. Therefore, the
weights for the ship static feature, ship dynamic feature,
and port geospatial feature are determined based on the
number of attributes they contain, i.e.
fiifo i fs =1:3:3. The detailed metrics for measur-
ing ship trajectory similarity are presented in Table 5.

4.3. Clustering of ship trajectories

4.3.1. Clustering method

Once the distance matrix is obtained, we can use
a clustering algorithm to divide each ship trajectory
into a specific cluster. In fact, the choice of clustering
method is limited by the characteristics of the trajec-
tories. Traditional clustering methods such as
K-means and DBSCAN are difficult to directly apply
to ship trajectories with multiple descriptive features.
HCA 1is a clustering method that only requires

Table 5. Weights, attributes, distance function, and thresholds.
w A D A

1 ar  disty(p,q) = 0if p.ay = q.aq, 1 otherwise 0
1 a, disty(p,q) = 0if abs(p.a—q.a,) = 0, 1 otherwise 1
1 a; dist3(p,q) = 0if abs(p.as—q.a) < 1, 1 otherwise 1
1 a,  dists(p,q) = 0if p.as = q.as, 1 otherwise 0
1 as dists(p,q) = 0if p.as = q.as, 1 otherwise 0

a distance/similarity matrix. Therefore, without loss
of generality, the widely used HCA algorithm is
adopted to cluster ship trajectories and extract ship
traffic patterns (Fan 2019). Figure 5 displays the com-
plete process of extracting ship traffic patterns from
ship trajectories.

4.3.2. Quality criterion of cluster result

Clustering algorithms aim to group objects into
homogeneous clusters that are far apart from each
other. Therefore, the quality of clustering is usually
evaluated by observing the variance between cate-
gories and within each category. Inspired by previous
research (Besse et al. 2016), we propose using the
Between-like (BC) and Within-like (WC) criteria to
evaluate trajectory similarity. Ship trajectories within
the same cluster should have high similarity, while
trajectories from different clusters should be as far
apart as possible. In other words, the WC criterion
should be minimized, and the BC criterion should be
maximized. Specifically, the definitions of BC and WC
are given as follows:

K
BC = Z D(T?ean, giean) (6)

k
k=1

WC = Z Z Tmeun Tz) (7)

k*1| k| TieCy

where D() is the distance between two trajectories, Cy
is the k-th cluster, K is the total number of clusters,
Tmean represents the average ship trajectory, and 7
represents the set of ship trajectories. However, it is
mathematically challenging to compute the average
ship trajectory from 7 or Cy with k € {1,2,...,K}.
Hence, we tend to select an exemplar T to approx-
imate T7"*", for example, T7*" « TF, Tg’ke“” — TF.

Taking 7 as an example, we can define T5* as follows:

M

=1j

for i € [1,2,] with M being the total number of ship
trajectories in the data set 7.

Once the criteria BC and WC are obtained, we
propose the following evaluation criterion (AC) to
quantitatively assess the accuracy of trajectory similar-
ity measurement, i.e. AC is defined as follows:
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Traj; | Traj, | Trajs Traj,
Traj, 1 0.34 0.65 0.54
Traj, | 0.34 1 0.33 0.33
Trajs | 0.65 0.33 1 0.55

Traj, | 054 | 033 | 05

n
n
[

(b) Similarity matrix

Hierarchical
Clustering

(¢) Clustering results

Figure 5. The complete process of extracting ship traffic patterns from ship trajectories.

_ BC
- BC+ WC

This criterion is essentially related to the measurement
of trajectory similarity. If we can obtain accurate simi-
larity measurements, we can generate high-quality
clustering results accordingly, leading to higher AC
values. Conversely, a lower AC value indicates inaccu-
rate computation of similarity between different ship
trajectories. From a theoretical perspective, as the
number of clusters increases, the AC value will also
increase correspondingly. Additionally, the quality
criteria can also be used for selecting the number of
clusters. In fact, the WC criterion value decreases with
an increasing number of clusters, while the BC criter-
ion value increases. Therefore, we should seek
a balance between the criterion and the number of
clusters, where adding another cluster does not sig-
nificantly decrease the quality of the BC criterion.

