DESCRIPTION

FLOW FIELD PREDICTION DEVICE, LEARNING DEVICE, FLOW FIELD

PREDICTION PROGRAM, AND LEARNING PROGRAM

TECHNICAL FIELD
[0001]
The present invention relates to a device and a program

for predicting a flow field around a building.

BACKGROUND ART
[0002]

Conventionally, in order to investigate changes in wind
environment, such as a possibility for a building wind to
occur in the surrounding area during construction of a large-
scale structure such as a high-rise building, a wind
environment around the structure is analyzed by a wind tunnel
experiment and a CFD (Computational Fluid Dynamics), and a
design proposal is created not to deteriorate the wind
environment.

[0003]

The wind environment is evaluated by, for example, wind
speed distributions. It is known that the wind speed
distributions formed around a building is affected not only by
the shape of the building and the wind direction but also by
obstacles such as buildings near the building. For this

reason, there is a demand for an analysis method for a wide



region including plural buildings. For example, Patent Document 1
proposes a method of using a neural network to predict wind speed
distributions for an urban area including plural buildings.
[0004]

Patent Document 1: Japanese Unexamined Patent Application,

Publication No.2021-124368

DISCLOSURE OF THE INVENTION
Problems to be Solved by the Invention
[0005]

However, according to the conventional method, it is difficult
to accurately predict wind speed distributions for a region
including plural buildings (hereinafter, referred to as a city
block), and the analysis based on the CFD takes a long time. On the
other hand, simple analysis methods or prediction methods using a
neural network have not achieved sufficient accuracy.

[0006]

The present invention is to provide a flow field
prediction device, a learning device, a flow field prediction
program, and a learning program capable of predicting a flow
field of a city block with high accuracy and efficiency.
Means for Solving the Problems
Summary
[0007]

A flow field prediction device according to an aspect

includes: an analysis result acquisition unit that



acquires an analysis result based on a first computation
method of analyzing at least an influence between buildings
with respect to a flow field in which a city block including a
plurality of buildings is set as a target region; and a
prediction processing unit that inputs a new analysis result
acquired by the analysis result acquisition unit to a learning
model trained using teaching data that includes an analysis
result based on a second computation method that is more
accurate than the first computation method, as correct answer
data for input data including at least the analysis result
based on the first computation method, and outputs an output
from the learning model as a prediction result of the flow
field.

[0008]

The analysis result acquisition unit may acquire, as the
analysis result, a plurality of pieces of plane data including
plane data made up of information on a flow field at a
predetermined height in the city block, and the learning model
may output at least a prediction result of the predetermined
height in response to the input of the analysis result.

[0009]

The analysis result acquisition unit may acquire, as the
analysis result, the plurality of pieces of plane data of
successive heights within a predetermined range, and the
learning model may output a plurality of prediction results of
successive heights in the same range as the input in response

to the input of the analysis result.



[0010]

The analysis result acquisition unit may acquire, as the
analysis result, the plurality of pieces of plane data of
successive heights within a predetermined range, and the
learning model sequentially may add, to the input, outputs
successive in a height direction obtained by input of the
plane data, and may thereby output a plurality of prediction
results of successive heights.

[0011]

The analysis result acquisition unit may acquire, as the
analysis result, a plurality of pieces of plane data of
successive points in time, and the learning model may
sequentially add, to the input, outputs successive in a time
direction obtained by input of the plane data, and may thereby
output a plurality of prediction results of successive points
in time.

[0012]

The analysis result based on the first computation method
may include information on at least one of wind separation,
wake, or contraction.

[0013]

The first computation method may be RANS (Reynolds-
Averaged Navier-Stokes Simulation), and the second computation
method may be LES (Large Eddy Simulation).

[0014]
The learning model may be configured by a CNN

(Convolutional Neural Network) .



[0015]

A learning device according to an aspect includes: a first data
acquisition unit that acquires a first analysis result based on a
first computation method of analyzing at least an influence between
buildings with respect to a flow field in which a city block
including a plurality of buildings is set as a target region; a
second data acquisition unit that acquires, with respect to the flow
field in which the target region is the city block, a second
analysis result based on a second computation method that is more
accurate than the first computation method; and a learning
processing unit that updates a learning model using teaching data
that includes the second analysis result as correct answer data for
input data including the first analysis result.

