DESCRIPTION

Title of Invention: HUMAN FLOW PREDICTION DEVICE, HUMAN FLOW

PREDICTION PROGRAM, AND HUMAN FLOW PREDICTION METHOD

Technical Field
[0001]

The present invention relates to a human flow
prediction device, a human flow prediction program, and a

human flow prediction method.

Background Art
[0002]

In recent years, temporary use of urban spaces has
become active. With an ongoing population decline, it is
conceivable that it is more important to implement measures
to limit periods of time in response to demand, such as
opening of kitchen cars or parklets that temporarily occupy
road spaces to make areas for people. To implement measures
to limit periods of time in response to demand, 1t 1is
necessary to verify effects of implementing measures in
advance.

[0003]
PTL 1 discloses a scheme of using a training model as

a human flow prediction system, and performing zoning of a



field in a grid-like pattern or the like on human flow data
observed on a certain field and then wusing inflow and
outflow information of people between zones to predict a
human flow at a current time based on data at a time before
a prediction time on the same field.

[0004]

On the other hand, PTL 2 discloses a scheme of
quantifying features of a surrounding environment of a
prediction target and wusing a model that learned a
relationship Dbetween the features and movement and
congestion behaviors of the prediction target so that a
human flow distribution can be predicted without depending
on a specific condition such as ascertainment of a traffic
amount at a time before a prediction target time that is a

prerequisite in a scheme of the related art.

Citation List
Patent Literature
[0005]
PTL 1: JP2020-9124A

PTL 2: JP2020-194255A

Summary of Invention
Technical Problem

[0006]



In the invention disclosed in PTL 1, a tendency change
in a human flow according to a period of time can be
predicted, but a traffic amount in a previous period of time
is necessary as 1input information and an influence of a
measure on a human flow cannot be taken into account. On
the other hand, in the invention disclosed in PTL 2, a
traffic amount in a previous period of time is not necessary
as input information in human flow prediction. However, an
influence of a measure implemented only in a certain period
of time on a human flow cannot be evaluated, and an influence
of the measure on behaviors of people not located near an
implementation place cannot be taken into account either.
[0007]

Accordingly, an object of the present invention is to
appropriately evaluate an effect of a measure implemented
only in a limited period of time on a human flow without
using a traffic amount in a previous period of time as input

information.

Solution to Problem
[0008]

To solve the above problem, according to an aspect of
the present invention, a human flow prediction device
includes: a generated traffic amount extraction unit

configured to acquire a generated traffic amount 1in a



prediction target area; a measure registration unit
configured to reflect an evaluation target measure to a
feature of an implementation point in the prediction target
area in an implementation period of time; and a human flow
prediction wunit configured to input a feature 1in the
prediction target area in each period of time set by the
measure registration unit and the generated traffic amount
in a prediction target period of time acquired by the
generated traffic extraction unit to a model trained by
associating human flow information including movement and
congestion in each period of time with a feature at each
point in the prediction target area, and to predict a
movement route of each prediction target or a traffic amount
of each point of the prediction target area.

[0009]

According to another aspect of the present invention,

a human flow prediction program causes a computer to perform:
a procedure of extracting a generated traffic amount in a
prediction target area; a procedure of reflecting an
evaluation target measure to a feature of an implementation
point in the prediction target area in an implementation
period of time; and a procedure of predicting a movement
route of each prediction target or a traffic amount of each
point of the prediction target area based on a model trained

by associating human flow information including movement



and congestion in each period of time with a feature at each
point in the prediction target area, a feature 1in the
prediction target area 1in each period of time, and a
generated traffic amount in the extracted prediction target
period of time.

[0010]

According to still another aspect of the present
invention, a human flow prediction method includes: a step
of receiving measure information by an input device; a step
of accepting the measure information and a generated traffic
amount in a prediction target area as an input and
predicting a movement route of each prediction target and a
traffic amount of each point using a route selection model;
and a step of displaying a prediction result screen in which
a prediction target period of time 1is displayed in an
explicit format in a display mode according to the movement
route or the traffic amount predicted in the prediction
target area on a map indicating the prediction target area
so that the predicted movement route or traffic amount is
displayed.

The other means will be described in descriptions of

embodiments.

Advantageous Effects of Invention

[0011]



According to the present invention, it is possible to
evaluate an effect of a measure implemented only in a
limited period of time on a human flow without using a
traffic amount 1in a previous period of time as input

information.

Brief Description of Drawings
[0012]

[Fig. 1] Fig. 1 is a block diagram illustrating an
entire configuration of a human flow prediction system
according to an embodiment.

[Fig. 2] Fig. 2 1is a block diagram illustrating a
hardware configuration of the human flow prediction system.

[Fig. 3] Fig. 3 1is a diagram 1illustrating a
configuration and a data example of a network database.

[Fig. 4] Fig. 4 is a diagram 1illustrating a
configuration and a data example of a human flow database.

[Fig. 5] Fig. 5 is a flowchart illustrating a model
learning process performed by the human flow prediction
system.

[Fig. 6] Fig. 6 is a diagram illustrating an example
of a recurrent neural network.

[Fig. 7] Fig. 7 is a flowchart illustrating a human
flow prediction process performed by the human flow

prediction system.



[Fig. 8] Fig. 8 is a diagram illustrating a measure
registration screen output by the human flow prediction
system.

[Fig. 9] Fig. 9 is an exemplary diagram illustrating
a prediction result screen output Dby the human flow
prediction system.

[Fig. 10] Fig. 10 is another exemplary diagram
illustrating the prediction result screen output by the

human flow prediction system.

Description of Embodiments
[0013]

Hereinafter, modes for carrying out the present
invention will be described with reference to the drawings
and mathematical formulae.

Fig. 1 1is a Dblock diagram illustrating an entire
configuration of a human flow prediction system 100
according to an embodiment. An actual hardware
configuration will be described below with reference to Fig.
2.

