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Abstract. Trajectory anomaly detection plays a very important role in naviga-
tion safety. Most trajectory anomaly detection methods mainly detect the spatial
information of the vessel’s trajectory. These methods neglect a vessel’s dynamic
behavior characteristics, such as course, speed, and acceleration. In this paper, a
vessel trajectory multi-factor collaborative anomaly detection (VT-MCAD)
approach is proposed to realize the anomaly detection of vessels at sea by
studying the trajectory characteristics of vessels. Firstly, the trajectory behavior
of historical vessels is identified, and the trajectory characteristics, such as course,
speed, and acceleration, are extracted for different trajectory behaviors. Then, the
current trajectory behavior is identified when the trajectory anomaly is detected.
Based on the TRAjectory Outlier Detection (TRAOD) method, the corre-
sponding trajectory feature model components, including instantaneous angle
acceleration, average angle acceleration, instantaneous velocity, and the average
velocity and acceleration, are used to detect the anomaly trajectory, and trajec-
tory’s suspicious degree of each component in VT-MCAD are obtained. Finally,
the suspicious degree of each component is combined to calculate the final
suspicious degree. VT-MCAD can change the weight of components according
to the detection effectiveness of different components and avoid excessive
dependence on one component, which results in better robustness and reliability.
The experimental results based on real-world vessel data showed that VT-MCAD
could effectively capture anomaly trajectories.

Keywords: Vessel trajectory - Collaborative anomaly detection - Multi-factor -
Marine

1 Introduction

With the development of vessel monitoring systems in recent years, more and more
maritime surveillance data is collected. Among them, vessel trajectory data is one of the
most important data. The loss of personnel and property can be reduced through the
detection and analysis of trajectory data by not only making early warnings for piracy,
drug smuggling, and other situations but also aiding in timely rescues when vessels
encounter bad weather, reef strikes, collisions, or other situations. Due to the large
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number of vessels, the number of historical trajectories generated by them is also very
large, and thus it is difficult to detect abnormalities manually. Therefore, it is necessary
to use an intelligent algorithm to automatically analyze the abnormalities of the tra-
jectories to help the monitors realize the abnormal monitoring of vessels.

A spatial trajectory is a trace generated by a moving object in geographical spaces,
usually represented by a series of chronologically ordered points, where each point
consists of a geospatial coordinate set and a time stamp, such as p = (x, y, #). Trajectory
anomalies can be items that are significantly different from the other items in terms of
some similarity metric. They can also be events or observations that do not conform to
an expected pattern [1]. Existing trajectory clustering or frequent pattern mining
methods are usually used in trajectory anomaly detection. A trajectory may be
abnormal if it cannot adapt to any cluster, or if it is infrequent. The factors affecting
trajectory anomalies are not only reflected in unusual location points or sub-trajectories
in the spatial domain but also hidden in the sequence of movements associated with a
moving object [2].

In the maritime domain, most research of trajectory anomaly detection only considers
the trajectory’s spatial information and ignores the characteristics of vessel motion. These
motion characteristics are the key attributes that describe the behavior of vessels and they
become important factors for the anomaly detection of vessel trajectories. This paper
proposes a collaborative anomaly detection approach of marine vessel trajectory, called
vessel trajectory multi-factor collaborative anomaly detection (VT-MCAD). Based on
TRAjectory Outlier Detection (TRAOD) [3], VT-MCAD takes the motion characteristics
of the vessel’s speed, direction, and acceleration as the components of vessel trajectory
anomaly detection, and the anomaly detection result of each component is finally inte-
grated into the trajectory’s comprehensive anomaly trend score to achieve anomaly
detection. The proposed method combines the spatial models and motion models of the
trajectories in a multi-factor framework to generate more accurate detection.

2 Related Work

Most existing anomaly trajectory detection techniques are based on the distance,
direction, and density of trajectories. However, classification and historical similarity-
based techniques have also been proposed [4].

A distance-based approach was originally proposed by Knorr [5]. Lee [3] proposed
the TRAOD algorithm which consists of two phases: partitioning and detection. In the
first phase, each trajectory is partitioned first in coarse granularity and then in fine
granularity. In the second phase, the outlying trajectory partitions are detected mainly
using distance, and thus this phase is intuitive and efficient.

