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IMAGE RECOGNITION METHOD, IMAGE
RECOGNITION DEVICE, AND RECORDING

MEDIUM
BACKGROUND
[0001] 1. Technical Field
[0002] The present disclosure relates to an image recogni-

tion method, an image recognition device, and a recording
medium.

[0003] 2. Description of the Related Art

[0004] In recent years, there are demands for high-speed
and high-precision recognition of a variety of objects using an
image recognition technique for recognizing what is in an
image and where it is in the image. For example, Japanese
Unexamined Patent Application Publication No. 2014-49118
discloses an image recognition technique that enables high-
precision image recognition by using a plurality of convolu-
tional neural network classifiers (hereinafter referred to as
classifiers).

SUMMARY

[0005] Inone general aspect, the techniques disclosed here
feature an image recognition method performed by a com-
puter of an image recognition device, including: receiving an
image; acquiring processing result information including val-
ues of processing results of convolution processing at posi-
tions of a plurality of pixels that constitute the image by
performing the convolution processing on the image by using
different convolution filters; determining 1 feature for each of
the positions of the plurality of pixels on the basis of the
values of the processing results of the convolution processing
at the positions of the plurality of pixels included in the
processing result information and outputting the determined
feature for each of the positions of the plurality of pixels;
performing recognition processing on the basis of the deter-
mined feature for each of the positions of the plurality of
pixels; and outputting recognition processing result informa-
tion obtained by performing the recognition processing.
[0006] According to the present disclosure, it is possible to
provide an image recognition method and the like that enables
high-speed and high-precision image recognition.

[0007] It should be noted that general or specific embodi-
ments may be implemented as a system, an integrated circuit,
a computer program, a computer-readable storage medium
such as a CD-ROM, or any selective combination thereof.
[0008] Additional benefits and advantages of the disclosed
embodiments will become apparent from the specification
and drawings. The benefits and/or advantages may be indi-
vidually obtained by the various embodiments and features of
the specification and drawings, which need not all be pro-
vided in order to obtain one or more of such benefits and/or
advantages.

BRIEF DESCRIPTION OF THE DRAWINGS

[0009] FIG.1is a block diagram illustrating an example of
a configuration of a classification system according to an
embodiment;

[0010] FIG. 2 is a block diagram illustrating an example of
a configuration of a classifier according to the embodiment;
[0011] FIG. 3 is a block diagram illustrating an example of
a configuration of a convolution processing unit according to
the embodiment;
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[0012] FIG. 4 is a diagram illustrating an example of pro-
cessing results of the convolution processing unit according
to the embodiment;

[0013] FIG. 5 is a diagram illustrating an example of sub-
sampling in a subsampling unit according to the present
embodiment;

[0014] FIG. 6 is a flow chart for explaining operation of the
classifier according to the embodiment;

[0015] FIG. 7isaflow chartillustrating details of the opera-
tion of FIG. 6;
[0016] FIG. 8A is a diagram for explaining convolution

processing in the second and subsequent layers;

[0017] FIG. 8B is a diagram for explaining convolution
processing in the second and subsequent layers;

[0018] FIG. 9 is a diagram illustrating an example of a
classification system according to a comparative example;
[0019] FIG. 10 is a block diagram illustrating a configura-
tion of a classifier according to the comparative example;
[0020] FIG. 11 is a diagram illustrating algorithm func-
tional blocks for recognition processing in the classification
system according to the comparative example;

[0021] FIG. 12 is a flow chart for explaining recognition
processing performed by the classification system according
to the comparative example;

[0022] FIG. 13A is a diagram for explaining an example of
a mode for providing a service by using a server;

[0023] FIG. 13B is a diagram for explaining an example of
a mode for providing a service by using a server;

[0024] FIG. 13C is a diagram for explaining an example of
a mode for providing a service by using a server;

[0025] FIG. 14 is a diagram for explaining an example of a
service type;

[0026] FIG. 15 is a diagram for explaining an example of a
service type;

[0027] FIG. 16 is a diagram for explaining an example of a
service type; and

[0028] FIG. 17 is a diagram for explaining an example of a
service type.

DETAILED DESCRIPTION

Underlying Knowledge Forming Basis of the Present
Disclosure

[0029] The conventional technique has a problem that pro-
cessing speed is low although high-precision image recogni-
tion is possible.

