NAVIGATION MONITORING PROGRAM, NAVIGATION
MONITORING METHOD, AND NAVIGATION MONITORING
DEVICE

FIELD
[0001] The embodiments discussed herein are related to a navigation

monitoring program, a navigation monitoring method, and a navigation

monitoring device.

BACKGROUND
[0002] Vessels generally have a property such that, as a size of the vessel

is larger, it is more difficult to suddenly change a course or stop. Therefore,
various techniques to avoid a collision between vessels have been developed.
For example, it is considered to detect approach between vessels or calculate a
collision risk between vessels on the basis of a distance between vessels, course
over ground of each vessel, or the like.

[0003] Furthermore, as related art, for example, a course display device is
proposed that determines that own vessel deviates from a course in a case
where a position of the own vessel does not exist in all unit course areas set in a
course area. Moreover, a system has been proposed that detects a change
direction of a position of a vessel, specifies a traveling direction associated with a
navigation area specified from the position of the vessel on the basis of
information in which the navigation area is associated with the traveling
direction, and detects backward navigation within the navigation area of the
vessel on the basis of an angle formed by the change direction and the traveling
direction.

[0004] Japanese Laid-open Patent Publication No. 60-244882 and
International Publication Pamphlet No. WO 2017/138126 are disclosed as related

art.

SUMMARY
[TECHNICAL PROBLEM]



[0005] By the way, a technique for predicting whether or not a vessel
navigates along a course has a problem in that it is difficult to perform accurate
prediction, for example, in a case where the course is curved.

[0006] In one aspect, an object of the embodiment is to provide a
navigation monitoring program, a navigation monitoring method, and a
navigation monitoring device that can accurately predict whether or not a vessel
navigates along a course.

[SOLUTION TO PROBLEM]

[0007] According to an aspect of the embodiments, a navigation
monitoring program that causes at least one computer to execute a process, the
process includes acquiring direction information that indicates a direction of a
vessel and position information that indicates a position of the vessel; and
predicting whether or not the vessel navigates along a course by inputting the
acquired direction information and the acquired position information to a
prediction model generated by machine learning by using direction information
and position information for each of a plurality of vessels that has navigated in
the past and a correct answer label that indicates whether or not each of the
plurality of vessels navigates along a course.

[ADVANTAGEOUS EFFECTS OF INVENTION]
[0008] In one aspect, it is possible to accurately predict whether or not a

vessel navigates along a course.

BRIEF DESCRIPTION OF DRAWINGS
[0009] FIG. 1is a diagram illustrating a configuration example and a

processing example of a navigation monitoring device according to a first
embodiment;

[0010] FIG. 2 is a diagram illustrating a configuration example of a
navigation assisting system according to a second embodiment;

[0011] FIG. 3 is a diagram illustrating a hardware configuration example of

the navigation monitoring device;



[0012] FIG. 4 is a diagram illustrating a configuration example of a
processing function included in the navigation monitoring device;

[0013] FIG. 5is a diagram illustrating a block setting method;

[0014] FIG. 6 is a diagram illustrating a basic determination method
regarding whether or not to navigate along a course;

[0015] FIG. 7 is a diagram illustrating an example of data registered in a
record of a feature database;

[0016] FIG. 8 is an example of a flowchart illustrating a training processing
procedure of a navigation state;

[0017] FIG. 9is an example of a flowchart illustrating a procedure of
labeling processing;

[0018] FIG. 10 is a first diagram for explaining positive and negative
examples determination processing;

[0019] FIG. 11 is a second diagram for explaining the positive and
negative examples determination processing;

[0020] FIG. 12 is a third diagram for explaining the positive and negative
examples determination processing;

[0021] FIG. 13 is an example of a flowchart illustrating an entire procedure
of navigation monitoring processing;

[0022] FIGs. 14A and 14B are diagrams illustrating collision risk
determination processing using an extension vector;

[0023] FIG. 15 is a diagram illustrating collision risk determination
processing using an obstacle zone by target (OZT);

[0024] FIG. 16 is a diagram illustrating collision risk determination
processing using a distance to closest point of approach (DCPA) and a time to
closest point of approach (TCPA);

[0025] FIG. 17 is an example of a flowchart illustrating a procedure of
navigation state prediction processing;

[0026] FIG. 18 is an example of a flowchart illustrating a collision risk

degree correction processing procedure;



[0027] FIG. 19 is an example of a flowchart illustrating a correction
processing procedure for a determination result regarding presence or absence
of a collision risk;

[0028] FIG. 20 is a diagram illustrating a configuration example of a
processing function included in a navigation monitoring device according to a
third embodiment;

[0029] FIG. 21 is an example of a flowchart illustrating a training
processing procedure of a navigation state according to the third embodiment;
and

[0030] FIG. 22 is an example of a flowchart illustrating a procedure of

navigation state prediction processing according to the third embodiment.

DESCRIPTION OF EMBODIMENTS
[0031] Hereinafter, embodiments will be described with reference to the

drawings.

[0032] [First Embodiment]

[0033] FIG. 1is a diagram illustrating a configuration example and a
processing example of a navigation monitoring device according to a first
embodiment. A navigation monitoring device 10 illustrated in FIG. 1 is a device
that predicts whether or not a vessel under way navigates along a course and
outputs a prediction result. By using such a prediction result, for example, it is
possible to assist navigation of a vessel. This navigation monitoring device 10
includes a storage unit 11 and a processing unit 12.

[0034] The storage unit 11 is a storage region of a storage device (not
illustrated) included in the navigation monitoring device 10. The storage unit 11
stores data indicating a prediction model 11a. The prediction model 11ais a
trained model that has trained a predictor that predicts whether or not a vessel
navigates along a course. The processing unit 12 is, for example, a processor

(not illustrated) included in the navigation monitoring device 10. The processing



unit 12 predicts whether or not the vessel under way navigates along the course
using the prediction model 11a.

[0035] The prediction model 11a is created according to the following
procedure. As illustrated in the upper side of FIG. 1, for each of a plurality of
vessels that has navigated a certain sea area (for example, specific port) in the
past, direction information indicating a direction of a vessel, position information
indicating a position of the vessel, and a correct answer label indicating whether
or not the vessel navigates along a course are acquired. Then, through training
using the direction information, the position information, and the correct answer
label for each of the plurality of vessels, the prediction model 11a that predicts
whether or not the vessel navigates along the course is created.

[0036] Note that, as the direction information, for example, course over
ground, heading, or the like can be used. Furthermore, as the position
information, for example, at least one of a latitude and a longitude can be used.
Alternatively, as the position information, the following section numbers can be
used.

[0037] 1In achart 20 illustrated in FIG. 1, a course area 21 set in a certain
sea area is illustrated. The course area 21 is an area having a predetermined
width along the course. By dividing such a course area 21 into polygons along a
course direction, a plurality of sections is set. As the position information, a
section number indicating a section where the vessel is positioned, among the
plurality of sections, can be used.

[0038] Furthermore, the correct answer label is set as follows, for
example. It is assumed that the vessel exist in the course area 21 described
above at a certain time. Then, in a case where the vessel exists in the course
area 21 when the vessel navigates for a predetermined time period or for a
predetermined distance thereafter, a value indicating that the vessel has
navigated along the course is set as the correct answer label. Furthermore, the
correct answer label can be set using the section described above. For example,

it is assumed that the vessel exist in a certain section at a certain time. Then, in



a case where the vessel reaches a section that is a predetermined number of
sections ahead in the course direction from the section thereafter, a value
indicating that the vessel has navigated along the course is set as the correct
answer label.

[0039] The processing unit 12 executes prediction processing in the
following procedure. The processing unit 12 acquires direction information
indicating a direction of a vessel 22 under way and position information
indicating a position. By inputting the acquired direction information and position
information into the prediction model 11a, the processing unit 12 predicts
whether or not the vessel 22 navigates along the course. As a prediction result,
for example, a value of a probability that the vessel 22 navigates along the
course is output.

[0040] Here, for example, a method for predicting whether or not the
vessel navigates along the course on the basis of only the direction information
of the vessel has the following problems. For example, in a region where a
course is curved, the direction of the vessel faces outside the course area 21.
Therefore, even in a case where the vessel actually continues to navigate along
the course, there is a possibility that it is predicted that the vessel deviates from
the course.

[0041] On the other hand, in the present embodiment, the prediction
model 11a considering a relationship between the direction and the position of
the vessel is created. Then, by inputting the direction information and the
position information of the vessel under way into the prediction model 11a, it is
predicted whether or not the vessel navigates along the course. This makes it
possible to make predictions with a certain accuracy or higher regardless of
whether or not the course is curved. Therefore, it can be accurately predicted
whether or not the vessel navigates along the course.

[0042] [Second Embodiment]



[0043] Next, a system that applies the prediction processing by the
navigation monitoring device 10 illustrated in FIG. 1 to determination of a
collision risk between vessels will be described.