Ge [6] considered outliers in terms of direction and density. An evolving trajectory
outlier detection method was provided, named TOP-EYE, which continuously com-
putes the outlying score for each trajectory in an accumulating way. In TOP-EYE, a
decay function is introduced to mitigate the influence of the past trajectories on the
evolving outlying score, which is defined based on the evolving moving direction and
density of trajectories. This decay function enables the evolving computation of the
accumulated outlying scores along the trajectories.
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Classification-based approaches establish a normal trajectory model and abnormal
trajectory model through statistical information of the historical trajectory and generate
a trajectory classifier. Li [7] proposed a Motion-Alert classification method for tra-
jectory outlier detection that consists of the following three steps: (1) Object movement
features, called motifs, are extracted from the object paths. Each path consists of a
sequence of motif expressions associated with the values related to time and location.
(2) Motif-based generalization is performed to discover anomalies in object move-
ments, which clusters similar object movement fragments and generalizes the move-
ments based on the associated motifs. (3) With motif-based generalization, objects are
put into a multi-level feature space and are classified by a classifier that can handle
high-dimensional feature spaces.

The historical similarity-based approach establishes a global feature model
according to the frequent patterns of historical data mining, and then the data different
from the global feature model are identified as abnormal trajectories. This method can
usually be used for training data sets without labels. The historical similarity-based
approach is widely used in navigation, road network traffic, and other fields. Lei [2]
proposed a framework for maritime trajectory modeling and anomaly detection, called
MT-MAD. The model considers the fact that anomalous behavior manifests in unusual
location points and sub-trajectories in the spatial domain as well as in the sequence and
manner in which these locations and sub-trajectories occur.

Currently, there is little research on trajectory anomaly detection for marine vessels
and its application to the real world is still at an immature stage [8§—12]. To promote the
safety of marine navigation, there is an urgent need to design a more robust trajectory
anomaly detection method.

3 Collaborative Trajectory Anomaly Detection Framework

3.1 The Framework

The framework of VT-MCAD is shown in Fig. 1. It may be quite difficult to directly
identify whether a trajectory is an anomaly trajectory since anomalous trajectories are
rare in the trajectory data set. Therefore, VT-MCAD assumes that each vessel trajectory
is suspicious to varying degrees and it achieves anomaly detection by identifying the
vessel trajectory’s degree of suspiciousness [2]. When a trajectory anomaly detection is
performed, VT-MCAD intercepts a trajectory segment of the vessel’s adjacent time,
and then recognizes the behavior of the trajectory segment, calculates the suspicious
degree of its location, speed, direction, acceleration and so on, and integrates them to
realize anomaly detection. As shown, the VT-MCAD method can be divided into two
phases (shown in Fig. 1): trajectory modeling and anomaly detection.

3.2 TRAOD

TRAOD [3] is a basic component of VT-MCAD. The algorithm divides the trajectory
into a set of trajectory segments and then calculates the distance between the trajectory
segments to realize trajectory anomaly detection.
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Fig. 1. The framework of VT-MCAD

TRAQOD uses the Hausdorff distance, commonly used in pattern recognition, to
define the distance between trajectory segments [13], which mainly consists of the
perpendicular distance (d ), parallel distance (dj), and angle distance (dj).

Suppose there are two trajectory segments S; = sje;, S» = spep, where s; and
e;(i = 1,2) are the starting and ending points of the trajectory segment, respectively. S;
is the shorter one of the two trajectory segments. d |, dH’ and dy are shown in Formulas
(1), (2), and (5), respectively. Among them, suppose that the projection points of the
points s; and e; onto S, are p; and p,, respectively. [, is the Euclidean distance
between s; and p; and [, is the Euclidean distance between e; and p,. ||S;|| is the
length of S and 0(0" <0< 180°) is the smaller intersection angle between Sy and S,.
Finally, the distance between the two trajectory segments can be determined through
Formula (6).

B +P
di($1,8,) = =—== 1
1(51,52) Lign+1o )

d|(81,82) = MIN (1, 2) (2)
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i = MIN([[pss2 |, [Ipse21l) (3)

lp = MIN({|pesz ||, [|pee2l|) 4)
ISy x sin(0), if 0" <0<90

dH(Sl,SZ)_ { HSI||7 lf900§0§1800 (5)

dist(S1,82) =w,y - di(S1,82) +w ~d‘|(Sl,Sz) +wp - dp(S1, S2) (6)

The adjacent trajectory, anomaly segment and anomaly trajectory are defined
respectively below. Table 1 introduces the notation meanings used in the following
definitions.

