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1
DATA AUGMENTATION SYSTEM, DATA
AUGMENTATION METHOD, AND
INFORMATION STORAGE MEDIUM

CROSS-REFERENCE TO RELATED
APPLICATION

The present application claims priority from Japanese
application JP 2019-102682 filed on May 31, 2019, the
content of which is hereby incorporated by reference into
this application.

BACKGROUND OF THE INVENTION
1. Field of the Invention

The embodiments disclosed herein relate to a data aug-
mentation system, a data augmentation method, and an
information storage medium.

2. Description of the Related Art

There have been known machine learning models using
supervised machine learning. For example, in the literature
“T. Devries and G. W. Taylor. ‘Improved regularization of
convolutional neural networks with cutout.” arXiv preprint
arXiv: 1708.04552, 2017.5”, there is described a technology
in which a new teacher image is acquired by performing
mask processing on a portion randomly selected from a
teacher image, to thereby implement data augmentation.

SUMMARY OF THE INVENTION

However, even when the portion on which the mask
processing has been performed is randomly selected as in
the above-mentioned literature, the portion to be learned
may be masked or a portion that is not to be learned may not
be masked, which is not efficient.

In response to the above-mentioned issues, according to at
least one aspect of the present invention, there is provided a
data augmentation system including at least one processor,
the at least one processor being configured to: input, to a
machine learning model configured to perform recognition,
input data; identify a feature portion of the input data to
serve as a basis for recognition by the machine learning
model in which the input data is used as input; acquire
processed data by processing at least a part of the feature
portion; and perform data augmentation based on the pro-
cessed data.

According to at least one aspect of the present invention,
there is provided a data augmentation method including:
inputting, to a machine learning model configured to per-
form recognition, input data; identifying a feature portion of
the input data to serve as a basis for recognition by the
machine learning model in which the input data is used as
input; acquiring processed data by processing at least a part
of the feature portion; and performing data augmentation
based on the processed data.

According to at least one aspect of the present invention,
there is provided an information storage medium having
stored thereon a program for causing a computer to: input,
to a machine learning model configured to perform recog-
nition, input data; identify a feature portion of the input data
to serve as a basis for recognition by the machine learning
model in which the input data is used as input; acquire
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processed data by processing at least a part of the feature
portion; and perform data augmentation based on the pro-
cessed data.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 is a diagram for illustrating an overall configura-
tion of a data augmentation system according to at least one
embodiment of the present invention.

FIG. 2 is a diagram for illustrating an example of a teacher
image included in teacher data.

FIG. 3 is a diagram for illustrating an example of a heat
map.

FIG. 4 is a diagram for illustrating an example of a
processed image.

FIG. 5 is a functional block diagram for illustrating an
example of functions to be implemented by the data aug-
mentation system.

FIG. 6 is a table for showing a data storage example of a
teacher data set.

FIG. 7 is a flowchart for illustrating an example of
processing to be executed in the data augmentation system.

FIG. 8 is a diagram for illustrating a processed image in
Modification Example (1) of the present invention.

FIG. 9 is a diagram for illustrating how portions to be
processed are randomly selected.

FIG. 10 is a diagram for illustrating an example of a heat
map obtained when a plurality of feature portions exist in an
input image.

DETAILED DESCRIPTION OF THE
INVENTION

1. Overall Configuration of Data Augmentation
System

Now, a data augmentation system according to at least one
exemplary embodiment of the present invention is
described. FIG. 1 is a diagram for illustrating an overall
configuration of the data augmentation system. As illustrated
in FIG. 1, a data augmentation system S includes a server 10
and a user terminal 20, each of which can be connected to
a network N, for example, the Internet. In FIG. 1, there is
illustrated one server 10 and one user terminal 20, but there
may be a plurality of each of those.

The server 10 is a server computer. The server 10 includes
a controller 11, a storage 12, and a communicator 13. The
controller 11 includes at least one microprocessor. The
controller 11 executes processing in accordance with pro-
grams and data stored in the storage 12. The storage 12
includes a main memory and an auxiliary memory. For
example, the main memory is a volatile memory, for
example, a RAM, and the auxiliary memory is a non-volatile
memory such as a ROM, an EEPROM, a flash memory, or
a hard disk drive. The communicator 13 is a communication
interface for wired communication or wireless communica-
tion, and performs data communication via the network N.

The user terminal 20 is a computer to be operated by a
user. For example, the user terminal 20 is a cell phone
(including smartphones), a portable information terminal
(including tablet computers), or a personal computer. In at
least one embodiment, the user terminal 20 includes a
controller 21, a storage 22, a communicator 23, an operation
device 24, and a display 25. The physical configuration of
each of the controller 21, the storage 22, and the commu-
nicator 23 may be the same as those of the controller 11, the
storage 12, and the communicator 13, respectively.
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The operation device 24 is an input device, and is, for
example, a pointing device such as a touch panel and a
mouse, a keyboard, or a button. The operation device 24
transmits details of operation by the user to the controller 21.
The display 25 is, for example, a liquid crystal display or an
organic EL display. The display 25 displays an image in
accordance with an instruction of the controller 21.

Programs and data to be described as being stored into the
storages 12 and 22 may be supplied thereto via the network
N. Further, the respective hardware configurations of the
computers described above are not limited to the above-
mentioned examples, and various types of hardware can be
applied thereto. For example, the hardware configuration
may include a reader (e.g., an optical disc drive or a memory
card slot) configured to read a computer-readable informa-
tion storage medium, or an input/output device (e.g., a USB
port) configured to input and output data to/from an external
device. For example, the program and the data stored in the
information storage medium may be supplied to each of the
computers through intermediation of the reader or the input/
output device.

2. Overview of Data Augmentation System

The data augmentation system S of at least one embodi-
ment is configured to identify a feature portion of input data
input to a machine learning model, and to perform data
augmentation based on processed data obtained by process-
ing at least a part of the feature portion.

The machine learning model is a model learned by
supervised machine learning. The machine learning model is
configured to perform recognition based on the input data. In
the present application, “recognition” may be a concept
including analysis, understanding, classification, or identi-
fication of the input data, and including detecting something
from the input data and identifying the position of some-
thing. The machine learning model can perform any type of
recognition, for example, image recognition, character rec-
ognition, voice recognition, recognition of human behavior
patterns, or recognition of phenomena in the natural world.
When used in the classification of the input data, the
machine learning model may be referred to as “classification
learner”.