[0044] FIG. 2 is a diagram illustrating a configuration example of a
navigation assisting system according to a second embodiment. The navigation
assisting system illustrated in FIG. 2 is an information processing system that
assists navigation of a vessel. This navigation assisting system includes an
onshore facility 100 provided on land. The onshore facility 100 is, for example, a
facility that controls navigation of a vessel on the sea. In this case, the onshore
facility 100 grasps a position of each vessel on the basis of automatic
identification system (AIS) data received from each vessel and detection
information by a radar and provides various types of information regarding
maritime traffic of each vessel.

[0045] The AIS data includes dynamic information, static information, and
navigation related information (quasi-dynamic information). The dynamic
information includes, for example, a current time, a position of a vessel (latitude,
longitude), course over ground (COG), speed over ground (SOG), heading
(HDG), a rate of turn (ROT), or the like. The static information includes, for
example, a maritime mobile service identity (MMSI) number used to identity a
vessel, a vessel type, a length of a vessel, or the like. The navigation related
information includes a destination, a draft, or the like.

[0046] In the present embodiment, the onshore facility 100 includes a
wireless communication device 101 that can receive AIS data from each vessel
and a navigation monitoring device 102 that monitors navigation of the vessel
using the AIS data. The wireless communication device 101 includes, for
example, an antenna for receiving the AIS data. The navigation monitoring
device 102 is a device that has the processing function of the navigation
monitoring device 10 illustrated in FIG. 1 and is implemented, for example, as a
server computer. The navigation monitoring device 102 detects a pair of vessels

that have a collision risk on the basis of the AIS data received by the wireless



communication device 101 and outputs warning information that notifies these
vessels.

[0047] Note that, in FIG. 2, vessels 201 and 202 navigating on the sea are
illustrated. The vessels 201 and 202 respectively include AIS devices 203 and
204 that can transmit and receive the AIS data. The vessels 201 and 202 can
transmit the AIS data regarding the own vessel to other vessels and the onshore
facility 100 respectively via the AIS devices 203 and 204 and can receive AIS
data transmitted from other vessels respectively via the AIS devices 203 and
204.

[0048] Furthermore, at least some of the processing functions of the
navigation monitoring device 102 may be mounted on the vessel. For example,
a monitoring device mounted on the vessel detects a pair of vessels that has a
collision risk on the basis of the AIS data of the vessels under way including the
own vessel and makes a display device display information indicating the
detected vessels.

[0049] FIG. 3 is a diagram illustrating a hardware configuration example of
the navigation monitoring device. The navigation monitoring device 102 is
implemented, for example, as a computer as illustrated in FIG. 3. The navigation
monitoring device 102 illustrated in FIG. 3 includes a processor 111, a random
access memory (RAM) 112, a hard disk drive (HDD) 113, a graphics processing
unit (GPU) 114, an input interface (I/F) 115, a reading device 116, a
communication interface (I/F) 117, and a network interface (I/F) 118.

[0050] The processor 111 integrally controls the entire navigation
monitoring device 102. The processor 111 is, for example, a central processing
unit (CPU), a micro processing unit (MPU), a digital signal processor (DSP), an
application specific integrated circuit (ASIC), or a programmable logic device
(PLD). Furthermore, the processor 111 may be a combination of two or more
elements of the CPU, MPU, DSP, ASIC, and PLD.

[0051] The RAM 112 is used as a main storage device of the navigation

monitoring device 102. The RAM 112 temporarily stores at least some of



operating system (OS) programs and application programs to be executed by the
processor 111. Furthermore, the RAM 112 stores various types of data needed
for processing by the processor 111.

[0052] The HDD 113 is used as an auxiliary storage device of the
navigation monitoring device 102. The HDD 113 stores OS programs, application
programs, and various types of data. Note that, as the auxiliary storage device,
another type of nonvolatile storage device such as a solid state drive (SSD) can
be used.

[0053] A display device 114a is connected to the GPU 114. The GPU 114
displays an image on the display device 114a in accordance with an instruction
from the processor 111. Examples of the display device include a liquid crystal
display, an organic electroLuminescence (EL) display, or the like.

[0054] The inputinterface 115 is connected to an input device 115a. The
input interface 115 transmits a signal output from the input device 115a to the
processor 111. Examples of the input device 115a include a keyboard, a pointing
device, or the like. Examples of the pointing device include a mouse, a touch
panel, a tablet, a touch pad, a track ball, and the like.

[0055] A portable recording medium 116a is attached/detached to/from
the reading device 116. The reading device 116 reads data recorded on the
portable recording medium 116a and transmits the data to the processor 111.
Examples of the portable recording medium 116a include an optical disc, a
magneto-optical disc, a semiconductor memory, and the like.

[0056] The communication interface 117 exchanges data with another
device, for example, the wireless communication device 101 or the like.

[0057] The network interface 118 exchanges data with another device via
a network 118a.

[0058] The processing function of the navigation monitoring device 102
can be implemented by the hardware configuration as described above.

[0059] FIG. 4 is a diagram illustrating a configuration example of

processing functions included in the navigation monitoring device. As illustrated



in FIG. 4, the navigation monitoring device 102 includes a storage unit 120, a
feature data creation unit 131, a navigation state training unit 132, an AIS data
acquisition unit 141, a collision risk determination unit 142, a feature data
creation unit 143, a navigation state prediction unit 144, and a determination
result correction unit 145.

[0060] The storage unit 120 is a storage region of a storage device
included in the navigation monitoring device 102, for example, the RAM 112, the
HDD 113, or the like. The storage unit 120 stores an AIS history database (DB)
121, a course section database (DB) 122, a training feature database (DB) 123,
prediction model data 124, and an inference feature database (DB) 125.

[0061] The AIS history database 121 stores the AIS data transmitted from
each of the plurality of vessels during navigation in the past.

[0062] The course section database 122 stores information regarding a
block (course section) set in the course area. The block is a section generated
by dividing the course area into polygons. Each block is identified by a block ID.

[0063] The feature database 123 stores feature data created by the
feature data creation unit 131 on the basis of the information stored in the AIS
history database 121. The feature data stored in the feature database 123 is
used to train a navigation state by the navigation state training unit 132.

[0064] The prediction model data 124 is data indicating a trained model
used to calculate a navigation state index and is created as a result of training by
the navigation state training unit 132. The navigation state index is a
quantitative index indicating a possibility that a vessel positioned in a certain
block in the course area continues to navigate along the course thereafter.
Therefore, the trained model indicated by the prediction model data 124
indicates a model of a predictor (prediction model) that predicts whether or not
the vessel navigates (continues to navigate) along the course thereafter.

[0065] The feature data regarding the vessel under way is accumulated in

the feature database 125. This feature data is created by the feature data
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creation unit 143 on the basis of the AIS data transmitted from the vessel under
way and received by the wireless communication device 101.

[0066] The processing of the feature data creation unit 131, the navigation
state training unit 132, the AIS data acquisition unit 141, the collision risk
determination unit 142, the feature data creation unit 143, the navigation state
prediction unit 144, and the determination result correction unit 145 is
implemented, for example, by executing a predetermined application program by
the processor 111.

[0067] The feature data creation unit 131 creates feature data used to
train a navigation state on the basis of the AIS data stored in the AIS history
database 121 and registers the created feature data in the feature database 123.

[0068] The navigation state training unit 132 creates a prediction model
for predicting the navigation state through training using the feature data
registered in the feature database 123 as training data (teacher data). Data of
the created prediction model is stored in the storage unit 120 as the prediction
model data 124.

[0069] The AIS data acquisition unit 141 acquires AIS data transmitted
from a vessel that is currently navigating via the wireless communication device
101.

[0070] The collision risk determination unit 142 determines a collision risk
between vessels under way on the basis of the AIS data acquired by the AIS
data acquisition unit 141.

[0071] The feature data creation unit 143 creates feature data
corresponding to the vessel under way on the basis of the AIS data acquired by
the AIS data acquisition unit 141 with a method similar to the feature data
creation unit 131. The feature data creation unit 143 transfers the created
feature data to the navigation state prediction unit 144 and accumulates the
feature data in the feature database 125.

[0072] The navigation state prediction unit 144 calculates a navigation

state index for a vessel by inputting the feature data of the vessel into the
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prediction model (trained model) based on the prediction model data 124. As a
result, a navigation state indicating whether or not the vessel navigates
(continues to navigate) along the course is predicted.

[0073] The determination result correction unit 145 corrects a collision risk
determination result by the collision risk determination unit 142 using the
navigation state prediction result by the navigation state prediction unit 144.
This correction reduces a possibility of erroneous determination by the collision
risk determination unit 142,

[0074] In the navigation monitoring device 102 above, the collision risk
determination unit 142 determines the collision risk between the vessels under
way. This collision risk is determined, for example, on the basis of an extension
vector for each vessel, a distance to closest point of approach (DCPA) or a time
to closest point of approach (TCPA) between vessels, an obstacle zone by target
(OZT) between one vessel and another vessel, or the like.

[0075] However, these pieces of information are information obtained on
the assumption that the vessel linearly navigates. Therefore, there has been a
problem in that the collision risk is overestimated, for example, in a part where a
course is curved, in a case where the collision risk is determined on the basis of
these pieces of information.