Table 1. Notation meanings

SYMBOL Meaning

len(S;) The length of the segment S;

P(TR;) The set of all segments of TR;

CP(TR,-7 S, D) The set of TR;’s segments within the distance D from S; € P(TRJ-)
(TR; # TR;), i.e., {Si[S; € P(TR;) A dist(S;, Sj) <D}

CTR(S;,D) The set of trajectories close to S;

OP(TR;,D,p) | The set of outlying segments of TR;

Definition 1: Adjacent Trajectory. TR; is S;’s adjacent trajectory when inequality (7) is
true, where S; € P(TR;) (TR; # TR;).

ZS;GCP(TRi,Sj,D) len(S;) > len (Sj) (7)

Definition 2: Anomaly Segment. S; € P(TR;) is an anomaly segment when inequality
(8) is true. Here, |I'| denotes the total number of trajectories, and p is a parameter given
by a user.

[CTR(S:, D)| < (1 = p)IT| (8)

Definition 3: Anomaly Trajectory. TR; is an anomaly trajectory when inequality (9) is
true. In other words, when the proportion of the anomaly segments in the trajectory is
not less than the threshold F (defined by the user), TR; is an anomaly trajectory.

ZSiEOP(TRi,D,p) len(S;)
ZM,EP(TR,») len(M;)

©)
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3.3 Trajectory Behavior Recognition

Trajectory behavior recognition of a fishing vessel is the basis of trajectory modeling
[14—17]. In this study, the MSC-FBI algorithm proposed by Zhang et al. [18] is used to
recognize fishing vessel behavior. The biggest difference between MSC-FBI and other
fishing vessel behavior recognition algorithms is that the time distance between the
trajectory points is added to the trajectory point distance measurement, and the distance
between the trajectory points is considered comprehensively through the four dimen-
sions of time, space, velocity, and direction. The time distance between two points is
shown in Formula (10); the closer the time interval between the trajectory points P; and
P; is, the smaller their time distance is. The spatial distance, velocity distance, and
direction distance between P; and P; are shown in Formulas (11), (12), and (13),
respectively, where d(i) is the direction change times within a given period of time
{time; — tq, time; +t4}. Finally, the temporal-spatial distance between P; and P; is
shown in Formula (14), where W is a weight vector.

|time,~ — timev|
T o . _ ] 1
(i) max(T) — min(T) (10)

\/(loni — lonj)2 + (lati — latj)2

S(.3) = max(S) — min(S) (11)
S |Speedl~ — Speedj|

V(i) = max (V) — min(V) (12)

DIR(i,j) = |d(i) — d(j)| (13)

D(i,j) = WIT(i,j) S(i.j) V(i.j) DIR(,j)]" (14)

The following is a brief introduction to the implementation steps of the MSC-FBI
algorithm. Data set D contains a historical trajectory that needs behavioral recognition.
The specific steps are as follows:

(1) Use DBSCAN and the space-time distance measurement method to cluster the
trajectory in D and obtain the trajectory segments of the different behaviors.

(2) Use K-Means to cluster the trajectory segments that were obtained in Step (1), and
the trajectory segments of the same behavior pattern are clustered into one cluster.

(3) After obtaining the trajectory segments of same behavior pattern, model the tra-
jectory of different behavior patterns.

(4) Use the behavior model obtained in Step (3) to identify the trajectory behavior.

3.4 Trajectory Modeling

Trajectory modeling is used to establish the behavior model of the fishing vessels,
including five trajectory characteristic models: instantaneous angle acceleration, aver-
age angle acceleration, instantaneous velocity, average velocity, and acceleration. It is
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necessary to distinguish between behaviors when modeling due to the different
behavior patterns of fishing vessels’ sailing state and fishing state. Figure 2 shows the
trajectory modeling process of the fishing vessel, in which the behavior of the fishing
vessel is divided into two categories: sailing behavior and fishing behavior.
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Fig. 2. Trajectory modeling process of the fishing vessel

The trajectory data of the fishing vessel discussed in this paper were positioned and
transmitted by the BeiDou navigation satellite system (BDS). The trajectory infor-
mation includes longitude, latitude, timestamp, direction, speed, and temperature of the
fishing vessel. The behavior patterns of fishing vessels in different states can be
extracted and the trajectory model can be established through the study and analysis of
these attributes.