In at least one embodiment, as an example of the recog-
nition performed by the classification learner, there is
described classification of input data. The machine learning
model outputs, from among a plurality of classifications, at
least one classification to which the input data belongs. For
example, for each learned classification, the machine learn-
ing model outputs a score indicating a probability of the
input data belonging to the classification. Further, for
example, the machine learning model outputs data from
which a feature portion is identifiable. This data is described
later. The machine learning model includes programs and
parameters, and the parameters are adjusted by learning
processing. Various known methods can be applied as the
machine learning itself, and for example, a convolutional
neural network (CNN), a residual network (ResNet), or a
recurrent neural network (RNN) can be used.

The input data is data to be input to the machine learning
model. In other words, the input data is the data to be
processed (recognized) by the machine learning model. As
in the case described in at least one embodiment, in a case
where the machine learning model classifies the input data,
the input data is data to be classified. The input data may
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have any data format, for example, an image, a moving
image, text, a numerical value, a document, a sound, or a
combination thereof.

For example, when the input data is an image or a moving
image, an object shown in the image or moving image is
classified by the machine learning model. In the case of an
image or a moving image photographed by a camera, the
object is the subject of the image, and in the case of
computer graphics (CG), the object is a 3D model or an
illustration. As another example, when the input data is text
or a document, the content written in the text or the
document is classified by the machine learning model. As
yet another example, when the input data is audio, the
content or the speaker indicated by the audio is classified by
the machine learning model.

In at least one embodiment, there is described a case in
which the machine learning model calculates a feature
amount of the input data, but the feature amount may be
calculated by a program other than the machine learning
model. In such a case, the feature amount is input to the
machine learning model, and therefore the feature amount
corresponds to the input data.

The feature portion is a portion that is a feature of the
input data. In other words, the feature portion is a portion in
which a learned feature appears in the machine learning
model. The feature portion can also be referred to as a
portion focused on by the machine learning model or a
portion to serve as a basis for classification by the machine
learning model. In the input data, only one feature portion
may exist, or a plurality of feature portions may exist.

For example, when the input data is an image or a moving
image, a portion in which a feature of the object (for
example, a shape feature or a color feature) appears corre-
sponds to the feature portion. As another example, when the
input data is text or a document, a portion in which a
distinctive character string (for example, a predetermined
keyword) is described corresponds to a feature portion. As
yet another example, when the input data is audio data, a
portion in which distinctive audio data (for example, a
predetermined waveform) appears corresponds to a feature
portion.

The term “processing” refers to changing or deleting data
content. Processing can also be referred to as “editing”. The
entire feature portion may be processed, or only a part of the
feature portion may be processed. As another example, when
the input data is an image or a moving image, changing a
value such as a pixel value, brightness, or a transparency
level, hiding a part of an area, or cutting out a part of an area
corresponds to the processing. As yet another example,
when the input data is text or a document, changing or
deleting a character string, a table, a diagram, or the like
corresponds to the processing. For example, when the input
data is audio data, changing or deleting a waveform corre-
sponds to the processing.

The processed data is the data generated by processing at
least a part of the feature portion. In other words, the
processed data is the data obtained after the input data has
been processed. Of the processed data, the processed portion
is different from the input data, and the unprocessed portion
is the same as the input data. For example, when the input
data is an image or a moving image, an image or a moving
image obtained by processing at least one pixel corresponds
to the processed data. As another example, when the input
data is text or a document, text or a document obtained by
processing at least one character string corresponds to the
processed data. As yet another example, when the input data
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is audio data, the data obtained by processing at least a part
of the waveform corresponds to the processed data.

The term “data augmentation” refers to increasing the
number of pieces of teacher data. In other words, data
augmentation means augmenting the teacher data, diversi-
fying the teacher data, or padding the teacher data. For
example, generation of new teacher data by using existing
teacher data corresponds to data augmentation. Data aug-
mentation may be performed by adding teacher data to the
teacher data set described later, or by newly generating a
teacher data set different from the existing teacher data set.

The teacher data is data to be used in the machine
learning. The teacher data may also be referred to as
“learning data”. For example, the teacher data is data in
which data having the same format as that of the input data
and a “correct” label (annotation) are paired. In at least one
embodiment, the machine learning model classifies the input
data, and therefore the label is an example of information for
identifying the classification of the input data. For example,
when the input data is an image or a moving image, the
teacher data is data in which the image or the moving image,
and a label indicating the classification of the object are
paired. The teacher data can also be referred to as “input/
output pairs” or “question/answer pairs”. As another
example, when the input data is text or a document, the
teacher data is data in which the text or the document, and
a label indicating the classification of the written content are
paired. As yet another example, when the input data is audio
data, the teacher data is a pair of the audio and a label
indicating the classification of the content or the speaker of
the audio.

In general, in machine learning, learning processing is
executed by using a large number of pieces of teacher data.
In at least one embodiment, a group of the plurality of pieces
of teacher data is referred to as “teacher data set, and each
piece of the data included in the teacher data set is referred
to as “teacher data”. For this reason, the term “teacher data”
as used in at least one embodiment means the above-
mentioned pairs, and the teacher data set means a group of
pairs.

In at least one embodiment, the processing of the data
augmentation system S is described by taking as an example
a case in which the input data is an image and the machine
learning model classifies an object shown in the image. In
the following description, the input data is referred to as
“input image”, and the processed data is referred to as
“processed image”. For this reason, the term “input image”
as used in at least one embodiment can be read as “input
data”, and the term “processed image” can be read as
“processed data”.

For example, the user prepares at least one teacher image
for each classification to be learned. When a machine
learning model for classifying animals such as dogs and cats
is taken as an example, the user prepares teacher data in
which a teacher image in which an animal is photographed
and classification information indicating the classification of
the animal are paired. The classification information may be
any information from which the classification is identifiable,
and may be, for example, an ID for uniquely identifying the
classification, or a character string representing the classi-
fication.

Basically, when there is more teacher data included in the
teacher data set, more kinds of features can be learned by the
machine learning model, and hence the accuracy of the
machine learning model is improved. However, it is very
troublesome and difficult for a user to prepare a large
number of pieces of teacher data by users themselves.
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Therefore, in at least one embodiment, the user prepares
only a certain number (for example, about 10 pieces to 100
pieces) of pieces of teacher data, and the data augmentation
is performed on the data augmentation system S side.

FIG. 2 is a diagram for illustrating an example of the
teacher image included in the teacher data. As illustrated in
FIG. 2, a teacher image I1 includes a dog, which is one of
the classifications to be learned. For example, the user
creates, as the teacher data, a pair of the teacher image 11 and
classification information indicating a dog. The user also
prepares teacher images for other classifications, for
example, cats, and creates pairs of the teacher image and the
classification information as the teacher data.

