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Abstract—Intended to solve the problem of poor generalization
of complex collision risk model, this paper proposes a novel
collision risk model based on data-driven. Firstly, the main traffic
pattern is clustered by Ordering Points to Identify the Clustering
Structure algorithm. Afterwards, using probability statistics and
mining the altering behaviors identify the abnormal behavior. And
then, encounter situation and avoidance behaviors are identified
by analyzing the relative motion characteristics of the two ships.
Finally, by Kullback-Leibler dispersion and Kkernel density
estimation methods, the key parameters are extracted from
encounter data with avoidance behaviors. The collision risk model
based on data-driven is constructed. To verify the effectiveness of
the proposed method, the method is used in a heavy traffic area,
the mouth of Yangtze River, China. The results show that the
collision risk model based on data-driven can be more accurate.

Keywords—collision risk detection, heavy traffic waters, data-
driven method, ship domain model, encounter situation

[. INTRODUCTION

From 2014 to 2022, ship collision is the main event type of
ship accidents, with 21.6% of the occurrences [1]. In order to
reduce the occurrence of ship collisions, ship collision
avoidance decisions need to be studied. However, before the
collision avoidance decision can be investigated, the collision
risk between two ships needs to be understood. So, it is
necessary to do some research on the field of ship collision risk.
Currently, research on ship collision risk is divided into four
categories: (1) indicator method, (2) safe boundary method, (3)
velocity-based method and (4) data-driven. [2].

Nowadays, some of the more common indicator methods for
determining collision risk are Collision Risk Index (CRI)
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method [3-5] and fusion parameter method [6, 7]. Above
methods, variables are clear and easy to understand. However,
in the process of encountering, the movement state of the ship
and the interrelationship with other ships change all the time.
Meanwhile, some key parameters of indicator method are more
subjective. So, these deficiencies in the methodology may lead
to errors in judging collision risk.

One of the classical of the safety boundary methods is the
ship domain approach[8-12]. The collision risk model based on
ship domain sets safety field around own vessel. If another ship
intrudes into the area, the collision risk is considered to be
existed. However, the ship domain which is the key element in
this kind of method does not change with the changing traffic
environment. The generalization of this method is relatively
weak.

Now, there are a certain number of velocity -based
approaches to study collision risk[13-16]. By exploring the
principle of avoidance operation, ship collision risk model based
on velocity is used to calculate the possibility of collision
accidents. However, in actual complex encounter scenarios with
multifactorial influences, it’s a little difficult to identify the
collision risk.

The collision risk models based on data driven use neural
network [17-19], support vector machine [20] and other artificial
intelligence algorithm to look for patterns from historical data,
so as to predict the collision risk. With amount of AIS data, we
are able to fit the key parameters of the collision risk model for
the specified waters. The fitted parameters make the model more
accurate.



Ship automatic identification system (AIS) data contains
ship’s dynamic and static information, which can visually
display the process of sailing. Through exploring AIS data,
officer’s on watch (OOW) experience also can be verified. In
heavy traffic waters, the basic information and specific
experience are important in studies of collision risk. This
information is helpful to identify ships’ regular and abnormal
behaviors, reflects maneuvering conditions in the real process of
avoiding collision. It can also make the parameters set of the
collision risk model more appropriate for the specific waters.
Thus, AIS data is important for identifying the key parameter of
collision risk model based on data driven.

At present, some collision risk models based on data-driven
only focus on the data itself [21-25]. However, avoidance
behaviors as reflecting to the collision risk are neglected in the
process of research collision risk. In order to ensure the accuracy
of the model based on data-driven, avoidance behaviors also
need to be study. This paper proposes a novel collision risk

method based on AIS data which considers avoidance behaviors.

In section II, methodology which is used to constructing
collision risk model is introduced in detail. In section III, the
feasibility of this model is verified by the real case. In section
IV, the advantage and weakness of this model are concluded.