Traditional anomaly detection modeling methods can be divided into supervised
learning and unsupervised learning. Supervised learning needs to label the data in the
training set before training the model, and then the anomaly detection model is built by
classifying training set labels. In contrast, unsupervised learning does not need to label
the training set data before beginning training but implements anomaly detection
through data features. Because anomalies are rare in the trajectory data of this study, it
was not possible to construct a rich training set for supervised learning, and therefore
an unsupervised one-class SVM was used to establish the trajectory model.

One-class SVM [19] is a common method in the field of anomaly detection. It is a
variant of the SVM algorithm. SVM is a supervised algorithm, and its essence is to find
a hyperplane with the largest classification interval to realize data classification. SVM’s
training set is divided into two parts: metadata and the classification label. One-class
SVM is an unsupervised algorithm in which the metadata does not need any data labels
in its training set. The goal of one-class SVM is to find a hyperplane in the feature
space so that most of the training patterns are in front of the hyperplane and the
distance between the hyperplane and the origin is maximized. In other words, one-class
SVM actually finds a hyperplane in the feature space to separate the origin and training
patterns, and the distance between the hyperplane and the origin is maximized.
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The maximum edge problem is the core of one-class SVM. Therefore, the problem

can be formulated as follows:
; 1 2 1
Mt W+ 5ie 2o (15)
w- @(xi) ZP 78i78i207Vi: 13"'7m

where w is a vector orthogonal to the hyperplane; C represents the fraction of training
patterns that are allowed to be rejected; x; is the i training pattern; m is the total
number of training patterns; ¢ = ¢y, .. ., &, is a vector of slack variables used to “pe-
nalize” the rejected patterns; and p represents the margin, that is, the distance from the
origin to the hyperplane.

The trajectory modeling algorithm is summarized as follows:

Algorithm 1 Trajectory modeling.

Input: Sailing trajectory training set D, = {ST4, ST, ..., ST},
Fishing trajectory training set Dy = {FT,FT5, ..., FT,,}

Output: Trajectory Model M

1: // Using instantaneous direction, average direction,

2: // instantaneous velocity, average velocity and acceleration

3: // established corresponding models respectively.

4: for each ST(FT;) in Dy(Dy):

5: for each P; in ST(FT)):

6 S,SV,D(SLD) < Calculate Moment Direction for P;

7 Sf,D(SﬁD) < Calculate Average Direction for P;

8 ,",S(SLS) <= Calculate Moment Velocity for P;

9: f,s(Sf,s) < Calculate Average Velocity for P;

10: Sj(S{,) < Calculate Acceleration for P;

11: // Modeling instantaneous angle acceleration by

12:  //instantaneous direction

13: Mipp, My Model (S3;p), Model (S,,)

14: // Modeling average angle acceleration by average

15: // direction

16: M3y, M), < Model (S5,), Model(s”,)

17: // Modeling of Instantaneous velocity

18: M5, M~ Model (Sy;s), Model (S%,¢)

19: // Modeling of average velocity

20: Mg, Mg~ Model (S5), Model (S%y)

21: // Modeling acceleration

22: M5, M~ Model (S5), Model (S%)

231 M — (Miip(Mjyp), Mip(M)p). Miss (M),

24: Mis(Mhs)  Mi(M)))

25: return M

The instantaneous angle acceleration model Mj,,,, average angle acceleration model
M3, instantaneous velocity model Mj,q, average velocity model M, and acceleration
model Mj are the five independent components of the trajectory model. When the
anomaly trajectories of fishing vessels are detected, the suspicious degree of each
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component (including TRAOD) are calculated separately, and then the suspicious
degrees are combined to realize anomaly detection.

3.5 Anomaly Trajectory Detection of Vessels

In the anomaly detection phase, this method integrates the suspicious degree of the
trajectory model’s different components to obtain more reliable anomaly detection
results. Among them, the suspicious degree of the TRAOD component is calculated
using Formula (16), and the suspicious degrees of the other components are calculated
by Formula (17), where OPS(TR;) represents the anomaly point set in trajectory TR;
and PS(TR;) represents all the points in TR;.

ZS,-EOP(TR;,DJ)) len(S;)
ZM,-EP(TRi) len(M;)

_ OPS(TR))
others — PS(TR,)

Suspicious Degree gaop = (16)

Suspicious Degree (17)

Different from the traditional anomaly detection algorithm, the motion character-
istics of vessel trajectory data are modeled and treated as different components of VT-
MCAD. After obtaining the suspicious degree of each component, the final anomaly
detection results are obtained by using the predefined combination strategy. In addition,
in the process of suspicious degree combination, different characteristic models of the
algorithm are given different weights according to the model availability so as to deal
with the anomaly detection sensitivity of different characteristics.