The user prepares a certain number of pieces of teacher
data to create a teacher data set as described above. For
example, the user operates the user terminal 20 to upload the
teacher data set to the server 10 and cause the server 10 to
learn the machine learning model. At this point, the machine
learning model is learned based on a certain number of
pieces of teacher data, and hence the input image can be
classified with a certain level of accuracy. However, the
number of pieces of teacher data is not very large. The
machine learning model is therefore not particularly accu-
rate, and hence may not be able to learn detailed features.

Therefore, the data augmentation system S acquires a new
teacher image by processing, from among learned teacher
images, the feature portion to serve as the basis for classi-
fication by the machine learning model. The basis for
classification is a portion that is focused on in recognition by
the machine learning model.

In at least one embodiment, there is described a case in
which a CNN is an example of the machine learning model
and a heat map in which the portion to serve as the basis for
classification is visualized is generated. The CNN classifies
the input image, and the heat map is generated by using a
method called Grad-CAM. That is, in at least one embodi-
ment, there is described a case in which means for identi-
fying the input image and means for generating the heat map
are different from each other.

FIG. 3 is a diagram for illustrating an example of the heat
map. Aheat map H of FIG. 3 shows a feature portion to serve
as the basis for classification by the machine learning model
when the teacher image 11 of FIG. 2 is input to the machine
learning model as an input image. For example, the heat map
H is an image having the same size as that of the input
image, and has a darker color when the feature is more
distinctive. In FIG. 3, the color in the heat map H is
schematically represented by halftone dots. As the density of
the halftone dots becomes higher, the color becomes darker,
and as the density of the halftone dots becomes lower, the
color becomes lighter.

In at least one embodiment, the feature portion is a portion
of the heat map H in which the color is a predetermined
darkness or deeper. In the example of FIG. 3, a portion
having the symbol “P” represented by halftone dots is the
feature portion. For example, the feature portion P is near the
nose of the dog illustrated in the teacher image 11, which is
the input image. This means that the feature near the nose of
the dog has been strongly learned by the machine learning
model.

Meanwhile, a color is not displayed in the heat map H for
the ears and the torso of the dog. This means that the features
of the ears and the torso of the dog have not been learned by
the machine learning model. In the current machine learning
model, classification is performed based on only a feature
near the nose of the dog. Therefore, when other features such
as the ears and the torso can be learned, the accuracy of the
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machine learning model can be improved. Therefore, the
data augmentation system S of at least one embodiment
acquires a processed image by processing the teacher image
11 as the input image so that the feature near the nose of the
dog is reduced or disappears.

FIG. 4 is a diagram for illustrating an example of the
processed image. As illustrated in FIG. 4, there is illustrated
a processed image 12 in which the feature portion P of the
teacher image 11, which is the input image, is masked and
the feature near the nose of the dog has disappeared. In the
processed image 12, the feature near the nose has disap-
peared, and hence features such as the ears and the torso
appear relatively strongly. Therefore, when a pair of the
processed image 12 and classification information indicating
a dog is used as new teacher data, features such as the ears
and the torso of the dog can be learned.

As described above, even when the user has not prepared
a new teacher image, the data augmentation system S can
implement efficient data augmentation by acquiring the
processed image 12 based on the existing teacher image 11
and using the acquired processed image 12 as a new teacher
image. In the following description, the data augmentation
system S is described in detail. Further, the reference sym-
bols of the teacher image 11, the processed image 12, and the
like are omitted unless it is particularly required to refer to
the drawings.

3. Functions to be Implemented by Data
Augmentation System

FIG. 5 is a functional block diagram for illustrating an
example of functions to be implemented by the data aug-
mentation system S. As illustrated in FIG. 5, in the data
augmentation system S, a data storage 100, an input module
101, an identification module 102, a processing module 103,
and a data augmenter 104 are implemented. In at least one
embodiment, there is described a case in which each of those
functions is implemented by the server 10.

[3-1. Data Storage]

The data storage 100 is implemented mainly by the
storage 12. The data storage 100 is configured to store the
data required in order to execute the processing described in
at least one embodiment. In this case, a teacher data set DS
and a machine learning model M are described as examples
of the data stored in the data storage 100.

FIG. 6 is a table for showing a data storage example of the
teacher data set DS. As shown in FIG. 6, a plurality of pieces
of teacher data are stored in the teacher data set DS. Each
piece of data is a pair of a teacher image and classification
information. In FIG. 6, the teacher data set DS is shown in
a table format, and each record corresponds to a piece of
teacher data.

In FIG. 6, the classification information is represented by
using character strings such as “dog” and “cat”, but the
classification information may also be represented by using
symbols or numerical values for those objects. The teacher
image corresponds to input (question) to the machine learn-
ing model M, and the classification information corresponds
to output (answer) from the machine learning model M.

In at least one embodiment, before data augmentation is
performed, the teacher data set DS includes only the plu-
rality of pieces of teacher data prepared by the user. Sub-
sequently, when data augmentation is performed by the data
augmenter 104 described later, the teacher data set DS
includes the plurality of pieces of teacher data prepared by
the user and at least one piece of teacher data added by the
data augmentation.
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The data storage 100 stores programs (algorithms) and
parameters of the machine learning model M. In this case,
there is described a case in which a machine learning model
M learned (parameter-adjusted) by the teacher data set DS is
stored in the data storage 100, but a machine learning model
M before learning (before parameter adjustment) may be
stored in the data storage 100.

[3-2. Input Module]

The input module 101 is implemented mainly by the
controller 11. The input module 101 is configured to input an
input image to the machine learning model M performing
recognition. For example, when the input image is input, the
machine learning model M calculates a feature amount of
the input image, classifies the input image based on the
calculated feature amount, and outputs classification infor-
mation indicating the classification to which the input image
belongs. One piece of classification information may be
output, or a plurality of pieces of classification information
may be output.

As described above, in place of outputting classification
information indicating the classification to which the input
image belongs, the machine learning model M may output
a score of each of a plurality of learned classifications. In this
case, the input image belongs to the classification having the
highest score or to the classification having a score equal to
or larger than a threshold value.

The machine learning model M in at least one embodi-
ment is obtained by learning a teacher data set DS including
a plurality of pieces of teacher data, and the input image is
any one of the teacher images included in the teacher data set
DS. That is, the input image is any one of the teacher images
learned by the machine learning model M.

The input module 101 selects any one of the teacher
images to be processed from among the teacher data set DS
stored in the data storage 100, and inputs the selected teacher
image to the machine learning model M as the input image.
For example, the input module 101 may select a teacher
image specified by the user or may randomly select a teacher
image. Further, for example, the input module 101 may
select a teacher image that has not been processed by the
processing module 103, or may select a teacher image in
which the number of acquired processed images is less than
a threshold value.