[0076] Therefore, the navigation monitoring device 102 predicts whether
or not the vessel navigates along the course by the navigation state prediction
unit 144. This prediction is made on the basis of information such as the
navigation direction and the position included in the AIS data from the vessel.
Then, the determination result by the collision risk determination unit 142 is
corrected by the determination result correction unit 145 according to the
prediction result by the navigation state prediction unit 144.

[0077] Furthermore, the navigation state is predicted using a trained
model (prediction model) trained using AIS data collected in the past. The

feature data creation unit 131 and the navigation state training unit 132 of the
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navigation monitoring device 102 are processing functions for executing training
processing for creating such a trained model.

[0078] <Basic Concept of Navigation State Prediction>

[0079] First, the basic concept of navigation state prediction of a vessel
will be described. In order to determine whether or not the vessel travels along
a course, a course area is divided into a plurality of blocks. A block setting
method will be described with reference to FIG. 5 below.

[0080] FIG. 5 is a diagram illustrating the block setting method. The block
is a polygonal section generated by dividing the course area along the navigation
direction. In the present embodiment, the block is a quadrangle as an example.
However, the shape of the polygon of the block is not particularly limited. For
example, in a portion where the course is a straight line, the block may be a
quadrangle, and in a portion where the course is curved, the block may be a
pentagon or a hexagon. Furthermore, the “course area” here is an area defined
as a passage through which a vessel navigates. For example, the course has a
width, and the entire area in the width direction is the course area. The course
area is defined according to predetermined rules regarding navigation of vessels
such as a cabinet order.

[0081] Moreover, the course may be a course through which only one-way
navigation or bidirectional navigation can be performed. In the former case, a
course in a certain direction and a course in a reverse direction are generally set
in parallel. In this case, a block is set for each course in each direction.

[0082] In FIG. 5, as an example, it is assumed that the upper side
indicates the north and the lower side indicates the south. A course area 210
illustrated on the upper side of FIG. 5 is divided into a course area 211 toward
the south (direction from upper side to lower side in FIG. 5) and a course area
212 toward the north (direction from lower side to upper side in FIG. 5). In this
case, blocks are individually set to the respective course areas 211 and 212. In

the example illustrated in the lower side of FIG. 5, blocks BL1 to BL9 are set in
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order along the course direction in the course area 211, and blocks BL11 to BL19
are set in order along the course direction in the course area 212.

[0083] Furthermore, as illustrated in the upper side of FIG. 5, a course
area 213 is branched from the middle of the course area 212 toward the north.
In this case, blocks are also set to the course area 213. In the example
illustrated in the lower side of FIG. 5, in the course area 213, blocks BL21 to
BL24 are set in order along the course direction starting from the branched
portion.

[0084] In the course section database 122, information indicating a
position and a range of each of the set blocks is registered. By referring to the
course section database 122, a block where the vessel is positioned can be
specified from the position information (latitude, longitude) of the vessel.

[0085] FIG. 6 is a diagram illustrating a basic determination method
regarding whether or not to navigate along a course. In the present
embodiment, it is determined whether or not the vessel navigates (continues to
navigate) along the course according to how the vessel passes through the
blocks described above. Basically, in a case where a vessel existing in a certain
block passes through a next block along the navigation direction and reaches the
subsequent block, it is assumed that it be determined that the vessel navigates
along the course. For example, the navigation state prediction unit 144 predicts
whether or not a vessel existing in a certain block passes through a next block
and reaches a block that is two blocks ahead.

[0086] In the example in FIG. 6, it is assumed that a vessel currently exist
in the block BL12. In this case, in a case where the vessel passes through the
next block BL13 and reaches the subsequent block BL14 as indicated by an
arrow L1, it is determined that the vessel navigates along the course. On the
other hand, even if the vessel passes through the next block BL13, in a case
where the vessel does not reach the subsequent block BL14, for example, as
indicated by arrows L2 and L3, it is determined that the vessel does not continue

to navigate along the course (deviate from course).
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[0087] Here, as another example, a method is considered for making the
above determination according to whether or not to reach the next block
(whether or not to reach block BL13 in example in FIG. 6). In contrast to this
method, the method illustrated in FIG. 6 has an advantage that the deviation
from the course can be more quickly detected although difficulty in the prediction
increases.

[0088] Note that, depending on the block setting status, a method for
making the above determination according to whether or not to reach a next
block or a block that is three or more blocks ahead, not the block that is two
blocks ahead, may be adopted. For example, as the length of each block with
respect to the course direction is shorter, it is considered to be more appropriate
that it is determined whether or not to reach the subsequent blocks.

[0089] <Navigation State Training Processing>

[0090] Next, training processing for predicting a navigation state will be
described.

[0091] FIG. 7 is a diagram illustrating an example of data registered in a
record of a feature database. In each record 123a of the training feature
database 123, feature data used as training data (explanatory variable) at the
time of training is registered. In the record 123a, as the feature data, a vessel
ID, a vessel type, a length of a vessel, a latitude, a longitude, course over
ground, heading, a rate of turn, a destination, a draft, a day of week, a time
band, a block ID, a block ID at the time of entrance, and a passing flag of an
immediately preceding block are registered. Furthermore, in each record 123a, a
current time and a correct answer label are registered as data other than the
feature data.

[0092] The AIS data is divided into each of the records of the dynamic
information, the static information, and the navigation related information (quasi-
dynamic information) and is transmitted from the vessel. On the feature data
described above, the vessel ID, the vessel type, and the length of the vessel are

extracted from the static information of the AIS data and registered in the record
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123a. Note that, as the vessel ID, an MMSI number is extracted. Furthermore,
the latitude, the longitude, the course over ground, the heading, and the rate of
turn in the feature data described above are extracted from the dynamic
information of the AIS data and registered in the record 123a. Moreover, the
destination and the draft of the feature data described above are extracted from
the navigation related information of the AIS data and registered in the record
123a.

[0093] A transmission interval from the vessel of the dynamic information
is normally longer than those of the static information and the navigation related
information. Therefore, the single record 123a is created based on the
transmitted dynamic information. First, data extracted from the dynamic
information to be the base is registered in the record 123a, and data extracted
from the navigation related information transmitted from the same vessel
immediately before the time when the dynamic information is transmitted is
integrated into and is registered in the record 123a. Moreover, the data
extracted from the static information from the same vessel is integrated with the
record 123a and is registered. As the current time in the record 123a, a current
time included in the dynamic information to be the base is registered.

[0094] On the other hand, the day of week, the time band, and the block
ID of the feature data are data created by calculation based on the data included
in the AIS data. The day of week and the time band are created on the basis of
the current time. The block ID indicates an identification number of a block
where a vessel is positioned, and is calculated on the basis of the latitude and
the longitude and the course section database 122.

[0095] Furthermore, the block ID at the time of entrance and the passing
flag of the immediately preceding block of the feature data are set on the basis
of @ navigation history of the same vessel, for example, information in a record
of the feature database 123 at a time before the current time.

[0096] The block ID at the time of entrance indicates a block ID of a block

where the vessel has entered first the course area where the vessel is
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positioned. For example, as illustrated in FIG. 5, it is assumed that the blocks
BL1 to BL9 be set in the course area 211 toward the south. In a case where the
vessel navigates within the course area 211 from the beginning, a block ID of
the block BL1 is set as the block ID at the time of entrance. On the other hand,
in a case where the vessel enters the course area 211 from the middle, a block
ID of a block where the vessel has entered first is set as the block ID at the time
of entrance. For example, in a case where the vessel has entered the block BL5
of the course area 211 from the left side (for example, west side) in FIG. 5, a
block ID of the block BLS is set as the block ID at the time of entrance.

[0097] The passing flag of the immediately preceding block indicates
whether or not the vessel has passed through a block preceding (immediately
preceding block) to the block where the vessel is positioned with respect to the
navigation direction. In the present embodiment, in a case where the vessel has
passed through the immediately preceding block, “1” is set as the passing flag,
and in a case where the vessel has not passed through the immediately
preceding block, “0” is set as the passing flag.

[0098] The correct answer label in the record 123a is data used as an
objective variable at the time of training and indicates whether or not the vessel
has continued to navigate along the course. In the present embodiment, in a
case where the vessel has continued to navigate along the course (in a case of
positive example), “1” is set as the correct answer label, and in a case where the
vessel deviates from the course (in a case of negative example), “0” is set as the
correct answer label.

[0099] FIG. 8 is an example of a flowchart illustrating a training processing
procedure of a navigation state.

[0100] First, in steps S11 to S14, training data is created by the feature
data creation unit 131.

[0101] [Step S11] The feature data creation unit 131 creates a vessel

database (DB) as working data for data creation.
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[0102] In this processing, first, the feature data creation unit 131 extracts
static information from the AIS data stored in the AIS history database 121.
Here, it is assumed that the vessel ID, the vessel type, and the length of the
vessel be extracted as the static information. The feature data creation unit 131
registers the vessel ID, the vessel type, and the length of the vessel in the vessel
database as a single record.