Specifically, the different characteristics of vessel trajectory have different mean-
ings. It is necessary to effectively deal with the suspicious degrees while combining
them. Traditional combination methods mainly include cumulative sum and sorting
methods, but both methods have shortcomings. For example, the cumulative sum
method may cause the final result to be excessively dependent on the component and
weaken the influence of other components when the suspicious degree of a component
is abnormally large. Additionally, the sorting method may cause conflicts in the
individual component results. To solve these problems, each component of VI-MCAD
is weighted based on the cumulative sum. The weight of each component is determined
by the availability of the component in different application scenarios. The weighted
cumulative sum algorithm is as follows:

Algorithm 2 Weighted cumulative sum.

Input: Component suspicious degree set S = {S4,S5, ..., S,,}
Output: Final suspicious degree S¢

1: Foreachi=1ton

2: Assignw; toS;

3 Sp=Xawi S

4: Return Sy
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The above algorithm assigns a weight w to the suspicious degree obtained by the
different components in VI-MCAD, and w;+w,+...+w, =1, where n is the
number of VT-MCAD components. Figure 3 shows a flow chart of the vessel trajectory
anomaly detection. After inputting the trajectory of the vessel, the six component
models of VT-MCAD calculate the suspicious degree separately, and then the com-
ponents of each component are integrated to acquire the final suspicious degree of the
current trajectory.
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Fig. 3. Flow chart of vessel trajectory anomaly detection

4 Experiments

The experiment used the trajectory data set in a dynamic fishing vessel management
system operated in Zhoushan, China. The system utilizes BDS to locate vessels and
transmit real-time data. Its main functions include vessel inquiry, track playback, alarm
rescue, and voyage statistics. The experimental data were collected from December 22,
2016, to November 8, 2018, from a total of 220 vessels, and was about 0.6 GB in size.

The effectiveness of the VT-MCAD method proposed in this paper was verified by
comparing the effect of TRAOD and VT-MCAD on anomaly detection of the above
trajectory dataset. Since the detection methods of the two algorithms are basically the
same under the two behaviors of fishing vessel sailing and fishing, this study only
detected anomalies of the fishing vessel’s sailing trajectory.

4.1 TRAOD Anomaly Detection

After cleaning and filtering the trajectory data, 6,110 trajectory data were obtained.
The TRAOD trajectory anomaly detection effect was verified on a test set containing 50
normal trajectories and eight anomaly trajectories. During the experiment, the
parameter p was set to 0.9 and the parameter F was set to 0.2. Figure 4(a) shows the
accuracy of TRAOD for the detection of different parameters D values. As the value of
D increases, the detection accuracy of the normal trajectory continuously increases, and
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the detection accuracy of the anomaly trajectory continuously decreases. Figure 4(b)
shows the anomaly detection accuracy of the parameter D from 2 to 3 interval 0.1. As
shown, when the parameter D is greater than 2.4, the normal trajectory detection
accuracy is 100%, and the accuracy of anomaly trajectory detection is 25%-37.5%.
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Fig. 4. Anomaly detection accuracy of TRAOD with different parameter D values

The experimental results showed that TRAOD is not ideal for anomaly detection of
a fishing vessel’s trajectory. In the case of not tolerating the misjudgment of the normal
trajectory, the final detection ratio of the TRAOD to the anomaly trajectory was only
37.5%, and the risk of the algorithm erroneously judging normal trajectories was large.
When the parameter D was increased to reduce misjudgment, the accuracy of the
anomaly trajectory detection was further reduced to 25%. Therefore, TRAOD can
detect a part of the anomaly trajectory, but the detection accuracy is low and the effect
is poor.
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4.2 VT-MCAD Anomaly Detection

Tables 2 and 3 show the suspicious degree of VI-MCAD’s different components.
There were ten normal trajectories and eight anomaly trajectories in the test set, of
which the table respectively describes the suspicious degree for the normal and
anomaly trajectories. The parameter D in the TRAOD component was 2.6. Since the
components in the VT-MCAD had similar performances under the experimental sce-
nario, this study used the simple averaging method to integrate the component results
[20]. It can be seen that although the trajectory suspicious degrees of different trajectory
features were different, the anomaly detection accuracy of each component was gen-
erally higher. Finally, the suspicious degree distribution of each trajectory is shown in
Fig. 5. The suspicious degrees of the anomaly trajectories in the graph were signifi-
cantly higher than those of normal trajectories.