II. METHODOLOGY

A. Overview of the Study

In this study, an innovative ship collision risk models based
on data-driven is proposed. In this section, the methodology of
this research is described in detail, and the organizational
framework of the study is shown in the following figure 1. The
first part is that using Ordering Points to Identify the Clustering
Structure (OPTICS) cluster the historical AIS data to mine the
main traffic pattern. According to probabilistic statistics and the
course change, abnormal behaviors are identified from AIS data.
Based on the analysis of the relative motion characteristics of
the two ships, the avoided vessel can be matched accurately and
the ship encounter scenarios containing the avoidance behavior
is able to be extracted. The encounter scenarios extracted
improved data quality in collision risk model based on data-
driven. In the second part, based on historical AIS data and
extracted encounter scenarios, the Kullback-Leibler (KL)
dispersion and kernel density estimation methods were used to
determine the most suitable ship domain parameters for the
study waters. By these key parameters, the novel collision risk
model is constructed.
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Fig.1. The overall flowchart of the research

B. Extracting Encounter Scenario
1)abnormal behaviors identification

Firstly, in order to identify the realization of abnormal ship
behavior, it is chosen to take the clustering method to identify
the traffic patterns in the study waters. The scenario which is
studied in this paper is the traffic intensive water, characterized
by many types of ships, high traffic flow, various shapes of ship
trajectories. Therefore, OPTICS, a kind of the density-based
clustering algorithm, which has the advantages of noise
elimination, robustness and being insensitive to parameter
settings is adopted to realize the clustering of ship trajectories.

As shown in Figure 2, instead of directly generating
clustering results, the OPTICS algorithm ranks the objects in
the dataset, meanwhile, generates a map of the distribution of
reachable distances. The formula for calculating the reachable
distance is as follows:

{Ns(p) = {p; € D|dis(p;, p;) < €}

IN,(p)| = MinPts M

where p; means one of the samples D; N.(p) means the
number of p; satisfying the above equation; ¢ is the reachability
distance of sample p; when the core object is MinPts.
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Fig.2. The result of OPTICS

Since the ship trajectory consists of multiple trajectory
points, a similarity function is needed to convert the ship
trajectory into sample points. In this paper, Hausdorff distance
is used to measure the similarity of trajectories with the
following formula:

sup |inf(dis(ab))|,
dHau(T,,T,) = max{ *M [b_EN ' ] )
sup | inf (dis(be)|

where dis(ab) and dis(ba) are one-way distances between

trajectory points a and trajectory points b; sup [inf (dis(ab))]
aeM ‘beN
and sup [inf (dis(ba))] are one-way distances between
beN LaeM

trajectory T, and trajectoryT .

The ship trajectory data can be clustered by OPTICS
algorithm to obtain many trajectory clusters. Each trajectory
cluster represents a traffic pattern, which has its own
navigational regularity.

Secondly, an approach based on course change
characteristics and probabilistic statistics is used to mine the
navigational regularity in the above trajectory clusters, so as to
identify abnormal navigation behaviors. For capturing course
changes more clearly, derives the course data to obtain the rate
of turn (ROT) data. ROT data is able to represent her altering
course more visually. The behavior of altering course is shown
as an increasing (right turn) or decreasing (left turn) in the
course data. And it is expressed as a complete convex function
(right turn) or concave function (left turn) in ROT data.

By pre-processing the data, the ship trajectory is denoted as
Tlotnl = {pCto)  p)} | the course data is denoted as
, and the derived ROT data is
rltotn] = {r(to), . r(tn)}. To identify the behaviour of altering
course, the local extreme moments of the ROT are obtained by
the following equation:

cltotnl = {c®, ..., )}

dzr(tr)
dt?

dr(tf)

T | = 0and #0,  trelty,ty] 3)

Each local extreme moment t; corresponds to a behaviour
of altering course, and the altering amplitude corresponding to
each altering behaviour can be solved by the following
equation:

Ac(ty) = clte) — () 4)
where Ac(tf) means the altering amplitude at the local extreme
moment t¢; t, and t; mean the moments when ROT is equal to
0 on both sides of the moment of t¢, as shown by the black dots
in Figure 3.

However, in reality, her course also is affected by
maneuvering, wind, current, wave and other environmental
elements. For declining the influence of environmental
elements to the behavior of altering course, some behaviors of
altering is excluded by setting altering amplitude threshold (7).
When Ac(tf) = 1., considering the altering course is caused

by ship steer. When Ac(tf) < 7., considering the altering
course is caused by environment.
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By 7. and Eq. (7), the behavior of altering course can be
extracted from trajectory. In this voyage, the sub-trajectories of
other ship which came from the same cluster are extracted and

denoted as Tt[sts’te] = {(pt(;s). ...,pt(ﬁf)) li=12, ...,n}. By Eq.
(4), the altering magnitude (Ac) is calculated separately. The set

of altering magnitudes for this part of voyage can be obtained:

C={Ac;|i=12,..,n} (5)
The probability density distribution of this set of altering
magnitudes was calculated using probability statistics (PDF):

where f(x) means the estimated probability density function;
K means the kernel function; h means the bandwidth parameter;
Ac; means a data point in the set of altering magnitude.