[0014]

The human flow prediction system 100 according to the
embodiment is an information processing system that includes
an input device 101, a display device 102, and a server

computer 103.



The input device 101 is an input interface such as a
mouse, a keyboard, or a touch device that transfers an
operation of a user to the server computer 103. The display
device 102 is an output interface such as a liquid crystal
display and is used to display a prediction result of the
server computer 103 and perform an interactive operation
with the user. The input device 101 and the display device
102 may be configured as an integrated touch panel display.
The display device 102 displays a measure registration
screen 701 illustrated in Fig. 8 to be described below. An
operation on a button in the measure registration screen
701 is performed by the user operating the input device 101.
[0015]

The server computer 103 is a computer that functions
as a human flow prediction device and includes a training
unit 104, a ©prediction wunit 105, and a time-series
consideration route selection model 110 generated by the
training unit 104 as a functional configuration.

[0016]

The training unit 104 includes a network database 106,
a human flow database 107, a map matching unit 108, and a
model training unit 109. The prediction unit 105 includes
a measure registration unit 111, a generated traffic amount
extraction unit 112, and a human flow prediction unit 113.

The time-series consideration route selection model 110 is



stored 1n a predetermined storage area of the server
computer 103.
[0017]

Hereinafter, each functional configuration of the
training unit 104 will be described.

The human flow database 107 stores trajectory data
that is time-series data of positional coordinates of each
observation target. The network database 106 stores network
data of a prediction target area.

[0018]

The map matching unit 108 accepts trajectory data of
the human flow database 107 and network data of a prediction
target area of the network database 106 as an input and
converts the trajectory data that 1is time-series data of
positional coordinates into time-series data of passage
links on a network (hereinafter referred to as a 1link
transition series).

[0019]

The trajectory data is time-series data of observation
information including positional coordinates and a speed of
a person in each observation time. Here, the trajectory
data is assumed to be data obtained by observing a position
of a communication device such as a cellphone carried by
each observation target by global positioning system (GPS),

Wi-Fi (registered trademark) positioning, or the like. The



network data is a graph in which intersections in the
prediction target area as nodes and roads as links are
stretched and includes coordinate information of a node in
each period of time, a feature unique to a node (hereinafter
referred to as a node feature), link data connecting nodes
to each other, and a feature unique to a link (hereinafter
referred to as a link feature). Hereinafter, each point
indicates each node or each link on the network.

[0020]

The prediction target area is an area where a user
desires to make prediction. The prediction target area is
an area where a node or a link can be acquired and an area
where there 1is trajectory data that 1s available for
training and there are a node feature and a link feature
(hereinafter referred to as network features) that can be
acquired.

[0021]

Here, the node feature indicates environment
information associated with a node, such as whether there
is a signal at an intersection corresponding to a node or
the number of connected roads. The link feature indicates
environment information associated with a 1link, such as a
width, a road length, and the number of stores or the number
of parks adjacent to the road of a road corresponding to a

link. A data structure or the like of the node feature and

10



the link feature will be described below.
[0022]

The map matching unit 108 converts trajectory data
that is coordinate information into a transition series of
passage links or passage nodes on a network to correspond
to the trajectory data and the network data in the
prediction target area. Here, the map matching unit 108
allocates an identifiable ID (hereinafter referred to as a
trip ID) to manage information in which a transition series
and each passage time of series of passage links or passage
nodes of each individual are put together (hereinafter
referred to as trip information).

The process can be implemented using any method such
as a known method. For example, the following example can
be exemplified as a map matching scheme for trajectory data
including an observation error.

[0023]

When the trajectory data includes an observation error,
the human flow prediction system 100 cannot determine the
number of passage links as one. When coordinates of a
trajectory are missed 1in observation, the human flow
prediction system 100 may not be able to determine the
passage links. On the other hand, the human flow prediction
system 100 handles passage links according to an algorithm

that has rule bases indicating whether a passage link of

11



each individual is connected to a subsequent passage link
or a link that has a small total sum of distances between
coordinates in connection trajectory data and candidate
links is connected to a passage link.

[0024]

The map matching unit 108 delivers the transition
series and each passage time of series of generated passage
links or passage nodes o0f each individual to the model
training wunit 109 and delivers trip data management
information 420 in each piece of trip information to the
human flow database 107.

[0025]

The model training unit 109 generates the time-series
consideration route selection model 110 by training
parameters of the time-series consideration route selection
model 110 in association with tip information that has a
period of time delivered from the map matching unit 108 as
a departure time and a network feature at each period of
time delivered from the network database 106. The trip
information is human flow information including movement
and congestion at each period of time. A network feature
at each period of time delivered from the network database
106 is a feature of each point in the prediction target area.
[0026]

The model training unit 109 uses a feature of a node

12



handling the environment information associated with the
node and a feature of a 1link handling environment
information associated with the 1link as features of each
point for training the model. A feature of a node is
environment information associated with the node, the
environment information including whether there is a signal
of an intersection corresponding to the node and the number
of connected roads. The feature of a link is environment
information associated with the 1link, the environment
information including one of a width, a road length, the
number of stores adjacent to the road, and the number of
parks adjacent to the road of a road corresponding to the
link.

The model training unit 109 is an optional component.
The human flow prediction system 100 may not include the
model training unit 109 and a trained time-series
consideration route selection model 110 may be provided
instead, and the present invention is not limited thereto.
[0027]

The time-series consideration route selection model
110 according to the embodiment has a graph convolution
layer for extracting an intermediate feature. In the time-
series consideration route selection model 110, a feature
of each point in each period of time is input to the graph

convolution layer to calculate the intermediate feature

13



related to a relationship with the circumference on a
network graph from the features of each point for each
period of time.

[0028]

Subsequently, the model training unit 109 inputs an
output of the graph convolution layer in each period of time
to a recurrent neural network of a corresponding time step.
Accordingly, the intermediate feature in each period of time
and human flow information including movement and congestion
in each period of time is trained in association. In the
embodiment, a case in which a model structure of a long-
short term memory (LSTM) is used will be described.