[0030] The image recognition technique generally includes
two stages: (i) processing for extracting features from an
image and (ii) processing for determining an object on the
basis of the features. For example, in the feature extraction
processing, convolution processing is performed, in which
features, such as a distribution of luminance and a difference
in luminance (edge), used for recognition are extracted from
a recognition target object in an image. For example, in the
determination processing, it is determined on the basis of the
features extracted in the convolution processing whether or
not the object is a recognition target by using a statistical
machine learning method such as Boosting or SVM (Support
Vector Machine).

[0031] Conventionally, a feature extraction filter (convolu-
tion filter) used in convolution processing is designed manu-
ally. In recent years, as a result of an improvement in photo-
graphic environments, realization of collection of a large
volume of learning data over the Internet, and an improve-
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ment in infrastructure for large-scale calculators such as
CPUs, methods for automatically design a feature extraction
filter are being studied. Such methods are collectively called
Deep Learning. In particular, in the field of image recogni-
tion, a convolutional neural network in which a feature
extraction filter is regarded as convolution processing for a
two-dimensional image is being studied as a Deep Learning
technique. Among Deep Learning techniques, the convolu-
tional neural network is compatible with image recognition
and can improve precision while reducing the number of
parameters.

[0032] However, resolution of a feature extraction filter
(hereinafter also referred to as a convolution filter) used in a
conventional convolutional neural network is a fixed value set
by auser. This results in a problem that it is difficult to extract
effective features that can be used for recognition from a
recognition target object in a learning image if there is a large
difference between resolution of a characteristic region of the
learning image and resolution set by a user. A technical solu-
tion to such a problem has not been considered yet.

[0033] The present disclosure provides an image recogni-
tion method, an image recognition device, and a recording
medium that enables high-speed and high-precision image
recognition.

[0034] An image recognition method according to one
aspect of the present disclosure is an image recognition
method performed by a computer of an image recognition
device, including: receiving an image; acquiring processing
result information including values of processing results of
convolution processing at positions of a plurality of pixels
that constitute the image by performing the convolution pro-
cessing on the image by using different convolution filters;
determining 1 feature for each of the positions of the plurality
of'pixels on the basis of the values of the processing results of
the convolution processing at the positions of the plurality of
pixels included in the processing result information and out-
putting the determined feature for each of the positions of the
plurality of pixels; performing recognition processing on the
basis of the determined feature for each of the positions of the
plurality of pixels; and outputting recognition processing
result information obtained by performing the recognition
processing.

[0035] Since information useful for recognition can be
selectively used for each of positions of a plurality of pixels
included in an input image from among a plurality of pro-
cessing results calculated by performing convolution pro-
cessing in parallel by using different convolution filters, it is
possible to not only achieve high-speed image recognition,
but also improve the precision of the image recognition.
[0036] It is therefore possible to provide an image recogni-
tion method that enables high-speed and high-precision
image recognition.

[0037] Furthermore, for example, the image recognition
method may be arranged such that the convolution processing
using the different convolution filters is convolution process-
ing that is performed on the image by using a plurality of
convolution filters that are different in resolution or scale
parameter.

[0038] According to the arrangement, convolution process-
ing is performed by using convolution filters that are different
in resolution or scale parameter (filter size). It is therefore
possible to extract features eftective for recognition even in a
case where resolution of a characteristic region varies from
one input image to another.
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[0039] Furthermore, for example, the image recognition
method may be arranged such that the convolution processing
using the different convolution filters includes first convolu-
tion processing that is performed on the image by using a
convolution filter having first resolution and a second convo-
Iution processing that is performed on the image by using a
convolution filter having second resolution higher than the
first resolution.

[0040] According to the arrangement, convolution process-
ing is performed by using two different convolution filters
that are different at least in resolution. It is therefore possible
to extract features effective for recognition even in a case
where resolution of a characteristic region varies from one
input image to another.

[0041] Furthermore, for example, the image recognition
method may be arranged such that the convolution processing
using the different convolution filters is convolution process-
ing that is performed on the image by using convolution filters
that are different in color to be processed.

[0042] According to the arrangement, convolution process-
ing is performed by using convolution filters that are different
in color to be processed in order to distinguish objects on the
basis of a difference in color. It is therefore possible to extract
features effective for recognition evenina case where color of
a characteristic region varies from one input image to another.