The input image may be any image input to the machine
learning model M, and may be an image that has not been
learned by the machine learning model M yet. In this case,
of the teacher data set DS, a teacher image that has not yet
been learned may correspond to the input image, or an image
stored separately from the teacher data set DS may corre-
spond to the input image. For example, an image not yet
included in the teacher data set DS may be uploaded from
the user terminal 20 and input as the input image.

[3-3. Identification Module]

The identification module 102 is implemented mainly by
the controller 11. The identification module 102 is config-
ured to identify a feature portion of the input image to serve
as the basis for recognition by the machine learning model
M to which the input image has been input. As described
above, in at least one embodiment, there is described a case
in which the machine learning model M for performing
recognition and the means for generating the heat map H are
separate from each other, and the feature portion is identified
by using a method called Grad-CAM.

In Grad-CAM, a change in gradient is added to any
position in a feature map calculated by the machine learning
model M, and based on the magnitude of the change in the
output generated at that time, an important position to serve
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as the basis for the recognition by the machine learning
model M is identified. This method focuses on the fact that
a position having a large influence on the recognition by the
machine learning model M has a large change in gradient.
For example, the identification module 102 acquires the
recognition result (for example, a classification score) last
output by the machine learning model M, and then generates
the heat map H based on the recognition result and a feature
map, which is an intermediate output of the machine learn-
ing model M.

As the method of generating the heat map H by using
Grad-CAM, 20 a known method can be used, and therefore
details including the mathematical expressions to be used
when the heat map H is generated are omitted here arxiv.org/
abs/1610.02391, “Grad-CAM: Visual Explanations from
Deep Networks via Gradient-Based Localization™). In place
of Grad-CAM, the heat map H may also be generated by
using Grad-CAM++, Guided-Grad-CAM, or Smooth-Grad.

As described above, the identification module 102 iden-
tifies the feature portion based on the recognition result
output from the machine learning model M In at least one
embodiment, the machine learning model M is a model (for
example, CNN) including at least one or more convolutional
layers, and hence the identification module 102 identifies a
feature portion further based on a feature map output from
the convolutional layers. The machine learning model M
may also be a model that does not include a convolutional
layer. In this case, the identification module 102 identifies
the feature portion based on the recognition result output
from the machine learning model M without using a feature
map. For example, when an RNN or a Faster-RNN, which
are mainly used in language analysis and do not include a
convolutional layer, is used as the machine learning model
M, the identification module 102 identifies the feature por-
tion based on the recognition result output from the machine
learning model M.

In FIG. 3, there is illustrated an example of the heat map
H in order to visualize the output of the machine learning
model M. However, the machine learning model M may
output any information corresponding to the heat map H. For
example, the machine learning model M may output a
numerical value indicating the probability (chance) of being
a feature portion for each pixel or area of the input image.
A larger numerical value means that the portion is more
distinctive. The heat map H of FIG. 3 can be referred to as
a representation of this numerical value as an image. The
machine learning model M may also output only coordinate
information indicating the position of a candidate portion,
without particularly outputting a numerical value indicating
the probability.

For example, the identification module 102 identifies, as
the feature portion, a portion of the input image in which the
numerical value indicating a probability as a feature portion
is equal to or larger than a threshold value. For example, in
the example of FIG. 3, of the input image, the identification
module 102 identifies the colored portion in the heat map H
as the feature portion. It is not required that the identification
module 102 identify all of the colored portions as the feature
portions. For example, the portion having the lightest color
may not be identified as being the feature portion, and only
the darkest portion may be identified as being the feature
portion.

The identification method for the feature portion is not
limited to a method using Grad-CAM. A known method can
be applied as the identification method for the feature
portion. For example, when a machine learning model M
capable of identifying a bounding box indicating an area
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having high physical properties is used, the identification
module 102 may identify the inside of the bounding box as
the feature portion.

The identification module 102 may identify a part in the
bounding box as the feature portion in place of identifying
the bounding box as a whole as the feature portion. For
example, the identification module 102 may perform edge
processing in the bounding box to extract the contour lines
of the object, and identify the inside of those contour lines
as the feature portion, or may identify only the area near the
center of the bounding box as the feature portion.

[3-4. Processing Module]

The processing module 103 is implemented mainly by the
controller 11. The processing module 103 is configured to
acquire a processed image by processing at least a part of the
feature portion. The processed image is a separate image
from the input image, and therefore the processed image is
generated (newly created, or renamed and saved) as a
separate image (separate data) from the input image rather
than acquired by overwriting the input image.

For example, there is now described a case in which the
processing module 103 acquires the processed image by
performing mask processing on at least a part of the feature
portion. In mask processing, a specific portion in the image
is extracted (in other words, a specific portion in the image
is hidden). Mask processing may also be referred to as
“masking”. Known image processing may be used for the
mask processing. In this case, there is described an example
in which a mask image (reference image) indicating a
portion to be extracted is used. In at least one embodiment,
there is described a case in which the entire feature portion
is processed, but as in a modification example described
later, only a part of the feature portion may be processed.

For example, the processing module 103 creates a mask
image having the same size as that of the input image. The
mask image is a binary image in which the feature portion
is black and the other portions are white. For example, black
indicates a portion not to be extracted (portion to be
masked), and white indicates a portion to be extracted
(portion not to be masked). When the images of FIG. 2 to
FIG. 4 are taken as an example, the processing module 103
creates a mask image in which the colored area of the heat
map H is black and the non-colored portion is white. The
processing module 103 acquires the processed image 12 by
superimposing the mask image on the teacher image I1,
which is the input image, and extracting only the white
portion of the mask image.

It is not required that the mask image be a binary image.
The mask image may be, for example, a grayscale image or
a color image. The processing by the processing module 103
is not limited to mask processing, and various processing
can be applied. For example, the processing method may be
any processing that reduces the feature of at least a part of
the feature portion or eliminates the feature of at least a part
of the feature portion.

For example, the processing module 103 may acquire the
processed image by performing inpainting processing on at
least a part of the feature portion. In inpainting processing,
an area to be processed is painted with a surrounding color.
Inpainting processing may also be referred to as “image
restoration”. Known image processing may be used for the
inpainting processing. Here, there is described a case of
painting with the color of any pixel in the periphery of the
area to be processed. The word “periphery” as used here
refers to the pixels adjacent to the area to be processed, or
the pixels within a predetermined number of pixels from the
area to be processed.
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In at least one embodiment, there is described a case in
which the entire feature portion is processed. Therefore, for
example, the processing module 103 acquires the colors
(pixel values) of the pixels at the periphery of the feature
portion in the input image. For example, the processing
module 103 acquires the color of any pixel adjacent to the
feature portion or pixels within a predetermined number of
pixels from the feature portion. The processing module 103
acquires the processed image by painting the inside of the
feature portion with the acquired color. The color for paint-
ing the inside of the feature portion is not required to be the
color of one peripheral pixel, and may be a color obtained
by mixing the colors of a plurality of peripheral pixels.
Further, it is not required that the inside of the feature
portion be painted with a single color, and the color may be
changed in accordance with the position. The processing
module 103 may also be configured to paint so as to be in
harmony not only the surrounding color, but also with the
surrounding textures and shapes, for example (so-called
content-based painting).