[0029]

In many schemes using a recurrent neural network such
as the LSTM of the related art, a time step of a model
corresponds to one step of time-series data. On the other
hand, particularly in movement of people outdoor, the number
of transitions of links or nodes tends to increase. The
recurrent neural network has a problem that it is difficult
to perform training as the number of transitions is larger.
To solve the problem, in the embodiment, a relationship
between the periods of time 1is trained assuming that
behavioral preference of people in the same period of time
is constant.

[0030]

14



The model training unit 109 trains parameters of the
graph convolution layer and the LSTM so that the transition
probability distribution and a transition probability
distribution obtained from an observed 1link transition
series become close to each other.

Specifically, by using all the link transition series
within a trip of which a departure time 1is in the same
period of time as training data of the recurrent neural
network of the same time step and associating the 1link
transition series with an output of a graph pooling layer
in each period of time, parameters of each layer and
parameters of the recurrent neural network are trained
simultaneously. A specific calculation flow will Dbe
described in detail in description of Fig. 5.

[0031]

Next, each functional configuration of the prediction
unit 105 will be described.

The measure registration unit 111 acquires evaluation
target measure information from the input device 101 and
reflects an evaluation target measure to a feature of an
implementation point 1in a prediction target area in an
implementation period of time. Here, the measure
information includes one of a type of measure, a measure
implementation period of time, a measure implementation

location, and a measure implementation scale. The type of

15



evaluation target measure is limited to an item included in
the feature of each point trained in advance.
[0032]

The measure registration unit 111 acquires network
data from the network database 106, reflects the measure
information acquired from the input device 101 to the
network data, and delivers the network data to the human
flow prediction unit 113.

[0033]

The generated traffic amount extraction wunit 112
acquires trip information from the human flow database 107,
counts the number of trips in which each point in each
period of time is a start point, and delivers the trip
information to the human flow prediction unit 113. Here,
the trip information is a generated traffic amount in a
prediction target period of time acquired by the generated
traffic amount extraction unit 112.

[0034]

Here, when the generated traffic amount of each point
is all ascertained, the human flow prediction unit 113 can
predict a passage traffic amount of each link or each node
in each period of time. When a sampled generated traffic
amount is counted as in the trip information and the like
processed by the map matching unit 108, a passage traffic

distribution of each 1link or each node in each period of
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time can be predicted. When the generated traffic amount
in each period of time can be ascertained at only a certain
single point, a usage method of predicting a passage traffic
amount of each 1link or each node of people in which the
single point 1is a departure point can also be used. A
specific prediction method will be described in description
of the human flow prediction unit 113 and description of
Fig. 5.

[0035]

The human flow prediction unit 113 inputs the network
data delivered from the measure registration unit 111 and
generated traffic amount information 1in each prediction
target period of time delivered from the generated traffic
amount extraction unit 112 to the time-series consideration
route selection model 110, and predicts human flow
information in each period of time. The network data
delivered from the measure registration unit 111 1is a
feature in a prediction target area in each period of time.

The human flow prediction unit 113 constructs, as a
feature, a network graph in which intersections in the
prediction target area are nodes and roads are links, and
handles each node or each link as each point. The feature
of the node is environment information associated with the
node, the environment information including whether there

is a signal of an intersection corresponding to a node or
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the number of roads connected to the node. The feature of
the link is environment information associated with the link,
the environment information including one of a width, a
length of the road, the number of stores adjacent to the
road, and the number of parks adjacent to the road of a road
corresponding to the link.

[0036]

First, the human flow prediction unit 113 inputs the
parameters of the time-series consideration route selection
model 110 trained by the model training unit 109 and the
generated traffic amount information 1in each prediction
target period of time to the time-series consideration route
selection model 110, and predicts each 1link transition
probability. Each 1link transition probability 1is a
prediction of a movement route of each agent (prediction
target) or a traffic amount of each point of the prediction
target area.

[0037]

The human flow prediction unit 113 can calculate a
passage traffic amount or a passage traffic amount
distribution of each link or each node in each period of
time from a link transition probability in each period of
time and the generated traffic amount or the generated
traffic amount distribution of each point. The calculation

can be implemented using any method such as a known method.
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[0038]

Subsequently, the human flow prediction wunit 113
predicts a route selected by each prediction target from a
selection probability of a movement route at each departure
point in each period of time. The human flow prediction
unit 113 randomly generates routes by a number proportional
to each generated traffic amount according to a probability
from the selection probability of the movement route at each
departure point in each period of time. Here, the human
flow prediction wunit 113 may adjust patterns of the
generated routes according to a calculation amount. Then,
the human flow prediction unit 113 sets a total number of
agents (prediction targets) selecting the routes of each
pattern to a multiple of a constant so that the total number
of agents matches each generated traffic amount.

[0039]

Subsequently, the human flow prediction wunit 113
calculates coordinates of a passage position on the route
and passage time information (hereinafter referred to as
movement point information) at a predetermined time interval
assuming that the agent (prediction target) moves at a
constant speed on the generated route. The human flow
prediction wunit 113 can change whether to perform the
prediction process for the movement route by setting in

advance and may not necessarily predict the route.
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[0040]

A specific calculation flow will be described in
detail in description of Fig. 6.

The human flow prediction unit 113 outputs a predicted
passage traffic amount, passage traffic amount distribution,
or movement point information of each link and each node in
each time period of time to the display device 102.

[0041]

Specifically, when a link traffic amount is displayed,
for example, a method of expressing magnitude of a traffic
amount with a thickness, a depth of color, or the like of
the 1link 1is conceivable. When a route is displayed, for
example, a method of expressing points moving at a constant
speed on a selected route by animation is conceivable. The
details of a screen configuration will be described with
reference to Figs. 9 and 10.