[0103] The static information may include data missing or variations of
values. Therefore, the feature data creation unit 131 calculates a representative
value of each of the vessel type and the length of the vessel for each record
group in which the same vessel ID is registered. For example, the feature data
creation unit 131 calculates a frequency of each value of the vessel type included
in the record group with the same vessel ID and sets a value with the highest
frequency as the representative value of the vessel type. Regarding the length
of the vessel, the representative value is calculated with the similar procedure.
The feature data creation unit 131 integrates the record group with the same
vessel ID into a single record and registers the respective representative values
as the vessel type and the length of the vessel of the record.

[0104] [Step S12] The feature data creation unit 131 executes
preprocessing on the AIS data stored in the AIS history database 121. In this
preprocessing, static information and navigation related information are
integrated with the dynamic information to be the base.

[0105] For example, the feature data creation unit 131 extracts the
dynamic information from the AIS data stored in the AIS history database 121.
The feature data creation unit 131 creates a new record in the feature database
123 and registers a vessel ID, a current time, a latitude, a longitude, course over
ground, heading, and a rate of turn included in the extracted dynamic
information in the created record.

[0106] Next, the feature data creation unit 131 extracts navigation related
information including the latest current time before the current time of the

dynamic information from the navigation related information including the same
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vessel ID as the dynamic information described above, stored in the AIS history
database 121. The feature data creation unit 131 registers a destination and a
draft included in the extracted navigation related information in the record
described above.

[0107] Moreover, the feature data creation unit 131 extracts a record
including the same vessel ID as the dynamic information and the navigation
related information described above from the vessel database and registers a
vessel type and a length of the vessel included in the extracted record in the
record described above.

[0108] Note that, in a case where items of the dynamic information and
the navigation related information include an abnormal value or a missing value,
the feature data creation unit 131 complements the abnormal value or the
missing value with a method predetermined for each item (method using
abnormal value determination rule or missing value complementing rule).

[0109] The feature data creation unit 131 executes the processing
described above for each piece of the dynamic information stored in the AIS
history database 121. As a result, feature data that is directly obtained from the
AIS data stored in the AIS history database 121 is registered in the feature
database 123.

[0110] [Step S13] The feature data creation unit 131 executes labeling
processing for registering a correct answer label with respect to each record
registered in the feature database 123. Hereinafter, details of the labeling
processing will be described with reference to FIG. 9.

[0111] FIG. 9is an example of a flowchart illustrating a procedure of the
labeling processing.

[0112] [Step S21] The feature data creation unit 131 registers a block ID
in each record of the feature database 123. In this processing, the feature data
creation unit 131 determines a block including a current position indicated by the
latitude and the longitude registered in the record from among blocks registered

in the course section database 122 and registers a block ID of the block in the
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record. Note that, in a case where the current position is not included in any one
of the blocks, a specific value (here, assumed as “0”) indicating that is registered
in the record as the block ID.

[0113] [Step S22] The feature data creation unit 131 executes a correct
answer label registration processing loop up to step S25 for each vessel ID.

[0114] [Step S23] The feature data creation unit 131 collects records in
which a vessel ID to be processed is registered, and sorts the records in an
ascending order of the current time.

[0115] [Step S24] The feature data creation unit 131 sequentially selects
the sorted records from the head and determines whether data in each record is
a positive example (navigating along course) or a negative example (deviating
from course). In a case of determining that the data is the positive example, the
feature data creation unit 131 registers “1” as the correct answer label, and in a
case of determining that the data is the negative example, the feature data
creation unit 131 registers “0” as the correct answer label.

[0116] [Step S25] When the processing in steps S23 and S24 is executed
on all the vessel IDs, the correct answer label registration processing loop ends.

[0117] Here, FIG. 10 is a first diagram for explaining positive and negative
examples determination processing. In a case where all the following conditions
1 to 3 are satisfied, the feature data creation unit 131 determines that data in a
record to be processed as a positive example. Note that, in the following
description, the record to be processed is assumed as a “record Rx".

[0118] (Condition 1) In records after the record Rx in terms of time, a
record (assumed as Ry) exists in which a block ID indicating a block two blocks
ahead of a current block indicated by a block ID of the record Rx in the
navigation direction is registered.

[0119] (Condition 2) There is no record, in which a block ID other than the
block ID of the record Rx and the block ID of the next block is registered,
between the records Rx and Ry.
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[0120] In FIG. 10, a case is illustrated in which records with a vessel ID “1”
are extracted from the records of the feature database 123. Note that, in FIG.
10, the records are sorted in an ascending order of the current time.

[0121] For example, a record R1 in which a block ID “5” is registered is to
be processed. In this case, a record R3 in which a block ID “7” indicating a block
that is two blocks ahead is registered exists in the later records in terms of time,
and the condition 1 described above is satisfied. Furthermore, because there is
no record in which a block ID other than the block IDs “5” and “6"” is registered
between the records R1 and R3, the condition 2 described above is also satisfied.
Therefore, data of the record R1 is determined as a positive example, and “1” is
registered as a correct answer label of the record R1.

[0122] Furthermore, for example, a record R2 in which the block ID “6” is
registered is to be processed. In this case, a record R5 in which a block ID “8”
indicating a block that is two blocks ahead is registered exists in the later records
in terms of time, the condition 1 described above is satisfied. However, a record
(for example, record R4) in which a block ID “49” other than the block IDs “6”
and “7" is registered exists between the records R2 and R5, and the condition 2
described above is not satisfied. This indicates that the vessel deviates from the
course after the block with the block ID “7” and before reaching the block with
the block ID “8". In this case, data of the record R2 is determined as a negative
example, and “0” is registered as a correct answer label of the record R2.

[0123] By the way, in a case where a course is set with respect to a sea
area, there is a case where boundaries on both sides of a course area with
respect to a navigation direction are not clearly defined. On the other hand, in
the setting of the blocks to the course area illustrated in FIG. 5, even in a case
where the boundaries on the both sides of the course area are not clearly
defined, a width of the block is set according to a certain rule. For example, a
rule such that a width of the current block is set on the basis of widths of
previous and next blocks or a predetermined certain width is set is applied.

However, in an area where the boundaries are not clearly defined, even if the
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vessel is actually temporarily outside of the block, many vessels continue to
navigate along the course thereafter. For example, in a curved portion of the
course, the vessel often navigates in a bulging manner to the outer side of the
curved portion with respect to the block (for example, right side in a case of
being curved leftward).

[0124] Therefore, in order to determine the vessel that has navigated in
such a way as a positive example, the labeling processing in FIG. 9 may be
modified as follows.

[0125] Here, the block set to the course section database 122 (block that
is not expanded) is described as a “standard block”. Then, in this modification,
an “expanded block” is defined that is obtained by expanding the standard block
by predetermined times from its center line to the width direction (direction
perpendicular to navigation direction).

[0126] Instep S21 in FIG. 9, it is determined whether or not a current
position based on a latitude and a longitude of a certain record is included in a
range of the standard block and whether or not the current position is included
in a range of the expanded block. Here, in a case where the current position is
included in the range of the standard block, a block ID of the block is registered
as the block ID. On the other hand, in a case where the current position is not
included in the range of the standard block and is included in the range of the
expanded block, a number in which a symbol “L” is added to a block ID of the
block is registered as the block ID.

[0127] Then, after the records are sorted in the order of the current time
in step S23, the following correction processing is executed on a record of which
a block ID indicates the expanded block (record in which “L" is registered in
block ID) before the execution of step S24. An enlarged block sandwiched
between the standard blocks in the time direction is determined to be similar to
the standard block. In this case, the block ID of the record is corrected to
indicate the standard block. On the other hand, in a case where there is a

record in which a block ID “0” indicating outside of the block is registered at
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least one side of the record, in which the expanded block is registered, in terms
of time, the block ID indicating the expanded block is corrected to “0”.

[0128] Hereinafter, a specific example of the processing described above
will be described with reference to FIGs. 11 and 12. Note that, in FIGs. 11 and
12, a case is illustrated where a record with a vessel ID “1” is extracted from the
records of the feature database 123 as in FIG. 10, and the extracted records are
sorted in an ascending order of the current time.

[0129] FIG. 11 is a second diagram for explaining the positive and
negative examples determination processing. In the example illustrated in the
left side of FIG. 11, in the records R13 to R15, a block ID “6L"” indicating the
expanded block with the block ID “6” is registered. However, these records R13
to R15 are sandwiched between a record R12 in which the block ID “6" indicating
the standard block corresponding to the expanded block is registered and a
record R16 in which a block ID “7” indicating a standard block adjacent to the
above standard block is registered.

[0130] In this case, it is estimated that the vessel has returned to the
course area after temporarily slightly deviated from the block with the block ID
“6"”. Therefore, the feature data creation unit 131 corrects the block IDs
registered in the records R13 to R15 to the block ID “6” indicating the
corresponding standard block as illustrated in the right side of FIG. 11.

[0131] As aresult, it is assumed that the vessel have navigated in the
order of the block with the block ID “5”, the block with the block ID “6”, and the
block with the block ID “7”. Therefore, in step S24 in FIG. 9, for example,
regarding the record R11 in which the block ID “5" is registered, all of the
conditions 1 to 3 described above are satisfied, and “1” is registered as the
correct answer label.