Through observation, it is found that the altering magnitude
distribution conforms to Gaussian distribution, so Gaussian
distribution is adopted as the kernel function:
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By the above equations, the probability distribution curve
of the altering magnitude for this part of trajectory can be
obtained. As shown in Figure 4, abnormal behavior of altering
course can be identified by setting 7,
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Fig.4. Abnormal behavior Identification

2)avoidance behaviors identification

In this section, avoidance behavior will be identified from
the behavior of altering course by two steps.

The first step is to analyze the character of avoidance
behavior to extract encounter situation with avoidance
behaviors. Usually a whole process of avoiding collision
consists of avoidance phase and resumption phase. So, the
single abnormal behavior extracted in the last section is not a
complete avoidance behavior. For forming a complete ship
avoidance behavior, it is necessary to combine two abnormal
behaviors. In order to judge the whole avoidance behavior, the
study matches abnormal behaviors based on the following two
principles:

1) The avoidance phase and the resumption phase shall be
continuous or nearly continuous:

|t, -t <, (8)

where tg means the start moment of the jth abnormal behavior;
t. means the end moment of the ith abnormal behavior; 7, is
the time proximity threshold.

2) In the avoidance phase and the resumption phase,
avoidance behavior should be opposite or close to opposite, and
avoidance magnitude should add up to close to zero:

|Act + Ac!| < 7y, 9)

where Act, Ac/ means the altering amplitude of ith abnormal
behavior and jth abnormal behavior; 7, means the avoidance
amplitude tolerance.

are satisfied with

(P20

ol [ede]
If two abnormal behaviors T, , T,

Eq. (8) and Eq. (9), this part of voyage,
considered as the whole avoidance behavior.

However, above avoidance behavior does not focus on all
of near vessels. Thus, the second step of identifying avoidance
behavior is to find out exactly the vessel which makes own
vessel to alter course.

Relative speed is an important parameter to reflect directly
the relationship between two vessels. When vessel takes some
avoidance actions, relative speed will change obviously.
According to it, avoidance intentions can be estimated. In the

tst t t
'Tt[ss e])’ pgss) and pt(sS)

mean the initial track points of own ship and target ship. Trend
of relative motion of the two vessels is calculated by the
following equation:

. . te,t
two-ship encounter scenario (TO[SS el

~Crp (10)

where c,, means the angle of combined velocity of the two
ships; c,;, means the angle of the target ship relative to own ship.

Ca = Crp

This research analyses the avoidance intentions based on the
following principles:

1) ¢4 is positive or negative to represent avoidance strategy.
2)The absolute value of c; represents avoidance amplitude.

Assuming at the moment of t, own ship starts to alter
course for avoiding collision and altering angle is Ac. After
altering, the relative motion trend of the two vessels can be
estimated by the following equation:

€4 = Cry = Crp (11)
1= arct (Ax) (¢, + AC) (12)
¢, = arctan Ay c, + Ac

vsinc, — vyssin(c, + Ac)

) — (¢, + Ac)(13)

¢, = arctan
e (vtcosct — vysc0s(c, + Ac)

where Ax and Ay mean difference in geographic location of
the two ships; (c,, v,) and (c;, v;) mean own ship’s and target
ship’s speed and course.

According to compare ¢4 with ¢, estimate the intention for
avoiding collision:

1) sgn(cy - ¢4) < 0 indicates that the avoidance strategy is
reversed. At the beginning, own ship choice passing target ship
from her foreword becomes passing from her stern;

2) sgn(cy-cg) =0 and |cj| —|cql =0 indicate that
avoidance strategy never changes, meanwhile, the avoidance
amplitude is increasing;

3) sgn(c;-cg) =0 and |cj| —|cgl <O indicate that
avoidance strategy never changes, but the avoidance amplitude
is declining.



Table I. AVOIDANCE INTENTION UNDER DIFFERENT CONDITIONGS

Crp Cq cy Avoidance Intention
cy>cy Substantially pass from astern
Marginally pass
0<c;<c
g =0 a="d from astern
Pass
i cg <0
u:g:nt y d from foreword
4 , Substantially pass from
forth g <cCq foreword
uadrant
q . <0 0>¢ >c Marginally pass
d =rd="d from foreword
Pass
cg>0
d from astern
o >e Substantially pass from
a~ " foreword
Marginally pass
az0 | 0=cz=cq from foreword
second Pass
quadrant/ €a <0 from astern
third
quadrant g < Cq Substantially pass from astern
Marginally pass
0=c;=c
<0 4 d from astern
Pass
cg>0
d from foreword

According to the above table, avoidance intention is able to
be judged. But avoidance intention is categorized into
avoidance strategy and magnitude. The avoidance strategy and
magnitude are characterized by the change of the relative
bearing and the change of the DCPA with the target vessel,
respectively, in order to facilitate the matching of the actual
encounter process.