[0016]

A flow field prediction program according to an aspect
causes a computer to function as the flow field prediction
device.

[0017]

A learning program according to an aspect causes a computer to
function as the learning device.
Effects of the Invention
[0018]

According to the present invention, it is possible to
predict a flow field of a city block with high accuracy and

efficiency.



BRIEF DESCRIPTION OF THE DRAWINGS
[0019]

FIG. 1 is a block diagram showing a functional
configuration of a flow field prediction device according to a
first embodiment;

FIG. 2 is a diagram illustrating image data input to a
learning model in the first embodiment;

FIG. 3 is a diagram illustrating a relationship between
input data and output data in the learning model of the first
embodiment;

FIG. 4 is a diagram illustrating a relationship between
input data and output data in a learning model of a second
embodiment;

FIG. 5 is a diagram illustrating a relationship between
input data and output data in a learning model of a third
embodiment;

FIG. 6 is a table showing an average value of an accuracy
index of each model in entire test data;

FIG. 7 is a graph showing an average value of an accuracy
index for each height in a city block; and

FIG. 8 is a diagram showing distributions of a Euclidean

distance in LES—-model B and LES—RANS.

PREFERRED MODE FOR CARRYING OUT THE INVENTION
[0020]
In the present embodiment, a machine learning model such

as a CNN (Convolutional Neural Network) 1is used, and a trained



model capable of predicting a flow field with high accuracy in
a city block is provided by supervised learning where flow
field data such as wind speed or wind pressure is given as
correct answer data corresponding to input data. The wind
speed, the wind pressure or the like is assumed as the flow
field, but a case of predicting an average wind speed
distribution will be described as an example in the following
embodiments.

[0021]

The input data for the learning model includes information
analyzed about the influence between buildings that should be
taken into account by targeting city blocks, instead of or in
addition to conventional building information such as a
section height and wind direction information. Specifically,
information on a complex flow field including information on
at least one of wind separation, wake, and contraction in
surrounding buildings is used as an input.

[0022]

In the present embodiment, a relatively simple method
(first computation method) capable of high-speed computation
is used to acquire the information on the complex flow field,
and supervised learning of the learning model is performed
using the analysis result based on a computation method
(second computation method) with higher accuracy as correct
answer data.

[0023]

Examples of the first computation method to be applicable



include RANS (Reynolds—Averaged Navier-Stokes Simulation),
vorticity method, and Newton's method. Examples of the second
computation method to be applicable include LES (Large Eddy
Simulation), DNS (Direct Numerical Simulation), experimental
PIV (Particle Image Velocimetry), and Lattice Boltzmann
method.

[0024]

Hereinafter, first to fourth embodiments having different
modes of input to the learning model will be described as
examples. It is assumed that the first computation method is
RANS and the second computation method is LES.

[0025]
[First Embodiment]

In a first embodiment, inputs to the learning model are
three pieces of image data representing wind speed
distributions in three directions of an x-axis, a y—-axis, and
a z—axis at a certain height in the city block computed by
RANS, respectively, and image data that is added as
appropriate to improve prediction accuracy.

[0026]

FIG. 1 is a block diagram showing a functional
configuration of a flow field prediction device 1 according to
the present embodiment. The flow field prediction device 1
also has a function as a learning device, and executes a
learning phase of a learning model and a prediction phase
using a trained model. The function as the learning device may

be provided in another information processing device. In this



case, the flow field prediction device 1 is provided with
parameters of a learning model that has been trained using a
sufficient number of pieces of teaching data.

[0027]

The flow field prediction device 1 is an information
processing device (computer) including an input/output and a
communication interface in addition to a control unit 10 and a
storage unit 20. The control unit 10 is used to control the
flow field prediction device 1 as a whole, and reads out and
executes various types of software including flow field
prediction programs stored in the storage unit 20 as
appropriate, thereby implementing each function in the present
embodiment. The control unit 10 may be a CPU.