The processing module 103 may also perform the pro-
cessing by reducing the brightness of at least a part of the
feature portion. As another example, the processing module
103 may perform the processing by increasing the transpar-
ency level of at least a part of the feature portion. As yet
another example, the processing module 103 may perform
the processing by painting at least a part of the feature
portion with a color designated by a user or a color deter-
mined in advance.

The processing module 103 may perform the processing
by blurring at least a part of the feature portion. As another
example, the processing module 103 may perform the pro-
cessing by performing noise processing on at least a part of
the feature portion. As yet another example, the processing
module 103 may perform the processing by mapping a
texture onto at least a part of the feature portion.

[3-5. Data Augmenter]

The data augmenter 104 is implemented mainly by the
controller 11. The data augmenter 104 is configured to
perform data augmentation based on the processed image.
For example, the data augmenter 104 generates teacher data
based on the processed image to perform data augmentation.

In at least one embodiment, the teacher data is a pair of
a teacher image and classification information. Therefore, as
the teacher data, the data augmenter 104 acquires a pair of
a processed image and classification information indicating
the classification of the input image from which the pro-
cessed image is acquired. The classification information
may be classification information output when the input
image is input to the machine learning model M, or may be
classification information stored in the teacher data set DS.

The data augmenter 104 performs the data augmentation
by adding the acquired teacher data to the teacher data set
DS. For example, the data augmenter 104 performs the data
augmentation based on the processed image on which mask
processing has been performed. For example, the data
augmenter 104 performs the data augmentation by acquiring
as the teacher data a pair of the processed image on which
mask processing has been performed and the classification
information, and adding the acquired teacher data to the
teacher data set DS.

As yet another example, the data augmenter 104 performs
the data augmentation based on the processed image on
which inpainting processing has been performed. For
example, the data augmenter 104 performs the data aug-
mentation by acquiring as the teacher data a pair of the
processed image on which inpainting processing has been
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performed and the classification information, and adding the
acquired teacher data to the teacher data set DS.

In place of adding the acquired teacher data to the existing
teacher data set DS, the data augmenter 104 may perform the
data augmentation by newly generating a teacher data set
including the acquired teacher data. For example, a learned
machine learning model may undergo additional learning
based on the newly generated teacher data set. As another
example, an unlearned machine learning model may newly
undergo learning based on the existing teacher data set DS
and the newly generated teacher data set.

4. Processing to be Executed in at Least One
Embodiment

FIG. 7 is a flowchart for illustrating an example of
processing to be executed in the data augmentation system
S. The processing illustrated in FIG. 7 is executed by the
controllers 11 and 21 operating in accordance with programs
stored in the storages 12 and 22. The processing described
below is an example of the processing to be executed by the
functional blocks illustrated in FIG. 5. When the processing
described below is executed, it is assumed that the user has
created a teacher data set DS and uploaded the created
teacher data set DS to the server 10. It is also assumed that
the machine learning model M has already learned the
teacher data set DS.

As illustrated in FIG. 7, first, in the user terminal 20, the
controller 21 transmits a request to execute data augmenta-
tion processing (Step S1). The execution request is issued by
transmitting data having a predetermined format. The execu-
tion request is transmitted when the user performs a prede-
termined operation from the operation device 24. In at least
one embodiment, there is described a case in which all the
teacher images for which a processed image has not yet been
acquired are to be processed. When the user selects a teacher
image for acquiring a processed image, the execution
request may include information for identifying the teacher
image selected by the user. The data augmentation process-
ing may be executed when a predetermined timing has
arrived in place of when instructed to be executed by the
user.

In the server 10, when the execution request is received,
the controller 11 acquires, as an input image, any one of the
teacher images stored in the teacher data set DS (Step S2).
In Step S2, the controller 11 acquires, as an input image, any
one of the teacher images for which a processed image has
not yet been acquired from among the teacher images stored
in the teacher data set DS. Whether or not a processed image
has been acquired is managed based on information such as
the file name and a flag of the teacher image.

The controller 11 inputs the input image to the machine
learning model M (Step S3). In Step S3, when the input
image is input to the machine learning model M, the
machine learning model M calculates a feature amount of
the input image, and outputs classification information indi-
cating the classification of the input image based on the
feature amount.

The controller 11 identifies the feature portion of the input
image by using Grad-CAM (Step S4). In Step S4, the
controller 11 acquires the heat map H based on the classi-
fication result output from the machine learning model M
and a feature map output from the convolutional layers, and
identifies a portion in which the pixel value is within a
predetermined range (colored portion) as the feature portion.

The controller 11 acquires the processed image by per-
forming mask processing on the feature portion identified in
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Step S4 (Step S5). In Step S5, the controller 11 acquires the
processed image by generating a mask image in which the
feature portion is black and the portions other than the
feature portion are white, and superimposing the mask
image on the input image.

The controller 11 determines whether or not to end the
processing (Step S6). In Step S6, the controller 11 deter-
mines whether or not processed images have been acquired
for all of the teacher images. When there is a teacher image
for which a processed image has not yet been acquired, the
controller 11 does not determine that the processing is to be
ended. When processed images have been acquired for all of
the teacher images, the controller 11 determines that the
processing is to be ended.

When it is not determined that the processing is to be
ended (Step S6: N), the processing returns to Step S2, and
the processing of Step S2 to Step S5 is executed through use
of the next teacher image as the input image. Meanwhile,
when it is determined that the processing is to be ended (Step
S6:Y), the controller 11 performs data augmentation based
on the processed image (Step S7), and the processing ends.
In Step S7, the controller 11 acquires, as the teacher data, the
pair of the processed image and the classification informa-
tion and adds the acquired teacher data to the teacher data set
DS.

After the data augmentation in Step S7 has been per-
formed, the server 10 executes the learning of the machine
learning model M based on the teacher data set DS on which
the data augmentation has been performed. For example, the
server 10 adjusts a parameter of the machine learning model
M such that a relationship between the input and the output
of the teacher data included in the teacher data set DS can
be obtained. Various known methods can be used for the
learning itself. For example, a method used in a neural
network or the like may be used.