[0132] FIG. 12 is a third diagram for explaining the positive and negative
examples determination processing. In the example illustrated in the left side of
FIG. 12, in records R23 and R25, the block ID “6L" indicating the expanded block

with the block ID “6” is registered. Furthermore, in a record R22 previous to the
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record R23 in terms of time, the block ID “6” indicating the standard block
corresponding to the block ID “6L" is registered, and in a record R26 subsequent
to the record R25 in terms of time, the block ID “7” indicating the next standard
block of the expanded block with the block ID “6L" is registered. However, in a
record R24 adjacent to the records R23 and R25, a block ID “0” indicating
outside of the block is registered.

[0133] In this case, it is estimated that the vessel has returned to the
course area after temporarily largely deviated from the block with the block ID
“6"”. It is not appropriate to assume that the vessel has navigated along the
course because the vessel has largely deviated from the course area. Therefore,
as illustrated in the right side of FIG. 12, the feature data creation unit 131
corrects the block IDs registered in the records R23 and R25 to the block ID “0”
indicating the outside of the block. As a result, in step S24 in FIG. 9, for
example, regarding the record R21 in which the block ID “5” is registered, the
condition 2 described above is not satisfied, and “0” is registered as the correct
answer label.

[0134] Hereinafter, the description will be continued with reference to FIG.

[0135] [Step S14] The feature data creation unit 131 calculates remaining
feature data that is not registered in step S12 and registers the feature data in
the feature database 123. For example, the day of week, the time band, the
block ID, the block ID at the time of entrance, and the passing flag of the
immediately preceding block are calculated and registered in each record of the
feature database 123.

[0136] Note that, as the block ID at the time of entrance, it is sufficient to
register a block ID registered in the head record among the sorted records.
Furthermore, in a case where there is a record, in which a block ID smaller than
the block ID of the record to be processed by one is registered, in the records
previous to the record to be processed in terms of time, it is sufficient that “1” be

registered as the passing flag of the immediately preceding block.
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[0137] Next, in step S15, the navigation state training unit 132 performs
training.

[0138] [Step S15] The navigation state training unit 132 reads a record of
which a block ID is not “0” from the feature database 123. The navigation state
training unit 132 sets feature data in each read record as an explanatory
variable, performs machine learning using a binary correct answer label as an
objective variable, and creates a prediction model for calculating probability
values belonging to respective classifications of the positive example and the
negative example. The navigation state training unit 132 stores data of the
created prediction model in the storage unit 120 as the prediction model data
124.

[0139] In this step S15, for example, machine learning using a random
forest, gradient boosting, logistic regression, or the like is performed. For
example, the random forest of these is suitable in a case where a large number
of types of feature data are used for training as illustrated in FIG. 7. In the
random forest, a model considering a combination of a plurality of types of
feature data is automatically created. Therefore, for example, it is possible to
perform training such that, in a case where the length of the vessel is short and
the vessel navigates at high speed, there is a high possibility that the vessel
deviates from the course even if a swing width is small.

[0140] Furthermore, the random forest is a non-parametric method, and
does not have special assumptions or restrictions regarding a distribution of
features. For example, angle information such as the course over ground or the
heading has a circulation structure such as "- 180 degree and 180 degree
indicate the substantially same state” or “a difference between 359 degree and
zero degree is one”. Therefore, in a case where a parametric method is used,
appropriate variable conversion is needed. However, in the random forest,
inputting an original value does not cause major problems.

[0141] Furthermore, many items of the AIS data may include a missing

value. For the occurrence of the missing value, generally, a method is used for
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complementing the missing value on the basis of other records or not using a
record including the missing value. Because the random forest is a non-
parametric method, the random forest sufficiently functions with the former
method. Therefore, it is easy to handle missing values, and obtained records
can be effectively used. Note that, the features described above are features
that apply to the gradient boosting in addition to the random forest.

[0142] By the way, as described above, the information stored in the
feature database 123 is created on the basis of the AIS data from the vessel that
has actually navigated in the past. In a case where the vessels actually
navigate, the number of vessels that deviate from the course is much smaller
than the number of vessels that navigate along the course. Therefore, in the
feature database 123, the number of negative example records is much smaller
than the number of positive example records. Therefore, when training is
performed using training data of which a ratio of the negative examples is too
small, there is a high possibility that accuracy of the created prediction model is
lowered.

[0143] For this reason, it is desirable for the navigation state training unit
132 to perform training by undersampling the positive example records stored in
the feature database 123. For example, the navigation state training unit 132
thins the positive example records so that the number of positive example
records is about 20 times of the number of negative examples, acquires the
records, and then, uses the records for training.

[0144] <Navigation Monitoring Processing>

[0145] Next, navigation monitoring processing for monitoring a vessel
under way will be described.

[0146] FIG. 13 is an example of a flowchart illustrating an entire procedure
of the navigation monitoring processing. The processing in FIG. 13 extracts a
vessel pair from among a plurality of vessels that is currently navigating and
determines a collision risk for each vessel pair. The vessel under way indicates a

vessel of which AIS data is received by the wireless communication device 101.
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[0147] First, the collision risk determination unit 142 determines a collision
risk for each vessel pair on the basis of the AIS data acquired from each vessel
under way by the AIS data acquisition unit 141 (step S31). In this processing, all
combinations of vessel pairs are extracted from among all the vessels under way,
and collision risks for all the extracted vessel pairs are determined. As a
determination result, for each vessel pair, a collision risk degree that is a
quantitative index indicating a degree of the collision risk is output. Alternatively,
as the determination result, for each vessel pair, binary data indicating whether
or not there is a collision risk may be output. In the latter case, a vessel pair
that is determined to have a collision risk may be specified from among the
vessel pairs and may be output. These processing by the collision risk
determination unit 142 is executed using an existing method.

[0148] Furthermore, in parallel to such collision risk determination
processing, a navigation state for each vessel under way is predicted by the
navigation state prediction unit 144 (step S32). In this processing, feature data
of the vessel is created by the feature data creation unit 143 on the basis of the
AIS data from the vessel. A method for creating the feature data is similar to the
creation method at the time of training by the feature data creation unit 131.
The navigation state prediction unit 144 inputs the created feature data into the
prediction model based on the prediction model data 124 so as to output a
navigation state index indicating a degree that the vessel navigates along the
course.

[0149] Then, as final processing, the collision risk determination result
determined by the collision risk determination unit 142 for each vessel pair is
corrected using the prediction result of the navigation state predicted for each
vessel included in the vessel pair by the navigation state prediction unit 144
(step S33). For example, in the present embodiment, in order to suppress a
possibility of erroneous determination that a collision risk degree is high or there
is a collision risk according to the former determination, the correction using the

prediction result of the latter is performed.
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[0150] Next, the collision risk determination processing (step S31 in FIG.
13) by the collision risk determination unit 142 will be described. The collision
risk determination unit 142 determines the collision risk, for example, using any
one of the following determination methods 1 to 3.

[0151] (Determination Method 1) Determination method using extension
vector

[0152] FIGs. 14A and 14B are diagrams illustrating collision risk
determination processing using an extension vector. Note that, FIG. 14A
illustrates a first example of extension vectors of a vessel pair, and FIG. 14B
illustrates a second example of the extension vectors of the vessel pair.

[0153] The extension vector is a vector that has a same direction
(amplitude) as the course of the vessel (course over ground in the present
embodiment) and has a distance from the current position of the vessel to a
position where the vessel reaches a predetermined time later (generally, five
minutes) in a state where the current speed is maintained as a magnitude. In
FIG. 14A, an extension vector V1 of a vessel 221 and an extension vector V2 of a
vessel 222 are illustrated. In FIG. 14B, an extension vector V3 of a vessel 223
and an extension vector V4 of a vessel 224 are illustrated.

[0154] In the collision risk determination processing using the extension
vector, in a case where the extension vectors of the respective vessels of the
vessel pair intersect, it is determined that there is a collision risk. In FIG. 14A,
the extension vectors V1 and V2 intersect, and it is determined that there is a
collision risk between the vessels 221 and 222. In FIG. 14B, the extension
vectors V3 and V4 intersect, and it is determined that there is a collision risk
between the vessels 223 and 224.

[0155] (Determination Method 2) Determination method using OZT

[0156] FIG. 15 is a diagram illustrating collision risk determination
processing using an OZT. The obstacle zone by target (OZT) indicates an area
where a vessel may collide with another vessel (another vessel) navigating

around in a case where it is assumed that the vessel have changed a course.
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The OZT is calculated on the basis of the position, the course over ground, the
speed over ground, or the like of each vessel. For example, a probability that
the own vessel and the another vessel exist at the same position at the same
time is calculated in consideration of measurement errors of a vessel speed or
the like, and an area of which the probability is equal to or more than a
predetermined threshold is determined as the OZT.