AC €(0,1) )]

5. Experimental and analysis
5.1. Experimental setting

To validate the effectiveness of the proposed method,
a case study was conducted in Tianjin Port, located in
northern China. Over 4.5 million AIS trajectory data
points were collected during the period from
September to November 2016. For data lacking static
ship information, ship type information was supple-
mented through a customized web crawler and

manual calibration of website resources. This study
focuses on the trajectories of merchant ships. We
excluded trajectories of vessels such as dredgers,
barges, and fishing boats. Additionally, electronic nau-
tical chart data was used to obtain information on the
spatial geographical layout of the port’s water and land
areas, as shown in Figure 6. Tianjin Port has a complex
navigational waterway system, including one main
waterway, two boat waterways, and three warning
waterways. The 11 terminal operation areas are dis-
tributed on both sides of the West and North basin.
Three anchorages are located on either side of the
Main Waterway.

The trajectory data was pre-processed using the
trajectory data reconstruction method proposed in
Section 4.1. Firstly, we set the minimum time interval
between voyages to 1 hour in order to identify and
segment different voyage trajectory segments (Li et al.
2022). When we observed that the trajectories of
inbound or outbound voyages had very few points,
set at a minimum of 20 points, indicating a significant
loss of navigation data, making it challenging to accu-
rately reconstruct the ship’s trajectory. Consequently,
we removed these inbound and outbound voyage tra-
jectories, resulting in a dataset that includes trajec-
tories of bulk carriers and container ships. Then, we
identified and repaired the positional noise in the
trajectory points to obtain complete and accurate tra-
jectory segments. Considering the characteristics of
the study water area, we divided it into square grid
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Figure 6. Spatial geographical layout of the Tianjin port’s water and land areas.

Figure 7. Visualization of the trajectory of ships entering and leaving the Tianjin Port from Sep-Nov 2016.

Table 6. Example of five attributes for three trajectory points.

NO Ship Type Ship Position Ship Speed Ship Direction Ship Location
1 Cargo (87246, 28871) 8.5 East West Basin

2 Container (87439, 28843) 14.5 East Main Waterway
3 Cargo (87333, 28859) 9.5 West Main Waterway

cells with a side length of 150 meters and performed
grid-based compression on the trajectory data. As
a result, we obtained 1956 complete ship trajectories,
with an average of 176 trajectory points per trajectory,
as shown in Figure 7. Finally, we extracted five attri-
butes, transformed and represented them, and the
specific results are shown in Table 6.

5.2. Similarity calculation and quality evaluation

For the similarity measurement of multi-attribute tra-
jectories, traditional methods such as DTW and
Hausdorff, which are designed for numerical-type tra-
jectory similarity calculation, are no longer applicable.
Therefore, in order to compare and evaluate the per-
formance of our proposed method, we will compare it
with the LCSS and MSM methods, which are suitable

for similarity calculation of multi-type attributes. To
select a reasonable number of clusters and evaluate the
clustering results, the method proposed in
Section 4.3.2 is employed. The number of clusters is
varied from 2 to 50 to obtain different clustering
evaluation results, as shown in Figure 8.

5.3. The recognition results and analysis of ship
traffic patterns

To further illustrate the effectiveness of our method,
we prefer to compare the results of trajectory cluster-
ing through visualization. We designed a visualization
platform that combines ArcGIS with Electronic
Navigation Charts (ENCs) displaying the traffic pat-
terns of ships entering and leaving the port. Cargo ship
trajectories are shown as red lines, while container
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Figure 8. Results of AC criterion obtained from LCSS, MSM,
STPMTS with the number of clusters.

ship trajectories are shown in blue. We use yellow
arrows indicate the movement direction of trajectory
clusters. Moreover, we perform spatial 3D visualiza-
tion of the distribution characteristics of ship direction
and speed attributes. To facilitate analysis, the 3D
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spatial map is projected onto the plane where y =40.
The representative inbound and outbound patterns as
shown in Figures 9-11, with all the results identified
by each method presented in the Appendix A. We
evaluate the effectiveness of the three methods in
terms of ship types, direction of inbound/outbound,
geometric characteristics, behavioral characteristics,
and port traffic rules, based on the visualization of
the pattern results.

From the perspective of ship type and inbound/
outbound direction, we summarize the results of traf-
fic pattern recognition for the three methods, as
shown in Table 7. Using the LCSS method, all trajec-
tories are divided into 30 types of traffic patterns for
cargo ships (15 inbound patterns/15 outbound pat-
terns), 9 types for container ships (4 inbound pat-
terns/5 outbound patterns), and 1 type for mixed
traffic patterns of cargo and container ships entering
and leaving the port. The MSM method divides the
trajectories into 28 types of traffic patterns for cargo
ships (13 inbound patterns/15 outbound patterns) and

(¢) Outbound pattern 6 of Cargo

(d) Mixed pattern

Figure 9. The recognition results of ship traffic patterns based on the LCSS method.
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(c) Outbound pattern 1 of Cargo

39.0 '
ez me |

(d) Inbound pattern 1 of Container

Figure 10. The recognition results of ship traffic patterns based on the MSM method.