According to the data augmentation system S described
above, efficient data augmentation can be implemented by
identifying a feature portion to serve as the basis for recog-
nition by the machine learning model M, and acquiring a
processed image by processing at least a part of the feature
portion. When inefficient data augmentation as described in
the related art is performed, a large number of teacher
images are required in order to obtain sufficient learning
accuracy, and hence there is a possibility of increased
memory consumption and longer learning processing time.
In this regard, according to the data augmentation system S,
only teacher images that are effective for learning are
acquired, and this configuration prevents teacher images
having little or no learning effect from being acquired. As a
result, at least one of reduced memory consumption and an
increased learning speed can be effectively implemented.
Further, the server 10 is not required to execute unnecessary
processing, and hence the processing load on the server 10
can also be reduced. As another example, the user is only
required to prepare a certain amount of teacher data first, and
it is not required to prepare a large amount of teacher data.
As a result, the time and effort required by the user can be
reduced. The same applies to cases in which data other than
images is used.

Through execution of mask processing on at least a part
of the feature portion and execution of data augmentation
based on the processed image on which mask processing has
been performed, a feature learned by the machine learning
model M can be masked, and the machine learning model M
can efficiently learn another feature. As a result, the machine
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learning model M can perform classification based on vari-
ous features, and the accuracy of the machine learning
model M can be improved.

Through execution of inpainting processing on at least
apart of the feature portion and execution of data augmen-
tation based on the processed image on which inpainting
processing has been performed, a feature learned by the
machine learning model M can be painted, and the machine
learning model M can efficiently learn another feature. As a
result, the machine learning model M can perform classifi-
cation based on various features, and the accuracy of the
machine learning model M can be improved.

The accuracy of identifying the feature portion can be
further increased by identifying the feature portion based on
the recognition result output from the machine learning
model M and identifying the feature portion by using the
actual recognition result. In addition, the flexibility of the
machine learning model M can be increased by configuring
such that the machine learning model M is separate from the
means for generating the heat map H. As a result, a machine
learning model M meeting the objective of the user can be
applied.

The accuracy of identifying the feature portion can also be
further increased by using a model including a convolutional
layer and identifying the feature portion based further on a
feature map output from the convolutional layer. As a result,
more efficient data augmentation can be implemented, and at
least one of reduced memory consumption and an increased
learning speed can be implemented. In addition, when
Grad-CAM having an improved algorithm is used, the
feature portion can be identified relatively quickly, and
hence the data augmentation processing can be speeded up.
As a result, the processing load on the server 10 can be
reduced.

Further, the existing teacher data set DS can have a richer
variation in content by adding teacher data including the
processed image to the teacher data set DS already learned
in the machine learning model M and performing data
augmentation. As a result, the accuracy of the classification
can be effectively improved.

5. Modification Examples

Aspects of the present invention is not limited to at least
one embodiment described above, and can be modified
suitably without departing from the spirit of the aspects of
the present invention.

(1) For example, in at least one embodiment, there is
described a case in which the entire feature portion is
processed, but only a part of the feature portion may be
processed. The processing module 103 in Modification
Example (1) of the present invention selects a part of the
feature portion as the portion to be processed, and acquires
processed data by processing the selected portion to be
processed. The portion to be processed is, of the feature
portion, the part on which processing is to be performed.
Processing is not performed on portions of the feature
portion other than the portion to be processed.

The portion to be processed may be selected by any
method. In this example, there is described a case in which
the portion to be processed is selected based on a numerical
value indicating the probability of the feature portion. This
numerical value corresponds to a score calculated for each
area in the feature portion. The score is a numerical value
indicating the probability that a portion is a distinctive
portion (portion recognizable by the machine learning model
M), which is different from the probability of belonging to
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a classification. Therefore, this score can be referred to as a
numerical value indicating the strength of the feature.

The processing module 103 selects the portion to be
processed based on the score calculated for each area in the
feature portion. Similarly to at least one embodiment, there
is described a case in which the heat map H is output by
using Grad-CAM. The color indicated by the heat map H
corresponds to a numerical value indicating the probability
of the feature portion, and hence the processing module 103
acquires the processed image by selecting the portion to be
processed based on the color in the heat map H.

FIG. 8 is a diagram for illustrating the processed image 12
in Modification Example (1). There is described here a case
in which the heat map H of FIG. 3 is output when the teacher
image I1 illustrated in FIG. 2 is input to the machine learning
model M as an input image. As illustrated in FIG. 8, the
processing module 103 does not select the whole feature
portion (colored portion in the heat map H), but selects a part
thereof as the portion to be processed. For example, the
processing module 103 selects, as the portion to be pro-
cessed, a portion in which the numerical value indicating the
probability of the feature portion is equal to or larger than a
threshold value.

For example, when it is assumed that the color density is
indicated in five levels in the heat map H, the processing
module 103 selects the portions up to the third level in order
of darker color as the portion to be processed, and does not
select the fourth level and the fifth level as the portion to be
processed. The method of selecting the portion to be pro-
cessed is not limited to the example of FIG. 8, but the
processing module 103 is only required to select a part of the
candidate portion as the portion to be processed. For
example, the processing module 103 may select only the
darkest portion as the portion to be processed, or may select
only the lightest portion as the portion to be processed. The
method of processing the portion to be processed is as
described in at least one embodiment.

In Modification Example (1), more efficient data augmen-
tation can be implemented by selecting a part of the feature
portion as the portion to be processed, and processing the
selected portion to be processed to acquire processed data.
For example, in the feature portion, there may be portions to
be processed and portions not to be processed (portions that
have not yet been learned). In this regard, through process-
ing of only a part of the feature portion rather than process-
ing of the whole feature portion, an unprocessed portion can
be included in new teacher data and learned by the machine
learning model M.

Further, through selection of the portion to be processed
based on a score calculated for each area in the feature
portion, the portions to be processed and the portions not to
be processed can be accurately distinguished from each
other, and the accuracy of the portions to be processed can
be improved. As a result, more efficient data augmentation
can be implemented.

(2) Further, for example, in at least one embodiment and
Modification Example (1), there is described a case in which
one processed image is acquired for one input image, but a
plurality of processed images may be acquired for one input
image. In this case, data augmentation does not occur even
when a plurality of the same processed images are acquired,
and therefore it is assumed that in this case a plurality of
processed images having a different content from each other
are acquired.

The processing module 103 selects a plurality of portions
to be processed that are different from each other, and
acquires a plurality of processed images based on the
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selected plurality of portions to be processed. Each of the
plurality of portions to be processed differs from the other
portions in at least one of position, size, and shape. The
position, size, and shape may all be different from each
other, or only one or two of the position, size, and shape may
be different from each other.