For example, ¢, is located in the first quadrant at the initial
moment. In the encounter situation, if the avoidance strategy is
that own ship passes target ship from astern, the target’s bearing
will across first quadrant and second quadrant. It can be
characterized by the following equation:

3t - B(t) — B(t — 1) = 180° (14)
where B(t) means target ship’s bearing at the moment of ¢.

If the avoidance strategy is that own ship passes target ship
from foreword, the target’s ship will across first quadrant and
forth quadrant. The carve of changing bearing shows a general
increasing trend. The overall trend of changing bearing can be
characterized by a linear fit:

y=mx+b (15)

_ n2?=1(xiyi) — N1 X Xieg Vi (16)
nEiixf — Eix)?

b= Y —mYil X 17)

n
where m means the slope of the linear regression.

Except the avoidance strategy, the avoidance amplitude also
be considered. DCPA is an important metric for evaluating the
relative motion of two vessels. Therefore, DCPA can be used
to characterize the avoidance amplitude:

ADCPA = |DCPA(cy + Ac)| — |DCPA(cy)| (18)

DCPA = d, * |sin(c,, — ¢rp)l (19)

where DCPA(c, + Ac) means the distance to closest point
of approach when avoidance behavior is ¢, + Ac; DCPA(c,)
means the distance to closest point of approach when avoidance
behavior is ¢j; d, means the relative distance between two
vessels.

Following Table II lists the avoidance characteristics under
different avoidance intentions

Table II. CHARACTER OF AVOIDANCE INTENTION
Characteristics Characteristics
of Intended of Intended
Avoidance Avoidance
Strategy amplitude

Avoidance

c C )
b a Intention

Substantially
pass from It
astern - B(t)
Marginally —-B(t-1)
gi 0 pass >180°
- from astern
Pass
from /
first foreword
quadrant/ Substantially
forth pass from
quadrant foreword
Marginally
pass
from
foreword

ADCPA> 0

ADCPA<O

ADCPA>0

ADCPA<O0

at

Pass - B(t)
from astern —B(t—-1)
> —180°

Substantially
pass from
foreword
Marginally

pass
from
foreword
second Pass
quadrant/ from astern
third Substantially at
pass from - B(t)
astern —B(t—-1)
Marginally < -180°
pass ADCPA<O
from astern
Pass
from m<0 /
foreword

ADCPA>0

m<0
Ca
ADCPA< O

quadrant ADCPA >0

Ca

C. Constructing Ship Collision Risk Model Based on Data
Driven

The ship domain is the area that the officer on watch (OOW)
has made inaccessible to other vessels in order to make sure the
safety of the ship. However, it is restricted by experts’
acknowledgment and experience. For constructing a proper
domain which is fit for research water, a data-driven ship
domain is fitted by historical AIS data. Because ruder effect on
both sides are different, the safety distances on both sides also
be different. As following in Figure 5, an eccentric ellipsoid
ship domain model is adopted as the basic model:



((x + Ax) - cosa + (y + Ay) - sinor)2
+
b2
((y + Ay) - cosa — (x + Ax) - sinoc)2 B
a? h

1 (20

where a and b mean the long and short semi-axes of the
ellipse; @ means course; Ax and Ay mean the offset between
the real ship and the virtual ship.

Y <@ Real ship

<73 Virtual ship

Figure 5 Eccentric elliptic ship domain

In this research, nearby ships are divided into four regions
according to the relative bearing, and then the kernel density
estimation can be used to obtain the probability distribution
function of ship spacing in each region:

1 n x—di
f(x)=ﬁzi=11(( =) 1)
1 _(x—x)?
Kox) = e (-5 @

where f(x) means the estimated probability density function;
K means the kernel function; h means the bandwidth
parameter; d; means the distance between own ship and the ith
vessel.