12 types for container ships (5 inbound patterns/7
outbound patterns). The method proposed in this
paper divides the trajectories into 27 types of traffic
patterns for cargo ships (13 inbound patterns/15 out-
bound patterns) and 13 types for container ships (6
inbound patterns/7 outbound patterns). From
a comprehensive analysis of the number of patterns
identified by the three methods, the LCSS method
identified significantly more traffic patterns for cargo
ships than the other two methods, and there were also
instances of errors in identifying inbound/outbound
direction and ship type. Comparing the MSM method
with the STPMTS method proposed in this paper, the
pattern recognition results are relatively consistent.
From the perspective of geometric characteristics,
the LCSS method is prone to classifying trajectories
with significant geometric differences into the same
cluster, such as cargo ship inbound pattern 1. In this
pattern, trajectories entering and leaving the West and
North basins are observed to be recognized as the
same cluster. This is because the LCSS algorithm

considers two sequences to be similar if they have
similar behaviors in a large part of their length, with-
out considering the characteristics of the entire trajec-
tory. On the other hand, the MSM and STPMTS
methods can classify trajectories entering and leaving
the West and North Basin well, as shown in Figure 12.

From the perspective of ship behavior characteris-
tics, the LCSS method does not effectively differentiate
ship types and direction features, as shown in
Figure 9(d) depicting the mixed ship traffic pattern
for inbound/outbound. In this pattern, cargo and con-
tainer ships are classified into the same category, and
inbound/outbound directions are not distinguished.
On the other hand, the other two methods considered
ship type, direction, and speed attributes and were able
to better differentiate behavior feature differences. In
addition, our STPMTS method takes into account the
relationships between attributes and can differentiate
minor differences between trajectories. For example,
trajectories entering and leaving the same water area
can be distinguished, as shown in Figure 13.
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(d) Outbound pattern 4 of Container

Figure 11. The recognition results of ship traffic patterns based on the STPMTS method.

Table 7. Comparing the results identified from the perspec-
tives of ship type and direction for three methods.
Number of patterns

Method Ship type (Inbound/Outbound)
LCSS-based Cargo 30(15/15)
Container 9(4/5)
Mixed 1
MSM-based Cargo 28(13/15)
Container 12(5/7)
STPMTS Cargo 27(14/13)
Container 13(7/6)

From the perspective of port traffic rules, the LCSS
method recognizes trajectories that navigate in differ-
ent waterways as the same pattern. As shown in
Figure 14(a), in the outbound pattern 1 of cargo
ship, the trajectories passing through the Main
Waterway and the South Boat Waterway are grouped
together. However, such traffic patterns clearly do not
comply with the navigation rules of Tianjin Port. In
contrast, the MSM and STPMTS methods proposed in
this paper identify traffic patterns that are more

consistent with the navigation rules of Tianjin Port.
For example, in Figure 14(b), during the process of
a small ship departing from the port, the vessel exits
the West Basin and turns right into the South Boat
Waterway and departs from the port. These vessel
traffic patterns align with the navigation regulations
of Tianjin Port. In Figure 14(c), during the process of
a small vessel entering and berthing at the West Bain,
the ship will opportunistically turn left and enter the
Main Warning Waterway when passing through the
North Boat Waterway.

Based on the evaluation and analysis from var-
ious aspects, it can be concluded that the method
proposed in this paper not only considers multiple
attributes of ship traffic but also takes into
account the relationships between attributes. This
leads to a higher degree of similarity for similar
trajectories and a greater separation of similarity
for dissimilar trajectories. As a result, the classifi-
cation results of ship traffic patterns are more
reliable and accurate.
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(c) Inbound pattern 7 of cargo.

Figure 12. Visual comparisons of ship trajectory clustering results from a geometric feature perspective. From top to bottom:
recognition results of ship traffic patterns by (a) LCSS, (b) MSM, (c) STPMTS.

(a) Cargo ship entering Dry Bulk Terminal.

(b) Cargo ship leaving Dry Bulk Terminal.

Figure 13. Distinguish between ship trajectories entering and leaving the same terminal.