[0028]

The storage unit 20 is a storage region for various
programs and various pieces of data for causing a hardware
group to function as the flow field prediction device 1, and
may be a ROM, a RAM, a flash memory, or a hard disk drive
(HDD) , for example. Specifically, the storage unit 20 stores
not only various types of software such as flow field
prediction programs but also various parameters for
constructing a learning model, teaching data and the like.
[0029]

The control unit 10 includes a first data acquisition unit
11, a second data acquisition unit 12, and a learning
processing unit 13 which are responsible for the learning

phase, and an analysis result acquisition unit 14 and a



10

prediction processing unit 15 which are responsible for the
prediction phase.
[0030]

The first data acquisition unit 11 acquires a first
analysis result based on a first computation method (for
example, RANS) that analyzes at least the influence between
buildings with respect to a flow field in which a city block
is set as a target region. At this time, the first data
acquisition unit 11 may acquire, as analysis results, a
plurality of pieces of adjacent plane data in addition to
plane data including information on a flow field (XY section
information) at a predetermined height in the city block. For
example, the first data acquisition unit 11 may acquire not
only one piece of XY section information at a certain height
but also either one or both of upper and lower sides of a
width of a computational mesh (for example, a predetermined
width of several tens of centimeters to several meters) one by
one or several.

[0031]

The second data acquisition unit 12 acquires a second
analysis result based on a second computation method (for
example, LES) that is more accurate than the first computation
method with respect to the same flow field as the first data
acquisition unit 11. The second analysis result correspond to
the first analysis result obtained by the first data
acquisition unit 11, and is a more accurate analysis result

indicating the information on the flow field at the same
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height in the same city block.
[0032]

The learning processing unit 13 updates the learning model
with teaching data that includes the second analysis result as
correct answer data for the input data including the first
analysis result. The learning model in the present embodiment
uses, for example, U-Net++, which is a type of CNN, but is not
limited thereto, and various machine learning models may be
employed.

[0033]

The analysis result acquisition unit 14 acquires an
analysis result based on the first computation method for the
flow field of the city block as a target for prediction, and
provides it to the prediction processing unit 15 as an input
to the learning model. At this time, the analysis result
acquisition unit 14 acquires the analysis result in the same
format as the first data acquisition unit 11.

[0034]

The prediction processing unit 15 inputs a new analysis
result acquired by the analysis result acquisition unit 14 to
the learning model trained by the learning processing unit 13,
and outputs an output of the learning model as a result of
flow field prediction. At this time, the learning model
outputs at least the prediction result of a predetermined
height in response to the input of the analysis result of the
predetermined in the city block as a target for prediction and

the adjacent height.
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[0035]

Here, in the learning phase and the prediction phase, the
input date to the learning model may be only the analysis
result based on the RANS, which is the first computation
method, but the following various pieces of data may be added.
[0036]

FIG. 2 is a diagram illustrating image data input to the
learning model in the present embodiment. First, the analysis
result based on the RANS is provided as three pieces of image
data representing wind speed distributions in three axial
directions with respect to a certain height, and a pixel value
indicates an average wind speed of each cell.

[0037]

Wind direction data indicates a wind direction input to
the city block, and is, for example, image data represented by
gradation from a windward side to a leeward side. Building
height data indicates positions and heights of buildings
existing in the city block, and is image data in which the
height of each position (cell) is represented by pixel values,
for example. Distance data from the building indicates a
distance from each position (cell) in the city block to the
nearest building, and is image data in which the distance is
represented by pixel values, for example.

[0038]

Since the volume of information processed by the learning

model increases with these additional data, it is expected

that the accuracy of compensating the analysis result based on
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the RANS to the analysis result based on the LES, that is, the
prediction accuracy of the flow field can be improved.
[0039]

FIG. 3 is a diagram illustrating a relationship between
the input data and the output data in the learning model of
the present embodiment. In this case, six images, which are
the analysis result of adjacent heights above and below based
on the RANS, are added to the input data regarding the height
as a target for prediction. 1In contrast to the input data, the
output data are at least three images corresponding to the
analysis result based on the LES.

[0040]

In this way, when the information on the adjacent heights
above and below is added to the input data regarding the
height as a target for prediction, it is expected that the
accuracy of compensating the analysis result based on the RANS
to the analysis result based on the LES, that is, the
prediction accuracy of the flow field can be improved.

[0041]
[Second Embodiment]

In a second embodiment, the functional configuration of
the flow field prediction device 1 is similar to that of the
first embodiment except the input/output of the learning
model.