By setting probability threshold 7, the distance between
two vessels is calculated:

dp
5= Fewa (23)

CDF(%)

"~ d(m)
Figure 6 Diagram for solving ship spacing parameter

By Eq. (21) and Eq. (23), portside spacing value (d,lJ ),
starboard spacing value (dy,), foreword spacing value (d£ ), aft
spacing value (df,’ ) are obtained. On this basis, the long and

short semi-axis parameters of the eccentric elliptical ship
domain can be calculated by the following equation:

fazd;,+d;
2
{ d) +db @9
_’p
\b_ 2
2
25
ly_ 2

However, detecting the collision risk requires not only a
proper ship domain, but also a specifying time threshold (t;).
There is a risk of collision between the two vessels means that
within 7, the target vessel enters the own vessel’s domain.
According to lots of historic AIS data, 7, and 7, can be

extracted.

As shown in Figure 7, the ellipses from outside to inside are
T,, for values p; to py. tp, the time that the target ship enters the
ship domain of different scales can be calculated separately by
jointly solving the following equation:

¢ PrInd S
{ptsf =Vt tp t pes
SD(t,) =0

(26)

Figure 7 Diagram for changing ship domain

The optimal ship domain scale should make the collision
time distribution more consistent with a Gaussian distribution.
The compliance of the collision time distribution with the
Gaussian distribution can be estimated by the KL dispersion:

@ P
puPlQ) = [ P tog g

1, (_(x—#)2>
ovan P 202

where P(x) means the density function of the collision time
distribution; ¢ and o mean average and standard deviation
of collision time set.

dx 27)

Q(x) = (28)




The parameter corresponding to 7, with the smallest KL
dispersion is taken as the ship domain parameter for the study
waters. And t, under this vessel domain is determined by
setting a temporal probability parameter w.€(0, 1):

(29)

ty = W -max(P(x))

PDF(%)

wy - max(P(x))

PDF(%)
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Figure 8 Collision time distribution curves at different ship domains
III. CASE STUDY

A. Case Design

For verifying the feasibility and effectiveness of this method,
a part area of the mouth of Yangtze River is chosen as the
experimental water in this research. The experimental waters
range in longitude from 122.3°E to 122.7°E and in latitude from
30.9°N to 31.2°N, as shown in Figure . The experimental water
has three major shipping routes and two crossing areas: The
South Slot Import and Export Route, the North Slot Import and
Export Route, and the Outer Route. This study collected AIS
data for a period of one year from March 2019 to March 2020,
aiming to mine the traffic patterns in this water and identify ship
avoidance behaviors, so as to construct a database of ship
encounter scenarios

‘ i T
@‘(_kwnﬁgAm " Noxih $lot Impoxi Rouwke
Pas !

o= North SbiLxpori Rowe

Figure 8. The experimental water

Firstly, ship AIS trajectory in experiential water is clustered
by the OPTICS algorithm. Subsequently, an approach based on
course change characteristics and probabilistic statistics is used
to identify abnormal navigation behaviors. According to related
parameters, the whole process of avoiding collision and

avoidance behaviors are filtered out as dataset. And then, based
on the dataset filtered, this study separately identifies the
important parameters of collision risk models based on ship
domain. Finally, setting some experiment verifies the feasibility
and effectiveness of the method proposed in this paper.

B. The Result of Extracting Encounter Scenario

Figure 9 shows the initial ship trajectories after the pre-
processing process of decoding, cleaning and interpolation. The
initial trajectory is able to show the basic outline of the traffic
patterns in the experimental water, however, it cannot clearly
show the specific traffic patterns of the three major shipping
routes and two intersection areas. In order to analyze and
understand these complex traffic patterns more deeply, the
OPTICS clustering algorithm is used to cluster the ship
trajectories as shown in Figure 10.
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Figure 9 Initial vessel trajectory data in study water
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Figure 10 Cluster of 12 types of ship trajectories by OPTICS



As shown in FigurelO, take the traffic patterns (e) as
example. Firstly, the course of this trajectory is extracted. And
then, the ROT data is derived and Eq. (3) and Eq. (4) are used
to solve the local extreme points of ROT and the altering
amplitude of each extreme point corresponding to the behavior
of the ship. Secondly, the altering amplitude threshold 7,=5° is
set to filter out the altering behaviors. As shown in Figure 11
shows that there are five altering behaviors with the amplitude
greater than 5° in this trajectory.
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Figure 11 The process of extracting altering behavior
After extracting the altering behaviors from the ship
trajectories, this study separately calculates the latitude and
longitude intervals corresponding to each altering behavior, and
the calculation results are shown in Table III. Then, the altering
amplitude Ac of other ships belonging to the traffic pattern (e)
in this voyage is solved to obtain the altering amplitude set C.
Secondly, the probabilistic statistic is used to obtain the
probability of each altering behavior in the C. Finally, the three