[0157] In the example in FIG. 15, an OZT 231 is detected between a
vessel 225 and a vessel 226 that is the another vessel. In a case where such an
OZT 231 is detected, it may be determined that there is a collision risk between
a pair of the vessels 225 and 226.

[0158] (Determination Method 3) Determination method using TCPA and
DCPA

[0159] FIG. 16 is a diagram illustrating collision risk determination
processing using a DCPA and a TCPA. In the determination methods 1 and 2
described above, binary data indicating whether or not there is a collision risk is
output. On the other hand, there is a method for calculating a quantitative index
(collision risk degree) indicating a degree of a collision risk using the DCPA and
the TCPA.

[0160] In this method, a closest point of approach (CPA) at which the
another vessel is closest to the own vessel is obtained from relative motions
based on navigation record data of each vessel of the vessel pair. Then, a
distance to closest point of approach (DCPA) from the own vessel to the CPA and
a time to closest point of approach (TCPA) indicating a time until the another
vessel reaches the CPA are calculated. In FIG. 16, a case is illustrated where a
CPA 232 is detected between a vessel 227 and a vessel 228 that is another
vessel and a distance D is calculated as the DCPA.

[0161] The collision risk degree can be calculated using at least one of the
DCPA and the TCPA. Basically, as the DCPA is shorter, or as the TCPA is shorter,
a higher value is output as the collision risk degree. Furthermore, the techniques
for calculating the collision risk degree by combining the DCPA and the TCPA
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include, for example, "KUBOTA, Takashi and KOUGUCHI, Nobuyoshi, “*Navigator’s
decision-making and action model II - Synthetically subjective risk of collision -”,
The journal of Japan Institute of Navigation, pp. 21 to 26, March 2010, “Chin,
Hoong Chor and Debnath, Ashim, “Modeling perceived collision risk in port water
navigation”, Safety Science, 47(10), pp. 1410 to 1416, 2009”, or the like.

[0162] By the way, the extension vectors, the DCPA, the TCPA, and the
OZT are information obtained as assuming that a vessel basically navigates in a
straight line. Because the determination methods 1 to 3 described above are
methods based on these pieces of information, there is a problem in that
determination accuracy is deteriorated in a case where each vessel of the vessel
pair navigates, for example, in a curved course.

[0163] For example, in FIG. 14A, a case is illustrated where the vessels
221 and 222 navigate in the same direction in a curved course area 220. In a
state illustrated in the left side of FIG. 14A, because the extension vector V1 of
the vessel 221 and the extension vector V2 of the vessel 222 intersect, it is
determined that there is a collision possibility between the vessels 221 and 222.
However, in a case where both of the vessels 221 and 222 navigate along the
courses, as in the example on the right side of FIG. 14A, the vessels 221 and 222
do not collide, and a state where the extension vectors V1 and V2 intersect will
be resolved.

[0164] Furthermore, in FIG. 14B, a case is illustrated where the vessels
223 and 224 navigate as facing each other in the same course area 220. In a
state illustrated in the left side of FIG. 14B, because the extension vector V3 of
the vessel 223 and the extension vector V4 of the vessel 224 intersect, it is
determined that there is a collision possibility between the vessels 223 and 224.
However, in a case where both of the vessels 223 and 224 navigate along the
courses, as in the example on the right side of FIG. 14B, the vessels 223 and 224
pass each other without colliding with each other, and a state where the

extension vectors V3 and V4 intersect will be resolved.
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[0165] In this way, the extension vector is a vector that linearly extends in
the course direction. Therefore, in a case where the vessel pair approaches the
curved portion of the course at the same time, there is a possibility that the
extension vectors temporarily intersect even in a state where the vessel pair
safely navigates without collision. Therefore, there is a case where a vessel pair
that is safely navigating without collision is erroneously detected as a vessel pair
having a collision possibility. For example, the determination method using the
extension vector has high accuracy for detecting a collision risk between a vessel
on a course and a vessel crossing the course. However, the curved portion of
the course has features such that it is difficult in this way to distinguish a case
where crossing a course by a vessel causes a collision risk from a case where
both vessels navigate along courses.

[0166] Furthermore, in FIG. 15, a case is illustrated where the vessels 225
and 226 navigate as facing each other in the same course area 220. In a state
illustrated on the left side of FIG. 15, the OZT 231 is detected between the
vessels 225 and 226. However, in a case where both of the vessels 225 and 226
navigate along the courses, as in the example on the right side of FIG. 15, the
vessels 225 and 226 pass each other without collision.

[0167] In the OZT, a case is assumed where one vessel changes the
course at the current time, and a movement of the vessel thereafter is estimated
as a linear movement. As in the example in FIG. 15, when the OZT is calculated
between the vessels that are approaching before the curved portion of the
course, a dangerous area is detected in a destination to which the course is
changed from the current location. However, in a case where each vessel
navigates along the course, the course is changed after the vessel navigates a
little farther. Therefore, each vessel does not enter the detected dangerous
area. Therefore, there is a case where a dangerous area that does not
intrinsically need to be bewared is detected and erroneous determination

indicating that there is a collision risk is made from the detection result.
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[0168] Moreover, in FIG. 16, a case is illustrated where the vessels 227
and 228 navigate as facing each other in the same course area 220. In a state
illustrated on the left side of FIG. 16, the distance D is calculated as the DCPA
between the vessels 227 and 228. However, this distance D is short, and a
relatively high value is calculated as the collision risk degree. However, in a case
where both of the vessels 227 and 228 navigate along the courses, as in the
example on the right side of FIG. 16, the vessels 227 and 228 pass each other
without collision.

[0169] The DCPA and the TCPA are calculated on the assumption that the
course and the speed are maintained from the current location. Therefore, as in
the example in FIG. 16, a value tends to be smaller in the curved portion of the
course, and the collision risk degree is easily calculated to be higher.

[0170] As described above, in the determination methods 1 to 3, there is a
problem in that, in a case where each vessel of the vessel pair navigates in the
curved course, erroneous determination indicating that there is a collision risk is
easily made or the collision risk degree tends to be calculated to be higher than
actual. Therefore, in the present embodiment, determination accuracy is
improved by correcting the determination result by the collision risk
determination unit 142 using the prediction result by the navigation state
prediction unit 144. The navigation state prediction unit 144 calculates a
determination result whether or not each vessel navigates along a course or a
navigation state index indicating a degree (possibility) that the vessel navigates
along the course.

[0171] For example, even in a case where it is erroneously determined
that the vessel pair has a collision risk as described above, it is possible to
determine again that there is no collision risk in a case where each vessel
navigates along the course. Furthermore, for example, even in a case where the
collision risk degree of the vessel pair is calculated to be higher than actual as
described above, in a case where the navigation state index regarding each

vessel is high (there is high possibility that vessel continues to navigate along
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course), the collision risk degree can be corrected to be low. In this way, an
occurrence possibility of the erroneous determination of the collision risk or a
state where the collision risk degree is calculated to be higher than actual is
suppressed.

[0172] Next, navigation state determination processing (step S32 in FIG.
13) by the navigation state prediction unit 144 will be described.

[0173] FIG. 17 is an example of a flowchart illustrating a procedure of the
navigation state prediction processing.

[0174] [Step S41] The feature data creation unit 143 acquires the AIS data
transmitted from the vessel under way from the AIS data acquisition unit 141
and executes preprocessing on the AIS data. In this preprocessing, the feature
data creation unit 143 integrates static information and navigation related
information with dynamic information to be the base, and creates a single
feature data record.

[0175] For example, a vessel ID, a current time, a latitude, a longitude,
course over ground, heading, and a rate of turn included in the transmitted
dynamic information are registered in a new feature data record. Furthermore, a
destination and a draft are extracted from the latest navigation related
information including the same vessel ID and are registered in the same feature
data record. Moreover, a vessel type and a length of the vessel are extracted
from the latest static information including the same vessel ID and are registered
in the same feature data record. Note that, as at the time of training, the static
information may be registered in the feature data record after correcting missing
data or value variation on the basis of a plurality of pieces of static information
including the same vessel ID transmitted up to the current time.

[0176] [Step S42] The feature data creation unit 143 determines a block
including the current position indicated by the latitude and the longitude
registered in the feature data record from among the blocks registered in the
course section database 122 and registers a block ID of the block in the feature

data record. Note that, in a case where the current position is not included in
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any one of the blocks, a specific value (here, “0”) indicating that is registered in
the feature data record as a block ID.

[0177] [Step S43] The feature data creation unit 143 calculates remaining
feature data that is not registered in steps S41 and S42 and registers the feature
data in the feature data record. For example, a day of week, a time band, a
block ID, a block ID at the time of entrance, a passing flag of an immediately
preceding block are calculated and registered in the feature data record.

[0178] Note that the block ID at the time of entrance and the passing flag
of the immediately preceding block are calculated on the basis of data of a
record, in which the vessel ID registered in the feature data record is registered,
among the records accumulated in the feature database 125. Furthermore, the
feature data creation unit 143 additionally registers a feature data record, in
which all the feature data is registered, in the feature database 125 as a new
record.