For example, when it is assumed that the color density is
indicated in five levels in the heat map H, the processing
module 103 acquires, for one input image, five processed
images, namely, (a) a processed image in which only the
darkest portion is the portion to be processed, (b) a pro-
cessed image in which the darkest portion and the second
level portion are the portion to be processed, (c) a processed
image in which the darkest portion to the third level portion
is the portion to be processed, (d) a processed image in
which the darkest portion to the fourth level portion is the
portion to be processed, and (e) a processed image in which
all of the candidate portions are the portion to be processed.

As long as a plurality of processed images are acquired,
the processing module 103 in Modification Example (2) of
the present invention is not limited to acquiring five pro-
cessed images. Any number of processed images may be
acquired for one input image, and the number of acquired
images may be two, three, four, or six or more. The
processing module 103 may acquire a predetermined num-
ber of processed images regardless of the input image, or
may determine the number of processed images based on the
input image. For example, the processing module 103 may
determine the number of processed images based on a
distribution of the heat map H. The processing method for
each portion to be processed is as described in at least one
embodiment.

The data augmenter 104 performs data augmentation
based on the plurality of processed images. The data aug-
menter 104 acquires a plurality of pieces of teacher data
corresponding to each of the plurality of processed images,
and performs data augmentation based on the acquired
pluralities of pieces of teacher data. The method of creating
each piece of teacher data is as described in at least one
embodiment. The data augmentation method is different
from that of at least one embodiment only in that the
processing is performed on the plurality of pieces of teacher
data, and the other points are the same as those in at least one
embodiment.

According to Modification Example (2), the variations of
the teacher data can be effectively increased by performing
the data augmentation by selecting a plurality of portions to
be processed that are different from each other and acquiring
a plurality of pieces of processed data based on the selected
plurality of portions to be processed. As a result, the accu-
racy of the machine learning model M can be effectively
improved.

(3) Further, for example, in Modification Example (2),
there is described a case in which a plurality of portions to
be processed is selected based on the color density of the
heat map H, but the processing module 103 may randomly
select the plurality of portions to be processed from among
the feature portion. In this case, the number of portions to be
processed may be a fixed value or a variable value. When the
number of portions to be processed is a variable value, the
number of portions to be processed may be determined
based on the input image.

FIG. 9 is a diagram for illustrating how the portions to be
processed are randomly selected. For simplicity of descrip-
tion, a candidate portion of the teacher image 12 as the input
image is set as a bounding box B. As illustrated in FIG. 9,
the processing module 103 randomly selects at least a part
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in the bounding box B as the portions to be processed. As
indicated by reference symbols B1 to Bn (n is an integer of
2 or more, and is the total number of acquired processed
images) of FIG. 9, the portions to be processed are selected
such that at least one of their position, size, and shape is
different from each other. In the reference symbols B1 to Bn,
the portion to be processed is indicated by the dark hatching.

For example, the processing module 103 randomly selects
at least one of the position, size, and shape of a portion to be
processed. The processing module 103 generates a random
number based on a random number generation function, and
determines at least one of the position, size, and shape of the
portion to be processed based on the generated random
number. The relationship between the random number and
the portion to be processed may be defined in a program
code for selecting the portions to be processed, or may be
defined as data having a format of a table or mathematical
expression. The processing module 103 then repeatedly
generates random numbers until a predetermined number of
portions to be processed is selected, and determines at least
one of the position, size, and shape of the portions to be
processed. The random numbers are generated by using the
current time, for example, and the values are different each
time a random number is generated.

According to Modification Example (3) of the present
invention, through randomly selecting a plurality of portions
to be processed from among the feature portion, a plurality
of portions to be processed that are different from each other
can be selected based on relatively simple processing, and
the processing load on the server 10 can be reduced. Further,
even for a machine learning model M that does not calculate
a numerical value indicating the probability of a feature
portion, a plurality of portions to be processed can be
selected, to thereby allow efficient data augmentation to be
implemented.

(4) Further, for example, when the identification module
102 has identified a plurality of feature portions, the pro-
cessing module 103 may acquire a plurality of processed
images based on the plurality of feature portions, and the
data augmenter 104 may perform data augmentation based
on the plurality of processed images. The data augmentation
method based on the plurality of processed images is as
described in Modification Example (2).

FIG. 10 is a diagram for illustrating an example of the heat
map H when a plurality of feature portions are present in the
input image. As illustrated in FIG. 10, when colored feature
portions P1 and P2 are present in the heat map H, the
processing module 103 processes those feature portions and
acquires a processed image for each feature portion. In other
words, the processing module 103 acquires processed
images in which different portions of the plurality of feature
portions have been processed.

For example, the processing module 103 may acquire a
first processed image obtained by performing mask process-
ing only on the feature portion P1, and acquire a second
processed image obtained by performing mask processing
only on the feature portion P2. Further, for example, in
addition to those processed images, the processing module
103 may acquire a third processed image obtained by
performing mask processing on the two feature portions P1
and P2.

According to Modification Example (4) of the present
invention, the variations of the teacher data can be effec-
tively increased by acquiring a plurality of processed images
based on a plurality of feature portions. As a result, the
accuracy of the machine learning model M can be effectively
improved.
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(5) Further, for example, in at least one embodiment, there
is described a case in which the means for classifying the
input image and the means for generating the heat map H are
separate from each other. However, those means may be
integrated. That is, the machine learning model M may
include both of those means.

In Modification Example (5) of the present invention,
class activation mapping (CAM) is described as an example
of'the machine learning model M. In CAM, a global average
pooling (GAP) layer is provided as a final layer, and the
GAP layer outputs both the classification result of the input
image and the heat map H. The GAP layer generates the heat
map H by calculating an average value by convoluting a
feature map filter and giving a value obtained by multiplying
the calculated average value by a predetermined weighting
to a softmax function. The heat map H is an example of an
activation map, and may be an activation map referred to as
another name.

As the method of generating the heat map H by using
CAM, a known method can be used, and therefore details
including the mathematical expressions in CAM arxiv.org/
abs/1512.04150, “Learning Deep Features for 20 Discrimi-
native Localization) are omitted here. In addition to CAM,
the machine learning model M itself may have a function of
generating the heat map H, such as in YOLO or SSD.

As described above, the machine learning model M of
Modification Example (5) outputs a recognition result and a
heat map H for the recognition result. The identification
module 102 identifies the feature portion based on the heat
map H output from the machine learning model M. For
example, the identification module 102 acquires a heat map
H in which the activation map is visualized, and identifies a
colored portion as a feature portion.