[0043] Furthermore, for example, the image recognition
method may be arranged such that in the outputting the deter-
mined feature for each of the positions of the plurality of
pixels, 1 feature for the position is determined by selecting, as
the feature at the position, a maximum value among the
values of the plurality of processing results at the position,
and the determined feature for the position is output.

[0044] Furthermore, for example, the image recognition
method may be arranged such that in the outputting the deter-
mined feature for each of the positions of the plurality of
pixels, 1 feature for the position is determined by calculating
a median or an average of the values of the plurality of
processing results at the position and determining the calcu-
lated value as the feature at the position, and the determined
feature at the position is output.

[0045] According to the arrangement, a maximum value, a
median, or an average of values (output values) of processing
results corresponding to each of the positions of pixels
included in a plurality of pieces of processing result informa-
tion obtained by performing convolution processing in paral-
lel by using different convolution filters can be used as a
feature corresponding to the position of the pixel. This makes
it possible to select an appropriate feature in accordance with
a target in an input image, thereby improving the precision of
image recognition.

[0046] Furthermore, for example, the image recognition
method may be arranged such that in the outputting the deter-
mined feature for each of the positions of the plurality of
pixels, subsampling processing for determining, for each
region including a plurality of adjacent pixels, any of the
features at positions of the plurality of pixels included in the
region as a representative feature representing the region; and
the recognition processing is performed on the basis of the
representative feature determined in the subsampling pro-
cessing.

[0047] According to the arrangement, tolerance to position
deviation of an input image and size deviation of an input
image can be improved.
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[0048] Furthermore, for example, the image recognition
method may be arranged such that in the subsampling pro-
cessing, a feature whose value is largest among the features at
the positions of the plurality of pixels included in the region is
determined as the representative feature.

[0049] Furthermore, for example, the image recognition
method may be arranged such that at least one of the receiving
the image, the acquiring the processing result information,
the outputting the feature for each of the positions of the
plurality of pixels, and the performing the recognition pro-
cessing and outputting the recognition processing result
information is performed by a processor provided in the com-
puter of the image recognition device. Furthermore, for
example, at least one of the receiving the image, the acquiring
the processing result information, the determining the 1 fea-
ture for each of the positions of the plurality of pixels and the
outputting the feature for each of the positions of the plurality
of pixels, the performing the recognition processing and out-
putting the recognition processing result information may be
performed by a processor provided in the computer of the
image recognition device.

[0050] An image recognition device according to one
aspect of the present disclosure includes an image input unit
that receives an image; a convolution processor that acquires
processing result information including values of processing
results of convolution processing at positions of a plurality of
pixels that constitute the image by performing the convolu-
tion processing on the image by using different convolution
filters, determines 1 feature for each of the positions of the
plurality of pixels on the basis of the values of the processing
results of the convolution processing at the positions of the
plurality of pixels included in the processing result informa-
tion, outputs the determined feature for each of the positions
of the plurality of pixels; a recognition processor that per-
forms recognition processing on the basis of the feature for
each of the positions of the plurality of pixels that is output by
the convolution processor; and a recognition result output
unit that outputs recognition processing result information
obtained by performing the recognition processing in the
recognition processor.

[0051] Furthermore, for example, the image recognition
device may be arranged such that at least one of the image
input unit, the convolution processor, the recognition proces-
sor, and the recognition result output unit includes a proces-
sor.

[0052] The embodiment described below is a specific
example of the present disclosure. That is, numerical values,
shapes, materials, constituent elements, steps, the order of
steps, and the like described in the embodiment below are
examples of the present disclosure and do not limit the present
disclosure. Among the constituent elements in the embodi-
ment below, constituent elements that are not described in the
independent claims that show highest concepts of the present
disclosure are described as optional constituent elements. The
contents in all of the embodiments can be combined.

Embodiment

[0053] First, an image recognition method and the like
according to a comparative example are described, and then
an image recognition method and the like according to the
present embodiment are described with reference to the draw-
ings.
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Configuration of Classification System 900

[0054] FIG. 9 is a diagram illustrating an example of a
classification system 900 according to the comparative
example.

[0055] The classification system 900 illustrated in FIG. 9
includes a plurality of classifiers (a classifier 904, a classifier
904, and a classifier 90N). Upon receipt of a classification
target (an image to be subjected to recognition processing),
the classification system 900 performs classification process-
ing (recognition processing) by using the plurality of classi-
fiers and outputs a result of the classification processing (clas-
sification result, recognition processing result).