[0042]

Fig. 2 1s a block diagram illustrating a hardware
configuration of the human flow prediction system 100.

The server computer 103 is a general computer that
includes a processor 201 and a storage device 202 connected
to each other. The storage device 202 is configured with
any type of storage medium. For example, the storage device
202 may include a semiconductor memory and a hard disk drive.

[0043]

20



In the example, functional units such as the map
matching unit 108, the model training unit 109, the measure
registration wunit 111, the generated traffic amount
extraction unit 112, and the human flow prediction unit 113
illustrated in Fig. 1 are implemented by the processor 201
executing a processing program 203 stored in the storage
device 202.

[0044]

In other words, in the embodiment, a process performed
by each of the above functional wunits is actually
implemented by the processor 201 that follows a command
described 1in the processing program 203. The network
database 106 and the human flow database 107 are included
in the storage device 202. Display by the display device
102 is implemented by the processor 201 generating data for
display and outputting the data to the display device 102
and the display device 102 performing display according to
the data.

[0045]

The server computer 103 further includes a network
interface device 204 connected to the processor 201.

[0046]

Fig. 3 is a diagram illustrating a configuration and
a data example of the network database 106. Here, a

configuration example in a table format will be described,
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but a data format is not limited to the table format and
any format may be used.

The network database 106 includes node information 300
and link information 310 illustrated in Fig. 3. A table
configuration and a field configuration of each table in
Fig. 3 are configurations necessary to embody the present
invention. Tables and fields may be added according to an
application.

[0047]

The node information 300 includes a node ID field 301,
a latitude field 302, a longitude field 303, and a node
feature field 304.

The node ID field 301 stores identification
information of each node (hereinafter referred to as a node
ID) .

The latitude field 302 stores latitude information of
positional coordinates of each node.

The longitude field 303 stores longitude information
of positional coordinates of each node.

[0048]

The node feature field 304 stores a feature associated
with each node (hereinafter referred to as a node feature).
When a node feature is different for each period of time,
the node feature field 304 may be added for each period of

time.
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[0049]

Here, examples of the node feature include whether
there is a signal of an intersection corresponding to each
node, the number of connected roads, and whether there is a
crossing. The first row [0, 3, 0] of the node feature field
304 indicates that there is no signal in a node that has a
node ID of 1, there is a three-way Jjunction that has three
connected roads, and there is no crossing.

[0050]

The link information 310 includes a link ID field 311,
a start point node field 312, an end point node field 313,
and a link feature field 314.

The link ID field 311 stores identification
information of each link (hereinafter referred to as a link
ID). The start point node field 312 stores a node ID of a
start point node of each link. The end point node field
313 stores a node ID of an end point node of each link.
[0051]

The link feature field 314 stores a feature associated
with each link (hereinafter referred to as a link feature).
When the link feature is different for each period of time,
the link feature field 314 may be added for each period of
time.

[0052]

Here, examples of the link feature include a width, a

23



road length, the number of stores, or the number of parks
adjacent to the road of a road corresponding to each link.
The first row [10, 150, 15, 1] of the 1link feature field
314 indicates that a width of a link with a link ID of 1 is
10 m, a road length is 150 m, the number of adjacent stores
is 15, and the number of adjacent parks is 1.

[0053]

Fig. 4 is a diagram illustrating a configuration and
a data example of the human flow database 107. Here, a
configuration example in a table format will be described,
but a data format is not limited to the table format and
any format may be used.

The human flow database 107 includes trajectory data
management information 400, link transition data management
information 410, and trip data management information 420
illustrated in Fig. 4. A table configuration and a field
configuration of each table in Fig. 4 are configurations
necessary to embody the present invention. Tables and
fields may be added according to an application.

[0054]

The trajectory data management information 400
includes an agent ID field 401, a data acquisition time
field 402, a latitude field 403, and a longitude field 404.

The agent ID field 401 stores identification

information of a target from which each piece of trajectory
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data is acquired (hereinafter referred to as an agent 1ID).

The data acquisition time field 402 stores information
regarding a time at which a trajectory point is acquired.

The latitude field 403 stores latitude information of
a position at which the trajectory point is acquired.

The longitude field 404 stores longitude information
of the position at which the trajectory point is acquired.
[0055]

The link transition data management information 410
includes a trip ID field 411, a link ID field 412, a link
departure time field 413, a required time field 414, and a
speed field 415.

The trip ID field 411 stores identification
information of a trip to which each link transition series
belongs (hereinafter referred to as a trip ID).

[0056]

The 1link ID field 412 stores a 1link ID that 1is
identification information of each link through which an
agent passes.

The 1link departure time field 413 stores a time at
which the agent departs from a start point of each passage
link.

The required time field 414 stores a time required for
the agent to pass through each link. Here, seconds may be

adopted as a unit of the required time, but the unit of the
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required time may be changed according to observation target
transportation means or the like.
[0057]

The speed field 415 stores a speed at a time at which
each agent passes through each link. Here, km/h is adopted
as a unit of the speed in the speed field 415, but the unit
of the speed may be changed according to observation target
transportation means or the like.

[0057]

The trip data management information 420 includes an
agent ID field 421, a trip ID field 422, a movement start
time field 423, a movement end time field 424, a departure
link field 425, and an arrival link field 426.

[0059]

The agent ID field 421 stores an agent ID of an agent
performing trip of each trip ID.

The trip ID field 422 stores a trip ID of each trip.

The movement start time field 423 stores a time at
which each trip is started.

The movement end time field 424 stores a time at which
each trip is ended.

[0060]

The departure link field 425 stores a link ID that is

an identifier of a link that is a departure point of each

trip.
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The arrival link field 426 stores a link ID that is
an identifier of a link that is an arrival point of each
trip.

[0061]

Fig. 5 is a flowchart illustrating a model learning
process performed by the human flow prediction system 100.