According to Modification Example (5), the accuracy of
recognizing the feature portion can be increased by provid-
ing the function of outputting the heat map H in the machine
learning model M itself. For example, when CAM having an
improved algorithm is used, the feature portion can be
identified relatively quickly, and hence the data augmenta-
tion processing can be speeded up. As a result, the process-
ing load on the server 10 can be reduced.

(6) Further, for example, the modification examples
described above may be combined.

Further, for example, the processing module 103 may cut
out only the feature portion from the input image and acquire
a processed image by processing the cut-out part. As another
example, the processing module 103 may acquire the pro-
cessed image by cutting out the portion other than the feature
portion in the input image. As yet another example, the
processing module 103 may determine the number of pro-
cessed images to be acquired based on the heat map H. For
example, when the distribution of the heat map H extends
over a wide range or the color of the heat map H changes
drastically, there may be many features present in the input
image, and therefore more processed images may be created
and more features may be learned.

Further, for example, there have been described cases in
which the input data is an image. However, even when the
input data has another format, data augmentation may be
implemented by executing the processing described in at
least one embodiment and the modification examples. For
example, when the input data is a moving image, the data
augmentation system S performs the data augmentation by
executing the processing described in at least one embodi-
ment and the modification examples on at least one image
included in the moving image. As another example, when
the input data is text or a document, the data augmentation



US 11,436,436 B2

19

system S may identify a character string indicating a feature
portion from the text or the document, delete the character
string or replace the character string with another character
string, and acquire the resultant text or document as pro-
cessed data. As yet another example, when the input data is
audio data, the data augmentation system S may identify a
waveform indicating the feature portion from the audio data,
delete the waveform or reduce the amplitude, and acquire
the resultant audio data as processed data.

There has been described a case in which the main
functions are implemented by the server 10, but each func-
tion may be shared by a plurality of computers. For example,
functions may be shared between the server 10 and the user
terminal 20. For example, the processing by the machine
learning model M may be executed by the user terminal 20
in place of the server 10. Further, for example, when the data
augmentation system S includes a plurality of server com-
puters, the functions may be shared by those plurality of
server computers. In addition, for example, the data
described as being stored in the data storage 100 may be
stored by a computer other than the server 10. While there
have been described what are at present considered to be
certain embodiments of the present invention, it will be
understood that various modifications may be made thereto,
and it is intended that the appended claims cover all such
modifications as fall within the true spirit and scope of the
embodiments.

What is claimed is:

1. A data augmentation system, comprising:

at least one processor,

at least one memory, the memory having instructions

stored thereon which causes the at least one processor
to:

input, to a machine learning model configured to perform

recognition, input data;

identify a feature portion of the input data to serve as a

basis for recognition by the machine learning model in
which the input data is used as input;

acquire processed data by processing at least a part of the

feature portion; and

perform data augmentation based on the processed data.

2. The data augmentation system according to claim 1,
wherein the memory having instructions stored thereon
further causes the at least one processor to:

select a part of the feature portion as a portion to be

processed; and

acquire the processed data by processing the selected

portion to be processed.

3. The data augmentation system according to claim 2,
wherein the memory having instructions stored thereon
further causes the at least one processor to select the portion
to be processed based on a score calculated for each area in
the feature portion.

4. The data augmentation system according to claim 2,
wherein the memory having instructions stored thereon
further causes the at least one processor to:

select a plurality of portions to be processed that are

different from each other;

acquire a plurality of pieces of processed data based on

the selected plurality of portions to be processed; and
perform the data augmentation based on the plurality of
pieces of processed data.

5. The data augmentation system according to claim 4,
wherein the memory having instructions stored thereon
further causes the at least one processor to randomly select
from the feature portion the plurality of portions to be
processed.
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6. The data augmentation system according to claim 1,
wherein the memory having instructions stored thereon
further causes the at least one processor to:

identify a plurality of feature portions;

acquire a plurality of pieces of processed data based on

the plurality of feature portions; and

perform the data augmentation based on the plurality of

pieces of processed data.

7. The data augmentation system according to claim 1,

wherein the input data is an input image to be input to the

machine learning model, and

wherein the memory having instructions stored thereon

further causes the at least one processor to:

identify a feature portion of the input image;

acquire a processed image by processing at least a part of

the feature portion; and

perform the data augmentation based on the processed

image.
8. The data augmentation system according to claim 7,
wherein the memory having instructions stored thereon
further causes the at least one processor to:
acquire the processed image by performing mask process-
ing on at least a part of the feature portion; and

perform the data augmentation based on the processed
image on which the mask processing has been per-
formed.
9. The data augmentation system according to claim 7,
wherein the memory having instructions stored thereon
further causes the at least one processor to:
acquire the processed image by performing inpainting
processing on at least a part of the feature portion; and

perform the data augmentation based on the processed
image on which the inpainting processing has been
performed.

10. The data augmentation system according to claim 1,
wherein the memory having instructions stored thereon
further causes the at least one processor to identify the
feature portion based on a result of the recognition output
from the machine learning model.

11. The data augmentation system according to claim 10,

wherein the machine learning model is a model including

at least one or more convolutional layers, and
wherein the memory having instructions stored thereon
further causes the at least one processor to identify the
feature portion further based on a feature map output
from the at least one or more convolutional layers.

12. The data augmentation system according to claim 1,

wherein the machine learning model is configured to

output a result of the recognition and an activation map
for the result of the recognition, and

wherein the memory having instructions stored thereon

further causes the at least one processor to identify the
feature portion based on the activation map.

13. The data augmentation system according to claim 1,

wherein the machine learning model has a teacher data set

including a plurality of pieces of teacher data learned
therein,

wherein the input data is included in the teacher data set,

and

wherein the memory having instructions stored thereon

further causes the at least one processor to perform the
data augmentation by adding teacher data including the
processed data to the teacher data set.

14. The data augmentation system according to claim 1,
wherein the memory having instructions stored thereon
further causes the at least one processor to generate a heat
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map from the input data using a Grad-CAM method, and
wherein the heat map is used to identify the feature portion.
15. A data augmentation method, comprising:
inputting, to a machine learning model configured to
perform recognition, input data; 5
identifying a feature portion of the input data to serve as
a basis for recognition by the machine learning model
in which the input data is used as input;
acquiring processed data by processing at least a part of
the feature portion; and 10
performing data augmentation based on the processed
data.
16. Anon-transitory information storage medium having
stored thereon a program for causing a computer to:
input, to a machine learning model configured to perform 15
recognition, input data;
identify a feature portion of the input data to serve as a
basis for recognition by the machine learning model in
which the input data is used as input;
acquire processed data by processing at least a part of the 20
feature portion; and
perform data augmentation based on the processed data.

#* #* #* #* #*
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