[0056] The plurality of classifiers are convolutional neural
network classifiers that are the same. Each of the plurality of
classifiers includes 1 convolution filter (feature extraction
filter) for convolution. Setting values (filter coefficients) of
these filters are learned in advance in learning processing that
will be described later.

[0057] Since the classifier 90a, the classifier 905, and the
classifier 90N that constitute the classification system 900
illustrated in FIG. 9 are the same, a configuration of the
classifier 90qa is described below as a representative.

[0058] FIG. 10 is a block diagram illustrating the configu-
ration of the classifier 90a according to the comparative
example.

[0059] As illustrated in FIG. 10, the classifier 90a includes
an image input unit 91 that reads an image (input image), a
convolution processing unit 92 that performs convolution
processing on the input image, a subsampling unit 93 that
performs subsampling processing, a recognition processing
unit 94 that performs recognition processing, and a recogni-
tion result output unit 95 that outputs a recognition result.
Note that the number of times of the convolution processing
and the number of times of the subsampling processing are set
to any values depending on the resolution of the input image,
the type or complexity of a classification target (recognition
processing target), the number of classifications (the number
of recognition targets), or the like. For example, in a case
where the classifier 90a detects a frontal human face in an
image, the number of times of the convolution processing can
be small, but in a case where, for example, dogs of a variety of
types need be recognized, the number of times of the convo-
Iution processing need be larger than that in the case of a
frontal human face.

Operation of Classification System 900

[0060] Next, recognition processing of the classification
system 900 according to the classification example is
described. Recognition Processing

[0061] FIG. 11 is a diagram illustrating algorithm func-
tional blocks of the recognition processing in the classifica-
tion system 900.

[0062] Inimagerecognitionperformedby the classification
system 900 by using the plurality of classifiers, recognition
processing is performed by using an input layer 901, an
intermediate layer 902 made up of a convolution processing
layer 903 and a subsampling layer 904, and an output layer
905. A sequence of pixel values of an input image is input to
the input layer 901. The number of intermediate layers 902 is
not limited to 1 and may be more than 1. In the example
illustrated in FIG. 11, only 1 intermediate layer 902 is
described for simplification of description. Convolution pro-
cessing is performed in the convolution processing layer 903,
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and subsampling processing is performed in the subsampling
layer 904. In the intermediate layer 902, the subsampling
processing is performed after the convolution processing in
many cases. However, the convolution processing may be
performed after the subsampling processing. The output layer
905 outputs a label of a recognition result, The label of the
recognition result indicates a recognition target object, such
as a dog or a cat, in the input image.

[0063] In the convolution processing layer 903, convolu-
tion processing is performed on a two-dimensional image. A
filter coefficient of a convolution filter (feature extraction
filter) used in the convolution processing is learned in
advance in learning processing that will be described later.
That is, a coefficient found in the learning processing by using
a set of image and label whose correspondence is known (a
learning image and a label) is used as the filter coefficient.
[0064] FIG. 12 is a flow chart for explaining recognition
processing performed by the classification system 900.
[0065] Hereinafter, it is assumed that the classification sys-
tem 900 includes N classifiers (the classifier 904, the classifier
905, and the classifier 90N),

[0066] First, the classification system 900 reads an input
image (S91) and performs predetermined preprocessing on
the input image (S92) in the input layer 901. The predeter-
mined preprocessing is processing for uniforming a variation
between input images, for example, subtracting an average of
input images from the input image.

[0067] Next, the classification system 900 performs convo-
Iution processing in the convolution processing layer 903
(S93).

[0068] Specifically, the classification system 900 performs
the convolution processing in the convolution processing
layer 903 (S93) as follows. A convolution result (Conv (Img,
F(n), i, j) in a pixel (i, j) can be calculated by using the
following formula 1:

Conv(Img, F(n), i, j) = formula 1

D00 D imgfw i fht j, pYXF(fws i p)
p fm o fw

[0069] where Img is the input image, and F(n) is a convo-
Iution filter of an n-th (n is any integer in a range from 1 to N)
classifier 907 (the total number of convolution filters is N).