In the embodiment of the present invention, a method
of training and predicting a subsequent 1link transition
series will be described. However, a node transition series
can also be trained and predicted according to a similar
method.

[0062]

First, the model training unit 109 acquires 1link
transition data from the map matching unit 108 (step S501).
Subsequently, the model training unit 109 acquires node
information and link information as network features from
the network database 106 (step S502). Subsequently, the
human flow prediction system 100 repeatedly performs steps
5504 to S507 that are processes related to a predetermined
period of time t (steps S503 and S508).

[0063]

Here, as methods of determining a range of the period
of time, a method of performing grid search by training of
each model at a plurality of ranges of the period of time,

comparing estimation accuracy after training between ranges
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of the period of time, and determining a range of the period
of time with highest estimation accuracy, a method of
determining a range of the period of time, for example, by
manually interpreting a period of time such as a commute
time, a lunch time, and a home return time from
characteristics of an analysis target city, and the 1like
are conceivable.
[0064]

First, the human flow prediction system 100 performs
a graph convolution process in a graph convolution layer.
When L is the number of graph convolutions, 1 (where 1 € A
and 0 £ 1 £ L)-th graph convolution process is calculated
as follows (step S504).

[Math. 1]
+1 l
oY = £ (1D, 4,)

[0065]
Here, the function f is defined as follows.

[Math. 2]
0 523 sy Oy
f (Hy ,At)=cr(D 24,0 zHOW )

[0066]
Here,
A”¢: an adjacency matrix 1indicating a connection

relation between links at the period of time t;
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D*: a degree matrix in which diagonal components are
a degree of each link and others are 0;

o: a nonlinear activation function such as a rectified
linear unit (RelLU);

W : a first parameter that is a training target of a
time-series consideration route selection model; and

When 1 = 0, H:(© 1is a feature matrix indicating a
feature of each link in the same period of time t as Xt.
[0067]

Next, an example of a network configuration of the
LSTM according to the embodiment is illustrated in Fig. 6.

In Fig. 6, information flows from bottom to top. In
a part labeled as a cell in the middle, there is a recurrent
connection. A circled + represents a calculation that takes
a sum of each component and a circled X represents a
calculation that takes a multiplication of each component.
A solid line represents an immediately operating flow. A
dotted 1line represents a time delay and indicates an
influence on a subsequent time.

[0068]

The LSTM includes a memory element called a memory
cell, a block input 901, an input gate 902, an output gate
903, and a forget gate 904.

[0069]

In the input gate 902, Win that is a weight
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corresponding to an input and Rin that 1s a weight
corresponding to a recurrent input are respectively
multiplied with corresponding inputs, results are added,
and thus an added result is processed by a Sigmoid function.

In the output gate 903, Wou that is a weight
corresponding to an input and Rouwt that 1s a weight
corresponding to a recurrent input are respectively
multiplied with corresponding inputs, results are added,
and thus an added result is processed by a Sigmoid function.

In the forget gate 904, Wrf that is an input and Rf that
is a recurrent input are input to be added and an added
result is processed by a Sigmoid function.

[0070]

An input to a cell is an input of a normal neural
network. An input is applied to the other three gates. The
input to the three gates is used to open and close the gates.
[0071]

The three gates are used to control how much
information passes. When a gate 1s <closed, the gate
approaches 0. Therefore, it is difficult for information
to pass. Conversely, when a gate is opened, the gate is in
a positive state and the Sigmoid function is close to 1.
When the forget gate 904 is opened, a state of a cell from
one time earlier influences the current state of the cell.

That is, a role of the forget gate 904 is to determine how
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much an influence of an immediately previous <cell 1is
considered. In a normal recurrent network, there are no
gates. In the LSTM, gates have active roles and the gates
themselves learn connection coefficients, so that a flow of
information is controlled.
[0072]

Description will be made referring back to Fig. 5.
The human flow prediction system 100 calculates an output
of the LSTM in the period of time t using the following
formulae (3) to (8) (step S505).

[Math. 3]
ze = tanh (W,H" + R,Qc_1 )

[0073]
Here,

W,: a weight corresponding to an input value of the

block input of the LSTM;

R;: a weight corresponding to a recurrent input value
of the block input of the LSTM; and

zt: an output value of the block input of the LSTM in
the period of time t.

[Math. 4]
¢ = 0 (WinHt(L) + Rith—1)

[0074]
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Here,

Win: a weight corresponding to an input value of the
input gate of the LSTM;

Rin: a weight corresponding to a recurrent input value
of the input gate of the LSTM;

it: an output value of the input gate of the LSTM in
the period of time t; and

Os: a Sigmoid function.

[Math. 5]
fe = o5 (WrH" + R Qe )

[0075]

Here,

We: a weight corresponding to an input wvalue of the
forget gate of the LSTM;

Rf: a weight corresponding to a recurrent input value
of the forget gate of the LSTM; and

fr: an output value of the forget gate of the LSTM in
the period of time t.

[Math. 6]
¢ =10z + f;OC 4

[0076]
Here,

ct: a temporary value of the LSTM in the period of
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time t; and
Ct-1: a temporary value of the LSTM in the period of
time t-1.

[Math. 7]
L
Oy = Og (Wouth( ) + Rotht—l)

[0077]

Here,

Wout: @ welight corresponding to an input value of the
output gate of the LSTM;

Rout: @ weight corresponding to a recurrent input value
of the output gate of the LSTM; and

ot: an output value of the output gate of the LSTM.

[Math. 8]
Q¢ = oOtanh(c;) (8)
[0078]
Here,

Wy, Win, We, Wout, Rz, Rin, Rf, and Rout: training target
second parameters; and

Qt (k) : an evaluation value of a link k that is a k-th
element of an output in the period of time t of the LSTM.