[0042]
The first data acquisition unit 11 and the analysis result

acquisition unit 14 acquire, as analysis results, a plurality
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of pieces of plane data of successive heights within a
predetermined range. Specifically, the inputs to the learning
model are three pieces of image data representing wind speed
distributions in the three directions of the x—-axis, the y-
axis, and the z-axis at the successive heights in the
predetermined range in the city block computed by RANS,
respectively, and image data that is added as appropriate to
improve prediction accuracy. In other words, three sets of a
plurality of successive images are prepared for each axis
according to the height range.

[0043]

Then, the learning model outputs a plurality of prediction
results of successive heights in the same range as the input
in response to the input of the analysis result. In other
words, the analysis results acquired by the second data
acquisition unit 12 are also a plurality of pieces of plane
data of successive heights in the same range as in the first
data acquisition unit 11.

[0044]

FIG. 4 is a diagram illustrating a relationship between
the input data and the output data in the learning model of
the present embodiment. Here, three sets of, for example, 32
image groups representing analysis results successive in a
height direction based on the RANS are input. Similarly to the
input data, the output data is also three sets of 32 image
groups representing the prediction results.

[0045]
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In this way, for a three-dimensional wind environment in
the city block region by using the learning model in which the
three-dimensional analysis result added with the height
direction is input and output, it is expected that the
accuracy of compensating the analysis result based on the RANS
to the analysis result based on the LES, that is, the
prediction accuracy of the flow field can be improved.

[0046]
[Third Embodiment]

In a third embodiment, the functional configuration of the
flow field prediction device 1 is the same as in the first and
second embodiments, but the configuration and the input/output
of the learning model are different.

[0047]

The first data acquisition unit 11 and the analysis result
acquisition unit 14 acquire, as analysis results for inputting
to the learning model, a plurality of pieces of plane data of
successive heights within a predetermined range. To the
learning model, image data representing wind speed
distributions at the successive heights in a predetermined
range in the city block computed by RANS are sequentially
input, and additionally the outputs obtained in response to
the previous input are sequentially added to the input. Thus,
a plurality of prediction results successive in a height
direction are sequentially output. As in the first and second
embodiments, additional information may be input as

appropriate to improve prediction accuracy.
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[0048]

FIG. 5 is a diagram illustrating a relationship between
the input data and the output data in the learning model of
the present embodiment. Here, as an example of the learning
model, LSTM (Long Short Term Memory), which is a type of
recurrent neural network for handling time-series data, is
used in combination with U-Net.

[0049]

For example, the analysis results based on the RANS are
sequentially input to the U-Net from a high layer to a low
layer (1), the output is input to the LSTM (2), and the output
is further input to an adjacent lower LSTM (3).

[0050]

In this way, when the prediction results at the time of
sequentially predicting the flow fields at the successive
heights are sequentially added to the next input, it is
expected for a three-dimensional wind environment in the city
block region that the accuracy of compensating the analysis
result based on the RANS to the analysis result based on the
LES, that is, the prediction accuracy of the flow field can be
improved.

[0051]
[Fourth Embodiment]

In a fourth embodiment, the functional configuration of
the flow field prediction device 1 is similar to that of the
third embodiment except the input/output of the learning

model.
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[0052]

The first data acquisition unit 11 and the analysis result
acquisition unit 14 acquire, as analysis results for inputting
to the learning model, a plurality of pieces of plane data
successive in a time direction in the city block. Similarly to
the third embodiment, the learning model sequentially
processes a plurality of analysis results, but data successive
in a time direction rather than the data successive in the
height direction in the third embodiment is input in time
series at this time. Thus, a plurality of prediction results
at successive points in time are output.

[0053]

In other words, in FIG. 5, for example, the results
analyzed by the RANS are sequentially input to the U-Net in
the order of time transition (1), the outputs are input to the
LSTM (2), and the outputs are further input to the LSTM
corresponding to the subsequent time (3).

[0054]

In this way, when the prediction results at the time of
sequentially predicting the flow fields at the successive
points in time are sequentially added to the next input, it is
expected for changes in wind environment in the city block
region that the accuracy of compensating the analysis result
based on the RANS to the analysis result based on the LES,
that is, the prediction accuracy of the flow field can be
improved.