[0070] Inthe formula 1,1and j represent an i-th pixel and a
j-th pixel of the input image, respectively, and p represents a
color of a p-th pixel (for example, in the case of an ROB
image, R in a case where p=0, G in a case where p=1, and B
in a case where p=2). The classification system 900 can obtain
a convolution processing result using F(n), which is the con-
volution filter of the n-th classifier 90#, by performing the
convolution processing using the formula 1 on all pixels of
Img while changing the values of 1 and j. That is, the classi-
fication system 900 can obtain a convolution processing
result using the n-th classifier 90x.

[0071] Since the classification system 900 includes N clas-
sifiers (the classifier 90a, the classifier 904, and the classifier
90N) as described above, the number of convolution filters is
N. Accordingly, the classification system 900 performs con-
volution processing on 1 image (input image) by using N
convolution filters and therefore obtains N convolution pro-
cessing results.
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[0072] Next, the classification system 900 performs sub-
sampling processing in the subsampling layer 904 (S94). The
subsampling processing is processing for performing, for
each specific region (is, js), subsampling with respect to each
of'the N convolution processing results that are output by the
convolution processing layer 903 by a predetermined stan-
dard sb. For example, in a case where a maximum value in a
2x2 region including a pixel (0, 0) is selected by subsampling,
the maximum pixel value is selected as a representative value
of four pixels in the 2x2 region.

[0073] Such a method of selecting a maximum value by
subsampling is called Max-pooling. The sampling method is
not limited to a maximum value and can use an average. A
method of selecting an average by subsampling is called
Average-pooling. By performing subsampling, (i) the amount
of information can be reduced, and (i) tolerance to position
deviation in an xy direction of the input image can be
improved in recognition.

[0074] After S94 (subsampling processing), the classifica-
tion system 900 determines whether or not to finish the pro-
cessing in the intermediate layer 902 in accordance with the
number of times of the processing in S93 (convolution pro-
cessing) and the number of times of the processing in S94
(subsampling processing), i.e., the number of times of pro-
cessing in the intermediate layer 902 (S95). This is because,
by repeating the processing in S93 and S94 predetermined
times, features can be extracted from an input image by con-
volution processing, and features effective for identification
of an object can be extracted by subsampling of the data
(features).

[0075] In a case where it is determined in S95 that the
processing in the intermediate layer 902 is not finished (No in
S95), the classification system 900 returns to S93, in which
the convolution processing in the convolution processing
layer 903 is performed again. Then, in a case where the
subsampling layer 904 exists after the convolution processing
in the convolution processing layer 903, the subsampling
processing is performed again,

[0076] Meanwhile, in a case where it is determined in S95
that the processing in the intermediate layer 902 is finished
because the convolution processing and the subsampling pro-
cessing have been performed predetermined times (Yes in
S95), the classification system 900 performs recognition pro-
cessing in the output layer 905 (S96) and supplies a result of
the recognition processing (recognition result) to an outside
(S97).

[0077] The following describes recognition processing
(classification processing) for recognizing what an object in
the input image is. Recognition Processing

[0078] Forexample, the classification system 900 performs
recognition processing for recognizing which of predeter-
mined 10 types an object in the input image is. In this case, in
the output layer 905, the classification system 900 supplies, to
an outside, a result (recognition result) in which one of 10
variables (object labels) is 1 and the other variables are 0 in
accordance with the input image.

[0079] Next, a specific output method in the output layer
905 in the recognition processing is described.

[0080] The outputlayer 905 outputs certainty of the label of
the object in the input image by a Softmax method ora SVM
method by using the features extracted (calculated) by the
intermediate layer 902.

[0081] For example, the Softmax method is realized as
follows. Specifically, in an example in which k objects are
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recognized, assume that vectors of k variables that are true
values are Tr [0], Tr [1] . .., Tr [k-1], and vectors of k outputs
of'the output layer are 8[0], 6[1], . . . and 6[k-1]. In this case,
a Softmax value of a label j can be calculated by the following
formula 2. It can be determined which label a recognized
object has on the basis of the calculated Softmax value.

it formula 2

Softmax(j) =

k .
L)
=1

[0082] In this way, the classification system 900 can per-
form recognition processing of an object in an input image by
using a plurality of classifiers each including a convolution
filter having a filter coefficient learned in advance in learning
processing. Learning Processing

[0083] Next, learning processing is described.