As such, as an evaluation wvalue of each link in each
period of time, a value defined by a known model structure
of a recurrent neural network, such as the LSTM that is the

scheme described above, can be used.
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Subsequently, a transition probability to each 1link
is calculated. A transition probability from a link k to a
link a (a € A(k)) connected to the link k 1s calculated

using a softmax function as in the following Formula (9)

(step S5006) .
[Math. 9]
expQ;(a)
P.(alk) = ;
ZaeA(k) expQ.(a) (9)
[0079]
Here,

A(k): a link set connected to the link k.

Then, a loss function LL 1is calculated as 1in the
following Formula (10) wusing a calculated transition
probability to each 1link and an observed link transition
series (step S507).

[Math. 10]

LLt = LLt—l + Z Qt(a(nt)) —In Z eprt(d)
ng aEA(k@%))

[0080]
Here,

nt: an index of link transition belonging to a trip

in which the period of time t is a link departure time;
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kv : a 1link located before transition of 1link
transition belonging to a trip in which the period of time
t is a link departure time; and

amt: a link located after transition of the 1link
transition.

When steps S504 to S507 that are processes related to
all the periods of time ends, the model training unit 109
ends the calculation of the loss function and proceeds to
step S509. Accordingly, the model training unit 109 updates
the training targets second parameters W, Wy, Win, We, Wout,
Rz, Rin, Rf, and Rout (step S509).

[0081]

In step S510, the model training unit 109 determines
whether the training is converged. When the training is
not converged (No), the model training unit 109 returns to
step S503 and updates the parameters again. Conversely,
when the training is converged (Yes), the model training
unit 109 proceeds to step S511.

[0082]

In step S511, the model training unit 109 ends the
process of Fig. 6 when the training parameters of the model
obtained through the above training are stored in the time-
series consideration route selection model 110.

[0083]

That is, the model training unit 109 trains a first
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parameter indicating an influence of the feature of each
point in each period of time on a probability distribution
indicating a probability of movement to a point adjacent or
stay at the point from each point and a second parameter
indicating an influence of a relationship between a feature
of each point previous to a prediction target period of time
and the probability in a period of time corresponding to
the feature on the probability distribution in the
prediction target period of time so that the probability
distribution in the ©prediction target period of time
predicted from a feature of each point matches the
probability distribution in a target period of time obtained
from information regarding an observed human flow that is
training data for each period of time in a target area. The
training data 1is data in which a plurality of pieces of
trajectory data chronologically indicating observation
information including positional coordinates and a speed at
each observation time are converted into a transition series
of nodes or links in association with a position on the
network graph.
[0084]

Fig. 7 is a flowchart illustrating a human flow
prediction process performed by the human flow prediction
system 100.

First, the human flow prediction unit 113 acquires
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node information and 1link information in which an
examination measure 1s reflected as network features from
the measure registration unit 111 and acquires a generated
traffic amount of each point for each period of time from
the generated traffic amount extraction unit 112 (step S601).

Subsequently, the human flow prediction system 100
performs steps S603 to S608 that are processes 1in the
predetermined period of time (steps S602 and S609).

[0085]

The human flow prediction unit 113 first calculates
an evaluation value of each link as in the above-described
Formula (8) using the network features and the time-series
consideration route selection model 110. Accordingly, the

human flow prediction wunit 113 calculates a transition

probability from a link k to a link a (a € A(k)) connected
to the link k as in the above-described Formula (9) (step
5603) .
[0086]

Subsequently, the human flow prediction wunit 113
calculates the traffic amount of each link from a 1link
transition probability matrix storing the generated traffic
amount and each link transition probability (step S604).
The human flow prediction unit 113 can implement calculation
of the link traffic amount using distribution of the traffic

amount from the generated traffic amount and the 1link
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transition probability matrix, for example, by an absorption
Markov process or any method such as another known method.
[0087]

In step S605, the human flow prediction unit 113
determines whether prediction of the route is made and
performs bifurcation. A determination flag is assumed to
be designated in advance. When the prediction of the route
is not made (No), the human flow prediction unit 113
proceeds to step S609. Conversely, when the prediction of
the route is made (Yes), the human flow prediction unit 113
proceeds to step S606.

[0088]

In steps S606 to S608, the human flow prediction unit
113 performs a process of step S607 for each traffic amount
generation point.

In step S607, the human flow prediction unit 113
randomly generates the routes by the number of generated
traffic amounts according to the link transition probability
matrix. In step S608, the human flow prediction unit 113
proceeds to step S609 when all the traffic amount generation
points are repeated. The human flow prediction unit 113
returns to step S606 when there is an unprocessed traffic
amount generation point.

[0089]

In step S609, the human flow prediction unit 113
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proceeds to step S610 when the processes are repeated in
all the periods of time. The human flow prediction unit
113 returns to step S602 when there 1is an unprocessed
process in the period of time.

[0090]

In step S610, the human flow prediction unit 113 ends
the process of Fig. 7 when a prediction result is displayed.
When the human flow prediction unit 113 displays a 1link
traffic amount, for example, a method of expressing
magnitude of traffic amount with a thickness, a depth of
color, or the like of a link is conceivable. When a route
is displayed, for example, a method of expressing points
moving at a constant speed on a selected route by animation
is conceivable. The details of a screen configuration will
be described with reference to Figs. 9 and 10.

[0091]

Fig. 8 is a diagram illustrating a measure
registration screen 701 output to the display device 102 by
the human flow prediction system 100.

The human flow prediction unit 113 displays a measure
registration screen 701 in which information regarding a
measure can be input on a map indicating a prediction target
area.

The measure registration screen 701 illustrated in

Fig. 8 includes a map area 702, a measure registration area
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703, and a scale management area 704.
[0092]

In the map area 702, a map indicating a prediction
target area 1is displayed, and a measure registration pin
702A and a simulation start button 702B are further
displayed. In the map area 702, information regarding a
measure can be input.