[0179] Note that, as described later, only a part of the feature data
illustrated in FIG. 7 may be used at the time of training the navigation state. In
steps S41 to S43, the feature data of the same type as the feature data created
at the time of training is created.

[0180] [Step S44] This step S44 is executed in a case where the block ID
of the feature data record is not “*0”. The navigation state prediction unit 144
inputs the feature data in the feature data record into the prediction model
based on the prediction model data 124 and predicts whether or not the vessel
navigates along the course. Through this processing, at least a probability
(navigation state index) such that the vessel navigates along the course is
calculated. In addition to this, a probability such that the vessel does not
navigate along the course (deviate from course) may be calculated.

[0181] Furthermore, the navigation state prediction unit 144 may output a
binary determination value indicating whether or not the vessel navigates along
the course on the basis of the calculated probability. This binary determination

value is calculated, for example, according to whether or not the navigation state
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index exceeds a predetermined threshold. In a case where the navigation state
index exceeds the threshold, the binary determination value is set to “1”
indicating a determination result that the vessel navigates along the course, and
in a case where the navigation state index is equal to or less than the threshold,
the binary determination value is set to “0” indicating a determination result that
the vessel does not navigate along the course (deviate from course).

[0182] Here, contribution of the feature data to the prediction of the
navigation state will be described.

[0183] Not all of the feature data illustrated in FIG. 7 is essential for
training of the prediction model and the prediction using the prediction model.
However, as the feature data, at least the direction information indicating the
direction of the vessel and the position information indicating the position of the
vessel are used. As a result, a prediction model considering a relationship
between the direction and the position of the vessel is generated, and it is
possible to perform prediction with certain accuracy or higher regardless of
whether or not the course is curved, by using this prediction model. Therefore,
it can be accurately predicted whether or not the vessel navigates along the
course.

[0184] As the direction information, for example, at least one of the course
over ground and the heading is used. However, the course over ground that
more accuracy grasps the direction of the vessel more largely contributes to
prediction accuracy.

[0185] Furthermore, as the position information, at least one of the block
ID and the latitude and longitude is used. However, by using both of these, a
prediction model considering a relative position of the vessel in the block area is
generated. For example, when the vessel passes near the center of the block, a
possibility that the vessel navigates along the course thereafter is higher than
that in a case where the vessel passes through a position on the outer side

(lateral direction) with respect to the navigation direction in the block. By using
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both of the block ID and the latitude and longitude, highly accurate prediction
can be made in consideration of such characteristics.

[0186] Furthermore, both of the latitude and the longitude do not need to
be used, and only one of them may be used. For example, in the course
extending from the north to the south as in the example in FIG. 5, the longitude
more largely contributes to the prediction accuracy than the latitude. This is
because, as described above, the characteristics is considered that the possibility
that the vessel continues to navigate along the course changes depending on
whether or not the vessel passes through the center of the block or the vessel
passes through the position on the outer side (east-west direction in this case)
with respect to the navigation direction. Therefore, for example, in the course
extending from the north to the south, only the longitude of the latitude and the
longitude may be used as the feature data.

[0187] Furthermore, as other feature data, for example, the destination
has a relatively high contribution degree. For example, in a case where the
course is branched in the middle as in the example in FIG. 5, the destination
largely contributes to improve the prediction accuracy in a block immediately
before the branch.

[0188] Furthermore, because the block ID at the time of entrance and the
passing flag of the immediately preceding block are information indicating a most
recent navigation pattern, the block ID at the time of entrance and the passing
flag have relatively high contribution degrees to the prediction accuracy. For
example, by using the block ID at the time of entrance and the passing flag of
the immediately preceding block, a prediction model considering the most recent
navigation pattern is generated.

[0189] Furthermore, for example, contribution of information related to the
size of the vessel such as the vessel type, the length of the vessel, or the draft is
relatively large. This is because the navigation pattern differs according to the

size of the vessel. For example, by using these pieces of data, a prediction
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model considering the difference in the navigation pattern according to the size
of the vessel is generated.

[0190] Next, determination result correction processing (step S33 in FIG.
13) by the determination result correction unit 145 will be described. In this
correction processing, the collision risk determination result by the collision risk
determination unit 142 is corrected according to the navigation state prediction
result by the navigation state prediction unit 144.

[0191] Here, first, a case where a collision risk degree of the vessel pair is
calculated by the collision risk determination unit 142 and a navigation state
index of each vessel included in the vessel pair is calculated by the navigation
state prediction unit 144 will be described with reference to FIG. 18.

[0192] FIG. 18 is an example of a flowchart illustrating a correction
processing procedure of a collision risk degree.

[0193] [Step S51] The determination result correction unit 145 selects one
pair from among the vessel pairs of which the collision risk degrees are
calculated by the collision risk determination unit 142, and acquires a collision
risk degree of the selected vessel pair.

[0194] [Step S52] The determination result correction unit 145 acquires a
course state index for each vessel included in the selected vessel pair and
corrects the collision risk degree according to the acquired course state index.
For example, the correction is performed using the following formula (1). Rag =
(1-a) X Rorg X (1 -PaxPg)+axRog ... (1)

[0195] In the formula (1), Rorg indicates a collision risk degree before
correction for a vessel pair, and Ragj indicates a collision risk degree after
correction. Pa indicates a navigation state index for one vessel of the vessel pair,
and Pg indicates a navigation state index for another vessel. However, it is
assumed that Rorg, Pa, and Pg be assigned to the formula (1) in a state where all
of Rorg, Pa, and Ps are normalized to a value equal to or more than zero and

equal to or less than one. The reference a is a weighting coefficient that is
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arbitrarily set and is a value equal to or more than zero and equal to or less than
one.

[0196] [Step S53] The determination result correction unit 145 determines
whether or not all the vessel pairs of which the collision risk degrees are
calculated by the collision risk determination unit 142 are selected in step S51.
In a case where there is an unselected vessel pair, the processing proceeds to
step S51, and one pair is selected from among the unselected vessel pairs. On
the other hand, in a case where there is no unselected vessel pair, the correction
processing ends.

[0197] According to the above processing, as the navigation state index
indicating the probability that the vessel navigates along the course is higher, the
collision risk degree is corrected to be lower. As a result, it is possible to reduce
a possibility to erroneously determine that the vessel pair that is navigating in
the curved portion of the course or the like has a collision risk, and the collision
risk determination accuracy can be improved.

[0198] Note that the correction method described above using the formula
(1) is an example and is not limited to this.

[0199] Next, a case where the collision risk determination unit 142
determines whether or not the vessel pair has a collision risk and a binary
determination value indicating whether each vessel included in the vessel pair
navigates along the course is calculated by the navigation state prediction unit
144 will be described with reference to FIG. 19.

[0200] FIG. 19 is an example of a flowchart illustrating a correction
processing procedure for a determination result regarding presence or absence
of a collision risk. In FIG. 19, a case will be described where a vessel pair that is
determined to have a collision risk (high) from among vessels currently
navigating is output. At the time when the processing in FIG. 19 starts, it is
assumed that information indicating each vessel pair determined to have a
collision risk by the collision risk determination unit 142 be registered in vessel

pair information (not illustrated) stored in the storage unit 120.
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[0201] [Step S61] The determination result correction unit 145 selects one
pair from among the vessel pairs determined to have a collision risk by the
collision risk determination unit 142.

[0202] [Step S62] The determination result correction unit 145 acquires a
binary determination value indicating whether or not each vessel included in the
selected vessel pair navigates along the course, from the navigation state
prediction unit 144. The determination result correction unit 145 determines
whether or not both vessels included in the vessel pair navigate along the
courses on the basis of the acquired binary determination value. In a case
where both vessels navigate along the courses, the processing proceeds to step
S63, and in a case where at least one vessel does not navigate along the course,
the processing proceeds to step S64.

[0203] [Step S63] The determination result correction unit 145 excludes
the vessel pair selected in step S61 from the vessel pair information described
above.

[0204] [Step S64] The determination result correction unit 145 determines
whether or not all the vessel pairs that are determined to have a collision risk by
the collision risk determination unit 142 have been selected in step S61. In a
case where there is an unselected vessel pair, the processing proceeds to step
S61, and one pair is selected from among the unselected vessel pairs. On the
other hand, in a case where there is no unselected vessel pair, the processing
proceeds to step S65.

[0205] [Step S65] The determination result correction unit 145 finally
outputs the vessel pair remaining in the vessel pair information as a pair of
vessels having a collision risk. For example, the determination result correction
unit 145 generates display information in which the information indicating these
vessel pairs is drawn, transmits the display information to the navigation
monitoring device 102 or another device (for example, device mounted on vessel
under way), and makes the device display an image based on the display

information.
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[0206] According to the above processing, even in a case where a certain
vessel pair is determined to have a collision risk by the collision risk
determination unit 142, in a case where the navigation state prediction unit 144
predicts that both vessels included in the vessel pair navigate along the courses,
it is determined that there is no collision risk. As a result, it is possible to reduce
a possibility to erroneously determine that the vessel pair that is navigating in
the curved portion of the course or the like has a collision risk, and the collision
risk determination accuracy can be improved.