[0055]
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[Experimental Result]

The result of the prediction accuracy of the flow field
according to the above-described embodiments is shown compared
with a case of not using the analysis result based on the
RANS, which is the first computation method. Here, the
prediction results according to the first embodiment are
exemplified using the section shape, the wind direction, the
building height, the distance from the building, and the
information on the adjacent XY section (horizontal plane) as
the input to the learning model, in addition to the analysis
result based on the RANS.

[0056]

In contrast to a model A that does not use the analysis
result based on RANS, a model B is set as the case of the
first embodiment in which the three components of the average
wind speed computed by the RANS are further input. In either
case, the correct answer data in the learning phase are the
three components of the average wind speed computed by the
LES.

[0057]

Specifically, for data used in machine learning,
computation results for a 1/400-scale model that reproduces a
wind tunnel experiment were prepared by RANS and LES for
plural types of city blocks. The computational mesh is about
50 million elements common for the RANS and LES. In addition,
wind angles were computed for 16 azimuths rotated from 0° to

360° by 22.5°. The data representing the analysis results
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based on the RANS and LES were created by linear interpolation
into a region of the same dimensions having 769 x769 x 399
cells in the X, Y, and Z directions from the city block
region. Each of the divided cells has time-averaged wind
speeds in the X, Y, and Z directions as components. Further,
the data representing the building shape is three-dimensional
data of 769 x 769 x 399 having the occupancy rate of the
building in each of the cells as an element. During learning,
these pieces of data were sliced on the XY plane (horizontal
plane), and was used two-dimensional data in which a central
part of the city block was further trimmed to 512 x 512.
[0058]

For the prediction accuracy, the analysis result based on
the LES is regarded as the correct answer, and the degree of
discrepancy from the analysis result is evaluated.
Specifically, in addition to the Euclidean distance of the
wind speed vector, the hit rate and FAC2 shown in Document A
below were used. The hit rate and FAC2 were calculated
comparing scalar values of the wind speed vector for each cell
with respect to the data in one wind direction, using the
computation result based on the LES as a true value. Document
A: Okaze et al.: Large—eddy simulation of flow around an
isolated building: A step-by-step analysis of influencing
factors on turbulent statistics, Building and Environment,
2021.

[0059]

FIG. 6 is a table showing an average value of an accuracy
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index of each model in the entire test data. It can be
considered that the smaller the Euclidean distance and the
closer the hit rate and FAC2 values are to 1, the better the
computation result based on the LES can be reproduced. FIG. 7
is a graph showing an average value of an accuracy index for
each height in the city block.

[0060]

In model A, according to indices in FIG. 6, it is
considered to be able to make overall predictions that are as
close to those in the LES as those in the RANS. However, form
comparison between model A and the RANS in the graph of FIG.
7, model A has more problems with the prediction accuracy in
middle and lower layers compared with the RANS, and cannot
sufficiently cope with the complexity of the flow field in the
city block of the middle and lower layers.

[0061]

On the other hand, for model B, the Euclidean distance is
improved by about 33% compared with the RANS as shown in FIG.
6. Furthermore, from comparison between model B and the RANS
in the graph of FIG. 7, model B shows better results at any
height and in any index compared with the RANS.

[0062]

FIG. 8 is a diagram showing distributions of a Euclidean
distance in LES-model B and LES-RANS. Here, experimental
results at a height of around 6 m and a height of around 40 m
are shown. It can be seen that an error around corners of

buildings where the distance is large in the distribution
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around 6 m height in the LES-RANS is compensated in the
distribution in LES-model B. 1In addition, from comparison
between the distributions around 40 m height, it can be seen
in model B that errors in separation and wake areas caused by
the buildings are improved and the prediction accuracy of the
flow field not good in the RANS is improved.

[0063]

As described above, according to the above-described
embodiments, the flow field prediction device 1 uses the
analysis result obtained by the first computation method (for
example, RANS) as input data to predict the flow field in the
city block with the supervised learning using the second
computation method (for example, LES) with more accuracy as
correct answer data. Thus, the flow field prediction device 1
can compensate the analysis result based on the first
computation method with a relatively small processing load to
accuracy equivalent to the analysis result based on the second
computation method with more accuracy. Therefore, the flow
field prediction device 1 can predict a complex flow field in
the city block including a plurality of buildings with high
accuracy and efficiency.