According to the Table I and Table II, ship avoidance
intention is analyzed. Its intention is own vessel choose to pass
target vessel form her astern

C. Constructing Ship Collision Risk Model Based on Data
Driven

By analyzing the avoidance behaviors and other AIS data, a
more accurate and practical ship domain model can be
effectively fitted. It is highly feasible and effective in the study
waters. According to Eq. (23), ship domain parameters
corresponding to different 7,, is obtained. As T, increases, the
long and short semi-axis radius of the ship domain increase.
However, too large a domain leads to a decrease in the accuracy
of the collision risk model. Figure 13 shows the corresponding
ship domain parameters for 7,, ranging from 0.005 to 0.2.

1000 Domain Parameter a ol Center Offset Ax
- #~#-# Domain Parameter b ~10! i ®~e~% Center Offset Ay
: | -
z =201 7
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Cumulative probability of spacing(%) Cumaulative probability of spacing(%)

(a) The parameter of long and short semi-axis radius (b) The parameter of center offset
Figure 13 The result of ship domain parameter identification

Another important parameter of the collision risk model
based on the ship domain is the collision time for the target ship
to enter the ship domain 7. In order to extract 7, suitable for
the study waters, this experiment analyze the collision time
under different scale domains. Table IV shows the KL
dispersion of 7,, and 7,.

Table IV KL DISPERSION of 7,,

Setting 7, is 102 and t,. is 5°. Based on the principle of
2.1.2, a complete avoidance behavior is successfully matched
from the above three abnormal behaviors.
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= Avoidance bchavior

‘-\,/
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122.35

122.40
Longitude

122.45

Figure 12 Avoidance behavior extracted

122.50

altering behaviors below the pre-set probability threshold Parameter | 7,=0.015 | 7,=002 | 7,=004 | 7,=02
7,=0.015 are identified as abnormal behaviors. a 444 484 578 1062
b 341 371 440 820
Table III. ABNORMAL BEHAVIOR IDENTIFICATION STATISTICS Ax -48 -38 -33 -25
Alterin Alterin - A -8 -14 -54 -27
Behaviogr amplituge Probability Consequence K{ 0.0305 0.0243 0.0221 0.0327
1 -14° 0.008% Abnormal As shown in Figure 14, the curve has the lowest KL
2 12° 0.012% Abnormal dispersion at 7, = 0.04, which means that the corresponding
3 21 0.0135% Abnormal ship domain parameters are the most suitable for the
4 12 0.022% Normal experiential water. Then, by setting the collision time
5 21° 0.0168% normal

probability threshold t;, the ship collision risk model based on
the ship domain model can be obtained.

0.14 0.0022
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Figure 14 Results of parameter identification in the study water
As shown in Figure 15, risk model accuracy for different w,
tested by test set. The result indicates that the accuracy

Collisien time distrih ution
(b) Collision dispersion under camulative
probability of spacing is 0.04



decreases with the increase of w;, so w; should not be set too
high when using this model for risk detection.

1.001
_0.95
0.90
0.851
0.80
0.75'.
00 02 04 06 0.8
Collision time probability threshold

Figure 15 Accuracy of collision risk model based on the ship domain

Accuracy (%

IV. CONCLUSION

The research on extracting the important parameters of
collision risk model is very meaningful to ensure that ship can
navigate safely. By deeply mining the information harbored in
AIS data, an innovative ship collision risk models based on data-
driven has been proposed. This research uses the OPTICS
algorithm to cluster ship trajectories. An approach based on
course change characteristics and probabilistic statistics has
been used to identify abnormal navigation behaviors. Analyzing
the character of avoidance behavior extract encounter situation
with avoidance behaviors. Finally, the key parameters of risk
collision model have been extracted by above behaviors, and the
collision risk model has been constructed. In the process of
modeling, this approach has considered both the AIS data and
the collision avoidance behavior. This collision risk model is
more accurate than conventional collision risk model.

For varying the feasibility and effectiveness of this method
which is proposed in this research, one year's worth of AIS data
have been used in the case study. This experiment successfully
has extracted avoidance behaviors, encounter situation, and
obtained the key parameter of collision risk model fitted for
study water.

The approach which is proposed in the research still has
some deficiencies. In the process of extracting encounter
situation, there is phenomenon that a little behavior is identified
as avoidance behavior by mistake. In the process of extracting
parameter, the result of them are influenced extremely by the
quality of AIS data. Therefore, the above flaws will be
considered in future research.
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