[0093]

In the measure registration pin 702A, a number in
which a measure registration order is an identification
number (implementation measure ID) 1is displayed. The
measure registration pin 702A 1is displayed when a user
selects a point at which the measure 1is desired to be
implemented.

In the measure registration area 703, the simulation
start button 702B can be operated when setting of all
registered measure content 1s completed. When the user
operates the simulation start button 702B, the human flow
prediction unit 113 performs a human flow prediction process
and transitions to a prediction result screen 801
illustrated in Figs. 9 and 10. When the user operates the
map area itself, a scale or a display position can be changed.
Here, a displaying angle of the map may be changeable.
Accordingly, the measure can be examined according to a

position of a characteristic location such as a main
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facility or a river, and thus it 1is easy to examine the
measure.
[0094]

In the measure registration area 703, an
implementation measure ID 703A, a measure type selection
button 703B, an implementation period-of-time selection
button 703C, and a measure scale selection button 703D are
displayed for each implementation measure ID according to a
measure registered in the map area 702.

[0095]

The user operates the measure type selection button
703B to select a measure type that 1s desired to be
implemented at a position of the measure registration pin
702A corresponding to each implementation measure ID 703A.
Here, selectable measure types are limited to types included
in network features used for training by the training unit
104. Through the selection, an option of the measure scale
selection button 703D is confirmed according to a measure,
and the user operates the measure scale selection button
703D to select an implementation scale of the measure. The
user operates the implementation period-of-time selection
button 703C and selects a period of time for implementation
in a period-of-time range set in advance by the training
unit 104. Here, a plurality of periods of time can be

selected.

41



[0096]

The scale management area 704 manages a scale of a map
displayed in the map area 702. A button with which the
magnitude of the scale can be changed and a scale of a map
that is being displayed in the map area 702 are displayed.

Here, there may be a display indicating a direction
in the map that is being displayed in the map area 702.
Accordingly, it 1s easy to examine a measure while
considering a direction.

[0097]

Figs. 9 and 10 are other exemplary diagrams
illustrating a prediction result screen 801 output to the
display device 102 by the human flow prediction system 100.
[0098]

The prediction result screen 801 illustrated in Figs.
9 and 10 includes a prediction result display area 802, an
animation control area 803, the measure registration area
703, and the scale management area 704.

In the prediction result display area 802 illustrated
in Fig. 9, a traffic amount line 802A in which a thickness,
a depth of color, or the like of a line is changed according
to a traffic amount of each street of a prediction result
is displayed in a format desired to be displayed. That 1is,
the human flow prediction unit 113 displays the prediction

result screen 801 in which each link of a prediction target
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area 1s displayed in a display mode according to a traffic
amount of each point for each predicted period of time on a
map indicating the prediction target area.

[0099]

In the prediction result display area 802 illustrated
in Fig. 10, a movement point 802B moving on a predicted
route and a movement trajectory 802C several meters before
are displayed. That is, the human flow prediction unit 113
displays the prediction result screen 801 in which a
movement route of each prediction target for each predicted
period of time of a prediction target area is displayed in
a display mode according to the movement route on a map
indicating the prediction target area. In the display mode
according to the movement route, a movement route 1is
displayed using a point indicating a position at each time
of the movement route and a trajectory to the position.
[0100]

In the animation control area 803, a play button 803A
for playing and stopping an animation to control the traffic
amount line 802A, the movement point 802B, and the movement
trajectory 802C that change chronologically, a seek bar 803B
for displaying and designating a timing to be displayed, a
movement trajectory 803C in which the animation can be
rewound, and a period-of-time designation Dbutton 803D

capable of selecting a period of time to be displayed are
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displayed. The display mode according to the traffic amount
is expressed with a change in a thickness or color of a line
on a road of a prediction point.

[0101]

Accordingly, even without a specific condition such
as ascertainment of a traffic amount at a time previous to
a prediction target time, a human flow change according to
a measure implementation period of time or an influence on
a human flow at a position away from an implementation
location can be evaluated.

[0102]
(Modifications)

The present invention is not limited to the above-
described embodiments and includes various modifications.
For example, the above-described embodiments have been
described in detail to facilitate understanding of the
present invention and the configurations described above
may not be all included. Some of the configurations of a
certain embodiment can be replaced with the configurations
of another embodiment. Some of the configurations of a
certain embodiment can be added to the configurations of
another embodiment. Other configurations may be added to,
deleted from, and replaced with some of the configurations
of each embodiment.

[0103]
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Some or all of the above-described configurations,
functions, processing units, processing methods, and the
like may be implemented as hardware such as integrated
circuits. The above-described configurations, functions,
and the like may be implemented as software by causing a
processor to analyze and execute a program that implements
each function. Information such as a program, a table, or
a file implementing each function can be stored in a storage
device such as a memory, a hard disk, or a solid state drive
(SSD) or a recording medium such as a flash memory card or
a digital versatile disk (DVD).

[0104]

In each embodiment, the control lines or information
lines indicate 1lines considered to Dbe necessary for
description and are not all the control 1lines and
information lines necessary for implementation. Actually,
substantially all the configurations are assumed to be

connected to each other.