[0207] Note that the correction method described above is an example and
is not limited to this. For example, correction for the determination result of the
OZT with the determination method 2 described above can be performed as
follows. In a case where an OZT is detected between a certain vessel and
another vessel, a binary determination value regarding these two vessels is
acquired from the navigation state prediction unit 144. In a case where it is
determined that both vessels navigate along the courses from the binary
determination value, it is determined that the OZT is erroneously detected, and
the determination result is changed to “no OZT".

[0208] [Third Embodiment]

[0209] In the second embodiment described above, a common prediction
model for all blocks in a course area is created, and a navigation state of a vessel
under way is predicted using this prediction model. On the other hand, in a third
embodiment below, an individual prediction model is created for each block.

[0210] FIG. 20 is a diagram illustrating a configuration example of a
processing function included in a navigation monitoring device according to the
third embodiment. Note that, in FIG. 20, the processing functions and the data
same as those in FIG. 4 are denoted with the same reference numerals, and
description thereof will be omitted.

[0211] A navigation monitoring device 102a illustrated in FIG. 20 includes
a navigation state training unit 132a instead of the navigation state training unit

132 and includes a navigation state prediction unit 144a instead of the
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navigation state prediction unit 144, among the processing functions included in
the navigation monitoring device 102 illustrated in FIG. 4. Furthermore, a
storage unit 120 stores prediction model data 124a, 124b, 124c, ... respectively
corresponding to different blocks, instead of the prediction model data 124
common to all the blocks.

[0212] The navigation state training unit 132a reads a record registered in
a feature database 123 for each block ID and creates a prediction model
corresponding to the block ID through training using a record in which the same
block ID is registered. As a result, the prediction model data 124a, 124b, 124c,
... indicating the prediction models for the respective blocks is created and stored
in the storage unit 120.

[0213] When acquiring a feature data record regarding a vessel to be
predicted, the navigation state prediction unit 144a reads a block ID from the
feature data record. The navigation state prediction unit 144a acquires
prediction model data corresponding to the read block ID from among the
prediction model data 124a, 124b, 124c, ... stored in the storage unit 120. The
navigation state prediction unit 144a inputs feature data included in the feature
data record to a prediction model based on the acquired prediction model data
and predicts a course state of a vessel.

[0214] FIG. 21 is an example of a flowchart illustrating a training
processing procedure of a navigation state according to the third embodiment.
Note that, in FIG. 21, the step having processing content same as that in FIG. 8
is denoted with the same step number, and description thereof will be omitted.

[0215] [Step S15a] The navigation state training unit 132a executes a
training processing loop up to step S15c for each block ID.

[0216] [Step S15b] The navigation state training unit 132a reads a record
in which a block ID to be processed is registered from the feature database 123.
The navigation state training unit 132a sets feature data in each read record as
an explanatory variable, performs machine learning using a binary correct

answer label as an objective variable, and creates a prediction model for
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calculating probability values belonging to respective classifications of a positive
example and a negative example. However, of the feature data in each record,
the block ID is not used for machine learning. The navigation state training unit
132a stores data of the created prediction model in the storage unit 120 as
prediction model data. Note that, as a method of machine learning, for example,
random forest, gradient boosting, logistic regression, or the like can be used as
in step S15 in FIG. 8.

[0217] [Step S15c] When the processing in step S15b is executed on all
the block IDs other than a block ID “0”, the training processing loop ends.

[0218] FIG. 22 is an example of a flowchart illustrating a procedure of
navigation state prediction processing according to the third embodiment. In
FIG. 22, the step having processing content same as that in FIG. 17 is denoted
with the same step number, and description thereof will be omitted.

[0219] [Step S44a] Processing in this step S44a and subsequent steps is
executed in a case where the block ID of the feature data record is not “0”. The
navigation state prediction unit 144a reads a block ID from the feature data
record and selects prediction model data corresponding to the read block ID
from among the prediction model data 124a, 124b, 124c, ... stored in the
storage unit 120.

[0220] [Step S44b] The navigation state prediction unit 144a inputs the
feature data in the feature data record into a prediction model based on the
selected prediction model data and predicts whether or not the vessel navigates
along the course. However, of the feature data in the feature data record, the
block ID is not input to the prediction model.

[0221] Asin step S44 in FIG. 17, in step S44b described above, at least a
probability (navigation state index) such that the vessel navigates along the
course is calculated. In addition to this, a probability such that the vessel does
not navigate along the course (deviate from course) may be calculated.

Furthermore, the navigation state prediction unit 144a may output a binary
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determination value indicating whether or not the vessel navigates along the
course on the basis of the calculated probability.

[0222] In the third embodiment above, prediction accuracy substantially
similar to that in a case where the prediction model common to the blocks as in
the second embodiment is trained using the block ID as a feature. Furthermore,
because the number of pieces of training data used to train each prediction
model for each block is reduced, there is a high possibility that a time needed for
training as a whole can be shortened.

[0223] Furthermore, for example, only for a block in a region, in which
collision risk determination accuracy is lowered, such as a curved portion of the
blocks in the course area, the prediction model may be created. Then, regarding
only the vessel that has reached the block, the navigation state is predicted
using the corresponding prediction model, and the collision risk may be corrected
using the navigation state prediction result.

[0224] Note that the processing functions of the devices (for example,
navigation monitoring devices 10, 102, and 102a) described in each of the above
embodiments can be implemented by a computer. In that case, a program
describing the processing content of the functions that each device is supposed
to have been provided, and the above processing functions are implemented on
the computer by the execution of the program on the computer. The program
describing the processing content may be recorded on a computer-readable
recording medium. The computer-readable recording medium includes a
magnetic storage device, an optical disc, a semiconductor memory, and the like.
The magnetic storage device includes a hard disk drive (HDD), a magnetic tape,
and the like. The optical disc includes a compact disc (CD), a digital versatile
disc (DVD), a Blu-ray disc (BD, registered trademark), and the like.

[0225] In a case where the program is to be distributed, for example,
portable recording media such as DVDs and CDs in which the program is

recorded are sold. Furthermore, it is also possible to store the program in a
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storage device of a server computer and transfer the program from the server
computer to another computer via a network.

[0226] The computer that executes the program stores, for example, the
program recorded on the portable recording medium or the program transferred
from the server computer in its own storage device. Then, the computer reads
the program from its own storage device and executes processing according to
the program. Note that the computer may read the program directly from the
portable recording medium and execute processing according to the program.
Furthermore, the computer may sequentially execute processing according to the
received program each time when the program is transferred from the server

computer connected via the network.
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CLAIMS

1. A navigation monitoring program that causes at least one computer to
execute a process, the process comprising:

acquiring direction information that indicates a direction of a vessel and
position information that indicates a position of the vessel; and

predicting whether or not the vessel navigates along a course by
inputting the acquired direction information and the acquired position
information to a prediction model generated by machine learning by using
direction information and position information for each of a plurality of vessels
that has navigated in the past and a correct answer label that indicates whether

or not each of the plurality of vessels navigates along a course.

2. The navigation monitoring program according to claim 1, wherein

the position information includes section information that indicates a
section where a vessel is positioned among a plurality of sections set by dividing
a course area with a predetermined width along the course into polygonal

shapes with respect to a navigation direction.

3. The navigation monitoring program according to claim 2, wherein
the position information includes the section information and at least one

of a latitude and a longitude.

4. The navigation monitoring program according to claim 2 or 3, wherein

the correct answer label is set to a value that indicates a correct answer
in a case where a corresponding vessel among the plurality of vessels reaches a
section that is a predetermined number of sections ahead from a section where
the vessel is currently positioned of the plurality of sections with respect to the

navigation direction.
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5. The navigation monitoring program according to any one of claims 1
to 4, wherein

the direction information includes course over ground.

6. The navigation monitoring program according to any one of claims 1
to 5, wherein

the prediction model is generated by using destination information that
indicates a destination of a vessel, wherein

the predicting includes inputting the destination information regarding

the vessel to the prediction model.

7. The navigation monitoring program according to any one of claims 1
to 6, wherein

the prediction model is generated by using size information that indicates
a size of a vessel, wherein

the predicting includes inputting the size information regarding the vessel

to the prediction model.

8. A navigation monitoring method for a computer to execute a process
comprising:

acquiring direction information that indicates a direction of a vessel and
position information that indicates a position of the vessel; and

predicting whether or not the vessel navigates along a course by
inputting the acquired direction information and the acquired position
information to a prediction model generated by machine learning by using
direction information and position information for each of a plurality of vessels
that has navigated in the past and a correct answer label that indicates whether

or not each of the plurality of vessels navigates along a course.

9. A navigation monitoring device comprising:
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a store unit configured to store direction information that indicates a
direction of a vessel and position information that indicates a position of the
vessel; and

a control unit configured to predict whether or not the vessel navigates
along a course by inputting the acquired direction information and the acquired
position information to a prediction model generated by machine learning by
using direction information and position information for each of a plurality of
vessels that has navigated in the past and a correct answer label that indicates

whether or not each of the plurality of vessels navigates along a course.
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