[0064]

The embodiments of the present invention have been
described above, but the present invention is not limited to
the above-described embodiments. Moreover, the effects
described in the above-described embodiments are merely

enumerations of the most suitable effects produced by the
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present invention, and the effects of the present invention
are not limited to those described in the embodiments.
[0065]

For example, in the above-described embodiments, the
analysis target is the three-dimensional wind speed vector,
but may be a two-dimensional vector or a scalar value without
being limited thereto. Further, the analysis target may be a
wind pressure instead of or in addition to the wind speed.
[0066]

A flow field prediction method by the flow field
prediction device 1 is implemented by software. When the
method is implemented by software, a program constituting the
software is installed in an information processing device
(computer). Further, such a program may be recorded on a
removable medium such as a CD-ROM and distributed to users, or
may be distributed by being downloaded to a user's computer
via a network. Furthermore, such a program may be provided to
the user's computer as a web service via a network without

being downloaded.

EXPLANATION OF REFERENCE NUMERALS
[0067]
1 flow field prediction device
10 control unit
11 first data acquisition unit
12 second data acquisition unit

13 learning processing unit
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14 analysis result acquisition unit
15 prediction processing unit

20 storage unit
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CLAIMS

[Claim 1]

A flow field prediction device comprising:

an analysis result acquisition unit that acquires an
analysis result based on a first computation method of
analyzing at least an influence between buildings with respect
to a flow field in which a city block including a plurality of
buildings is set as a target region; and

a prediction processing unit that inputs a new analysis
result acquired by the analysis result acquisition unit to a
learning model trained using teaching data that includes an
analysis result based on a second computation method that is
more accurate than the first computation method, as correct
answer data for input data including at least the analysis
result based on the first computation method, and outputs an
output from the learning model as a prediction result of the

flow field.

[Claim 2]

The flow field prediction device according to claim 1,
wherein

the analysis result acquisition unit acquires, as the
analysis result, a plurality of pieces of plane data including
plane data made up of information on a flow field at a
predetermined height in the city block, and

the learning model outputs at least a prediction result of
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the predetermined height in response to the input of the

analysis result.

[Claim 3]

The flow field prediction device according to claim 2,
wherein

the analysis result acquisition unit acquires, as the
analysis result, the plurality of pieces of plane data of
successive heights within a predetermined range, and

the learning model outputs a plurality of prediction
results of successive heights in the same range as the input

in response to the input of the analysis result.

[Claim 4]

The flow field prediction device according to claim 2,
wherein

the analysis result acquisition unit acquires, as the
analysis result, the plurality of pieces of plane data of
successive heights within a predetermined range, and

the learning model sequentially adds, to the input,
outputs successive in a height direction obtained by input of
the plane data, and thereby outputs a plurality of prediction

results of successive heights.

[Claim 5]
The flow field prediction device according to claim 2,

wherein
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the analysis result acquisition unit acquires, as the
analysis result, a plurality of pieces of plane data of
successive points in time, and

the learning model sequentially adds, to the input,
outputs successive in a time direction obtained by input of
the plane data, and thereby outputs a plurality of prediction

results of successive points in time.

[Claim 6]

The flow field prediction device according to any one of
claims 1 to 5, wherein

the analysis result based on the first computation method
includes information on at least one of wind separation, wake,

or contraction.

[Claim 7]

The flow field prediction device according to any one of
claims 1 to 5, wherein

the first computation method is RANS (Reynolds-Averaged
Navier—-Stokes Simulation), and

the second computation method is LES (Large Eddy

Simulation) .

[Claim 8]
The flow field prediction device according to any one of
claims 1 to 5, wherein

the learning model is configured by a CNN (Convolutional
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Neural Network).

[Claim 9]

A learning device comprising:

a first data acquisition unit that acquires a first
analysis result based on a first computation method of
analyzing at least an influence between buildings with respect
to a flow field in which a city block including a plurality of
buildings is set as a target region;

a second data acquisition unit that acquires, with respect
to the flow field in which the city block is set as the target
region, a second analysis result based on a second computation
method that is more accurate than the first computation
method; and

a learning processing unit that updates a learning model
using teaching data that includes the second analysis result
as correct answer data for input data including the first

analysis result.

[Claim 10]
A flow field prediction program for causing a computer to
function as the flow field prediction device according to any

one of claims 1 to 5.

[Claim 11]
A learning program for causing a computer to function as

the learning device according to claim 9.