Reference Signs List

[0105]
100: human flow prediction system
101: input device
102: display device

103: server computer (human flow prediction device)
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104: training unit

105: prediction unit

106: network database

107: human flow database

108: map matching unit

109: model training unit

110: time-series consideration route selection model
(route selection model)

111: measure registration unit

112: generated traffic amount extraction unit

113: human flow prediction unit

201: processor

202: storage device

203: processing program

204: network interface device

300: node information

310: link information

301: node ID field

302: latitude field

303: longitude field

304: node feature field

311: link ID field

312: start point node field

313: end point node field

314: 1link feature field
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400:

401 :

402 :

403:

403:

410:

411:

412 :

413:

414:

415:

420

421 :

4272

423:

424 :

425:

4126

701:

702:

T02A:

702B:

703:

703A:

703B:

trajectory data management information
agent ID field
data acquisition time field
latitude field
longitude field
link transition data management information
trip ID field
link ID field
link departure time field
required time field
speed field
trip data management information
agent ID field
trip ID field
movement start time field
movement end time field
departure link field
arrival link field
measure registration screen
map area

measure registration pin
simulation start button
measure registration area
implementation measure ID

measure type selection button
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703C:

703D:

704

801:

802:

802A:

802B:

g802C:

803:

803A:

803B:

803D:

901:

902:

903:

904 :

implementation period-of-time selection button
measure scale selection button
scale management area
prediction result screen
prediction result display area
traffic amount line

movement point

movement trajectory
animation control area

play button

seek bar

period-of-time designation button
block input

input gate
output gate

forget gate
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CLAIMS

[Claim 1]

A human flow prediction device comprising:

a generated traffic amount extraction unit configured
to acquire a generated traffic amount in a prediction target
area;

a measure registration unit configured to reflect an
evaluation target measure to a feature of an implementation
point in the prediction target area in an implementation
period of time; and

a human flow prediction unit configured to input a
feature in the prediction target area in each period of time
set by the measure registration unit and the generated
traffic amount 1n a prediction target period of time
acquired by the generated traffic extraction unit to a model
trained Dby associating human flow information including
movement and congestion in each period of time with a
feature at each point in the prediction target area, and to
predict a movement route of each prediction target or a

traffic amount of each point of the prediction target area.

[Claim 2]
The human flow prediction device according to claim

1, wherein
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the human flow prediction unit constructs a network
graph that has intersections in the prediction target area
as nodes and roads as links as the feature and handles each
of the nodes or each of the links as each point,

the feature of the node 1is environment information
associated with the node, the environment information
including whether there is a signal of an intersection
corresponding to the node or the number of roads connected
to the node, and

the feature of the 1link 1is environment information
associated with the 1link, the environment information
including one of a width, a length of the road, the number
of stores adjacent to the road, and the number of parks

adjacent to the road of a road corresponding to the link.

[Claim 3]
The human flow prediction device according to claim
1, wherein the model is a recurrent neural network in which

a relationship between periods of time is trained.

[Claim 4]

The human flow prediction device according to claim
2, wherein the model i1s a model that calculates an
intermediate feature related to a relationship on a network

graph from the feature of each point for each period of time
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and 1s a model trained by associating the intermediate
feature in each period of time with human flow information

including movement and congestion in each period of time.

[Claim 5]
The human flow prediction device according to claim
4, wherein the model has a graph convolution layer for

extracting the intermediate feature.

[Claim 6]
The human flow prediction device according to claim
1, further comprising a training unit configured to train

the model.

[Claim 7]

The human flow prediction device according to claim
6, wherein the training unit constructs a network graph that
has intersections in the prediction target area as nodes
and roads as links and handles each of the nodes or each of

the links as each point.

[Claim 8]
The human flow prediction device according to claim
7, wherein the training unit trains a first parameter

indicating an influence of the feature of each point in each
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period of time on a probability distribution indicating a
probability of movement to an adjacent point from each point
or stay at the point and a second parameter indicating an
influence of a relationship between a feature of each point
previous to a prediction target period of time and the
probability in a period of time corresponding to the feature
on the probability distribution in the prediction target
period of time so that the probability distribution in the
prediction target period of time predicted from a feature
of each point matches the probability distribution in a
target period of time obtained from information regarding
an observed human flow that is training data for each period

of time in a target area.

[Claim 9]

The human flow prediction device according to claim
8, wherein the training data is data in which a plurality
of pieces of trajectory data indicating a time series of
observation information including positional coordinates
and a speed at each observation time are converted into a
transition series of the nodes or the links in association

with a position on the network graph.

[Claim 10]

The human flow prediction device according to any one
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of claims 1 to 9, wherein the human flow prediction unit
displays a measure registration screen in which information
regarding the measure is able to be input on a map indicating

the prediction target area.

[Claim 11]

The human flow prediction device according to any one
of claims 1 to 9, wherein the human flow prediction unit
displays a prediction result screen in which each link of
the prediction target area is displayed on a map indicating
the prediction target area in a display mode according to a
traffic amount of each point for each predicted period of

time.

[Claim 12]

The human flow prediction device according to any one
of claims 1 to 9, wherein the human flow prediction unit
displays a prediction result screen in which a movement
route of each prediction target for each predicted period
of time of the prediction target area is displayed on a map
indicating the prediction target area in a display mode

according to the movement route.

[Claim 13]

A human flow prediction program causing a computer to
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perform:

a procedure of extracting a generated traffic amount
in a prediction target area;

a procedure of reflecting an evaluation target measure
to a feature of an implementation point in the prediction
target area in an implementation period of time; and

a procedure of predicting a movement route of each
prediction target or a traffic amount of each point of the
prediction target area Dbased on a model trained Dby
associating human flow information including movement and
congestion in each period of time with a feature at each
point in the prediction target area and a generated traffic

amount in the extracted prediction target period of time.

[Claim 14]

A human flow prediction method comprising:

a step of receiving measure information by an input
device;

a step of accepting the measure information and a
generated traffic amount in a prediction target area as an
input and predicting a movement route of each prediction
target or a traffic amount of each point using a route
selection model; and

a step of displaying a prediction result screen in

which a prediction target period of time is displayed in an
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explicit format in a display mode according to the movement
route or the traffic amount predicted in the prediction
target area on a map indicating the prediction target area
so that the predicted movement route or traffic amount is

displayed.

[Claim 15]

The human flow prediction method according to claim
14, wherein, in the display mode according to the movement
route, the movement route 1is displayed using a point
indicating a position at each time of the movement route

and a trajectory to the position.

[Claim 16]

The human flow prediction method according to claim
14 or 15, wherein, in the display mode according to the
traffic amount, a thickness or a change in color of a line

is expressed on a road of a prediction location.
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