6. Discussion

This study presents an approach for ship traffic pat-
tern recognition by integrating ship static data,
dynamic data, and port geospatial features. The pro-
posed method allows for the classification of ship
trajectories related to ship entering and leaving port,
as well as the analysis of their navigation characteris-
tics. Firstly, a ship trajectory reconstruction method
based on grid compression is proposed to eliminate

redundant data and improve the efficiency of trajec-
tory similarity measurement. Then, a multi-aspect
trajectory similarity measurement method is
employed to calculate the similarity between trajec-
tories, taking into account the semantic relationships
between multiple attribute features. Next, hierarchical
clustering is used to cluster the trajectories based on
the multi-attribute features, and the optimization of
the number of clusters is achieved by considering



(b) Outbound pattern 5 of cargo
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(c) Inbound pattern 6 of cargo

Figure 14. Visual comparison of three methods of identifying pattern results from perspective of port traffic rules. Recognition

results of ship traffic patterns by (a) LCSS, (b) MSM, (c) STPMTS.

clustering quality criteria, aiming to find the optimal
number of traffic patterns and improve the interpret-
ability of clustering results. Finally, the proposed
method is validated using real-world trajectories
data, demonstrating its capability to identify and clas-
sify ship behaviors in the port water areas.

6.1. Advantages of the proposed method

Comprehensive consideration of multiple attributes
and their semantic relationships: Compared to current
methods, the proposed method considers various fac-
tors influencing ship behavior and establishes seman-
tic relationships between different features. Moreover,
researchers can adjust attribute-related thresholds and
weights based on specific requirements to identify
desired pattern results while measuring multi-
attribute trajectory similarity.

Efficiency improvement through trajectory
compression: During berthing and unberthing
stages, ship movements are relatively slow, result-
ing in redundant trajectories data. Compression
algorithm is proposed in this study, redundant
information can be simplified. Additionally, in
Section 4.2, the time complexity for measuring
trajectory similarity is O(n?), where n is the length
of the trajectory sequence. Adopting the proposed
method, computational efficiency can be signifi-
cantly improved.

User-friendliness for non-experts: Considering
multiple factors influencing ship movements
makes it challenging to identify ship traffic pat-
terns accurately and reasonably. This study
designs a clustering quality criterion to optimize
the number of clusters, enhancing the

interpretability of clustering results. Compared to
traditional clustering algorithms, which require
manual parameter settings based on experience,
the proposed method is more user-friendly for
individuals without industry expertise.

Simplicity and feasibility of the method: In
terms of complexity, we compared the proposed
method with another ship traffic pattern recogni-
tion method. Liu et al. (2022) proposed
a classification of trajectory starting and destina-
tion locations using k-means, followed by applying
DBSCAN for trajectory clustering to identify ship
traffic patterns. The proposed method in this
study directly utilizes hierarchical clustering to
recognize ship traffic patterns by comprehensively
considering various features during trajectory
similarity measurement, without the need for
multi-stage clustering for different features.

6.2. Limitations of the proposed method

Impact of data quality on trajectory similarity mea-
surement accuracy. As mentioned in Section 4.2.1, the
similarity of trajectories is closely related to the num-
ber of trajectory points. When there are a large num-
ber of missing or abnormal trajectory points, the
accuracy of trajectory similarity calculation may be
compromised, subsequently affecting ship traffic pat-
tern recognition. Therefore, measures should be taken
to reconstruct trajectories in cases of missing or
abnormal trajectories. In this scenario, trajectory
reconstruction can be achieved by leveraging both
static and dynamic ship information (Zhang et al.
2018).



16 (&) G.LIETAL

Consideration of too many attributes may decrease
interpretability of pattern results. When considering
attribute features and their semantic relationships,
excessive attribute quantity may lead to a higher num-
ber of clusters, thus reducing the interpretability of
pattern recognition results. In such cases, the follow-
ing potential solutions can be considered:

(1) Feature selection based on expert knowledge or
business requirements: Weighing the impor-
tance of each attribute through expert experi-
ence or selecting the most relevant attributes
based on business requirements can reduce the
complexity and computational burden of the
clustering problem while retaining critical attri-
bute information.

(2) Utilizing dimensionality reduction techniques
to preserve key information: Transforming tra-
jectory attribute information into a feature space
and utilizing dimensionality reduction methods
such as Principal Component Analysis (PCA) or
t-distributed Stochastic Neighbour Embedding
(t-SNE) can convert a high-dimensional feature
space into a lower-dimensional representation.
This helps preserve critical data information and
reduce dimensionality, resulting in high-quality
clustering results.