Table 2. VT-MCAD components suspicious degree distribution of the normal trajectory

Components Normal trajectory

1 2 3 4 5 6 7 8 9 10
Instantaneous angle acceleration | 0.31 | 0.05 | 0.19 | 0.07 | 0.07 | 0.07 | 0.11 | 0.00 | 0.15 | 0.05
Average angle acceleration 0.31/0.05/0.000.210.270.00|0.17 | 0.00 | 0.05 | 0.32
Instantaneous velocity 0.23/0.21,0.43/0.070.33/0.07|0.00 | 0.19 | 0.10 | 0.05
Average velocity 0.31]0.05/0.25/0.07 | 0.270.07 | 0.00 | 0.38 | 0.15 | 0.16
Acceleration 0.2310.26 1 0.38 1 0.000.130.070.00|0.00{0.15{0.11
TRAOD 0.28]0.32/0.22/0.22|0.21|0.54 | 0.19|0.41 1 0.47 | 0.43

Table 3. VT-MCAD components suspicious degree distribution of the anomaly trajectory

Components Anomaly trajectory
1 2 3 4 5 6 7 8

Instantaneous angle acceleration | 0.35|0.17 | 1.00 | 0.38 | 0.50 | 0.21 | 0.64 | 0.23
Average angle acceleration 0.2410.28 1 0.33/0.44 0.380.14/0.27|0.15
Instantaneous velocity 0.41]0.11/0.67 | 0.88]0.880.79 | 0.72 | 0.62
Average velocity 0.29/0.061.00|0.81 | 1.0 |0.36/0.91|0.54
Acceleration 0.29/0.06 | 0.07|0.31|0.25|0.50 | 0.27 | 0.38
TRAOD 0.87/0.09/0.21 [ 0.40|0.63 1 0.24 | 0.59 | 0.95

The experimental results showed that compared with TRAOD, the VT-MCAD
algorithm proposed in this paper had a higher accuracy of anomaly detection, and the
algorithm considers various trajectory features, such as position, speed, and direction,
which make VT-MCAD more robust and reliable.
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Fig. 5. VT-MCAD suspicious degree

4.3 Algorithm Evaluation

To compare the effectiveness of TRAOD and VT-MCAD, the Precision, Recall, and
F-measure evaluation criteria are used, as shown in Formulas (18), (19), and (20),
where R represents the known anomaly trajectory data set; D represents the anomaly
result set obtained after the algorithm is executed; Precision and Recall are used to
evaluate the accuracy and completeness of the algorithm anomaly detection result,
respectively; and the F-measure index integrates the Precision and Recall evaluation
results.

IRAD

Precision =
DI

__|RND|

Recall
R|
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The algorithm anomaly detection performance evaluation is based on the maximum
order of the anomaly detection results in Tables 2 and 3 and Fig. 5, and the top ten
trajectories of the maximum ordering were defined as anomaly trajectories. Figures 6, 7
and 8 show the results of VT-MCAD and the Precision, Recall, and F-measure of its
various components. It can be seen from the figure that under the current trajectory data
set, the anomaly detection accuracy of the TRAOD was 0.5, which was 0.2-0.3 lower
than the other components of VT-MCAD, and the final accuracy of VT-MCAD was
0.2 higher than that of TRAOD. In terms of the completeness of anomaly detection, the
proportion of anomaly trajectories detected by other components of VT-MCAD to the
total number of anomaly trajectories exceeded 0.8 while that of TRAOD was only 0.6.
By combining the above two evaluation indicators, the F-measure evaluation results of
VT-MCAD were significantly better than TRAOD.
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Fig. 8. F-measure evaluation

5 Conclusion

In this paper, a multi-factor collaborative approach to detecting anomaly trajectories of
marine vessels is proposed. This approach simultaneously considers the vessel’s speed,
direction, and acceleration. Our VT-MCAD approach was evaluated using data from
the Zhoushan fishing vessel management system. Results showed that the accuracy and
completeness of the VT-MCAD in the experiments trajectory dataset were significantly
better than the TRAOD, which verifies the effectiveness of the VT-MCAD. Future
work shall consider more factors by exploiting the knowledge of marine meteorology
and hydrology.
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