(3) Choosing suitable clustering algorithms:
Selecting clustering algorithms suitable for
high-dimensional data, such as Density-Based
Spatial Clustering of Applications with Noise
(DBSCAN) or Hierarchical Clustering Analysis
(HCA), can better handle multi-attribute fea-
ture data without being heavily influenced by
increasing dimensions.

6.3. Imagination for real-world applications

The effectiveness of the proposed method has
been validated using real ship AIS data. Ship tra-
jectories were classified into different inbound and
outbound traffic patterns, and ship traffic patterns
were analyzed based on ship types, directions of
inbound and outbound, behavioral characteristics,
and port traffic rules. The results demonstrate that
the proposed method can effectively recognize
ship traffic patterns. It is anticipated that the pro-
posed method can provide support for ship route
planning, ship scheduling model construction, and
decision-making in the context of ship arrivals
and departures. Additionally, for different port
water area environments, specific attributes can
be selected based on port geography, hydrology,
meteorology, and other factors to analyze mari-
time traffic patterns and navigation characteristics,
tailored to each specific environment.

7. Conclusions and future work

This paper presents a method for recognizing port water
ship traffic patterns that takes into account multiple
attribute features and aims to analyze ship inbound and
outbound patterns. The method involves trajectory data
reconstruction to simplify trajectories and improve effi-
ciency in trajectory similarity calculations. Integrating
static ship features, dynamic features, and port geospatial
features, and considering the semantic relationships
between attribute features, ship trajectory similarity is
computed, taking into account multiple factors that
influence ship movements. The optimization of the
number of clusters through clustering quality criteria
enhances the interpretability of the pattern results.
Overall, this method comprehensively considers multiple
factors in the process of trajectory data preprocessing,
trajectory similarity measurement, and trajectory cluster-
ing. Through validation using the ship trajectories data in
Tianjin port, the method successfully identifies 40 ship
traffic behavior patterns. Compared to other methods, it
demonstrates favorable results in terms of geometric
features, behavioral features, and adherence to port traf-
fic rules, providing decision support for waterway traffic
management in ports. It is speculated that this method is
applicable in other maritime environments by replacing
the specific traffic attributes of interest.

It is anticipated that the proposed method supports
ship route planning of ship arrivals and departures,
construction of ship scheduling models, and determi-
nation of scheduling schemes for ship arrivals and
departures, thereby facilitating waterfront and land
planning by port authorities. Future work may con-
sider incorporating additional attribute features such
as ship draft, flow velocity, etc., to obtain more mean-
ingful conclusions. Additionally, the utilization of the
traffic pattern results in ship traffic flow modeling and
simulation research can be explored to evaluate port
navigational efficiency. Furthermore, further research
is needed to enhance the clarity in understanding the
recognition results of multi-attribute feature patterns.
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Appendix

(13) Inbound pattern 13 of Cargo (14) Inbound pattern 14 of Cargo (15) Inbound pattern 15 of Cargo

Figure A1a. The recognition results of ship traffic patterns based on the LCSS method.
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(28) Outbound pattern 13 of Cargo (29) Outbound pattern 14 of Cargo (30) Outbound pattern 15 of Cargo

Figure A1b.
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(32) Inbound pattern 2 of Container (33) Inbound pattern 3 of Container

(31) Inbound pattern 1 of Container

(35) Outbound pattern 1 of Container (36) Outbound pattern 2 of Container

(34) Inbound pattern 4 of Container

attern 5 of Container

(39) Outbound p:

(38) Outbound pattern 4 of Container

(37) Outbound pattern 3 of Container

ed pattern

(40) Mix

Figure Alc.
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(13) Inbound pattern 13 of Cargo ( 14) Outbound pattern 1 of Cargo (15) Outbound pattern 2 of Cargo

Figure A2a. The recognition results of ship traffic patterns based on the MSM method.
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(28) Outbound pattern 15 of Cargo (29) Inbound pattern 1 of Container (30) Inbound pattern 2 of Container
Figure A2b.
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(37) Outbound pattern 4 of Container

(40) Outbound pattern 7 of Container

Figure A2c.
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(13) Inbound pattern 13 of Cargo (14) Inbound pattern 14 of Cargo (15) Outbound pattern 1 of Cargo

Figure A3a. The recognition results of ship traffic patterns based on the STPMTS method.
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(28) Inbound pattern 1 of Container (29) Inbound pattern 2 of Container (30) Inbound pattern 3 of Container
Figure A3b.
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(37) Outbound pattern 3 of Container (39) Outbound pattern 5 of Container

(40) Outbound pattern 6 of Container

Figure A3c.
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