[0084] Filter coefficients of convolution filters of a plurality
of classifiers used in recognition processing are learned in
advance in learning processing using a large amount of learn-
ing data as described above.

[0085] A stochastic gradient decent method is known as a
method for learning a filter coefficient.

[0086] First, a gradient decent method, which is a basic
form of the stochastic gradient decent method, is described. It
is assumed that a true value of output is given by a user in a
learning image. In this case, in the gradient decent method,
filter coefficients are modified in the order from a filter coet-
ficient close to the output layer toward the front side on the
basis of an error between the true value and an output value in
recognition processing.

[0087] Meanwhile, in the stochastic gradient decent
method, filter coefficients are modified by using an accumu-
lated error obtained by performing recognition processing in
some images instead of performing the filter coefficient modi-
fication processing for each image. In the case where filter
coefficients are modified for each image, there is a possibility
that the modified values fluctuate. However, the method of
obtaining modified values by using results obtained from a
plurality of images has an advantage of reducing unbalance
and fluctuation in learning.

[0088] The formula3 is a formula for modifying filter coet-
ficients. In the formula 3, Loss is a function for obtaining an
accumulated error, y is a learning ratio, W is a vector of filter
coefficients, the variable in is input, and the variable true is a
true value. An error may be calculated by any method such as
a method using a square error or a cross entropy error. Use of
the formula 3 allows the filter coefficients to be updated by
using differentiation of the error and the filter coefficients.
Note that the learning ratio , is weight that determines how
much the error is updated one time and is determined by a user
depending on a learning target.

d i formula 3
wW=w —’}/WLOSS(F(W, in), true)

[0089] By repeatingupdate of the filter coefficients through
comparison between the input image and the true value, it is
possible to calculate filter coefficients used to easily recog-
nize the input image.
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[0090] Filter coefficients with high generalization ability
can be obtained by performing the learning by using a large
amount of learning data,

[0091] The classification system 900 according to the com-
parative example, i.e., a conventional convolutional neural
network performs recognition processing as described above,
and filter coefficients of convolution filters used in the recog-
nition processing are learned in advance,

[0092] Next, the image recognition method and the like
according to the present embodiment are described,

Configuration of Classification System 1

[0093] FIG. 1is ablock diagram illustrating an example of
a configuration of a classification system 1 according to the
present embodiment, FIG. 2 is a block diagram illustrating an
example of a configuration of a classifier 10 according to the
present embodiment.

[0094] The classification system 1 illustrated in FIG. 1is a
convolutional neural network that includes 1 classifier 10.
Upon receipt of a classification target (an image to be sub-
jected to recognition processing), the classification system 1
performs classification processing (recognition processing)
by using the classifier 10 and outputs a result of the classifi-
cation processing (classification result, recognition process-
ing result).

Configuration of Classifier 10

[0095] The classifier 10 is an example of an image recog-
nition device that performs recognition processing on an
image and outputs a recognition result. As illustrated in FIG.
2, the classifier 10 includes an image input unit 11, a convo-
Iution processing unit 12, a subsampling unit 13, a recogni-
tion processing unit 14, and a recognition result output unit
15.

[0096] Note that the classifier 10 illustrated in FIG. 2 is
markedly different from the classifier 90a and the like illus-
trated in FIG. 10 in terms of the configuration of the convo-
Iution processing unit 12.

[0097] The image input unit 11 receives an image. In the
present embodiment, the image input unit 11 reads the
received image (input image).

[0098] The convolution processing unit 12 performs con-
volution processing on the input image by using a plurality of
different convolution filters. The convolution processing has
been described above, and therefore detailed description
thereof is omitted. The number of pieces of processing result
information, which is information on a result of the convolu-
tion processing, at a position corresponding to each pixel
included in the input image is equal to the number of convo-
Iution filters. Each of the pieces of processing result informa-
tion includes, for example, a value of a result of the convolu-
tion processing at the position of each of a plurality of pixels
included in the input image.

[0099] Note that since a value of the processing result
included in the processing result information is associated
with any of the positions of the plurality of pixels included in
the input image, an element (processing result) included in
the processing result information is also referred to as a pixel,
the position of an element is also referred to as the position of
apixel, and a value of the processing result is also referred to
as a pixel value.

[0100] For example, the convolution processing unit 12
determines 1 feature corresponding to the position of each of

IPR2025-01399

CrowdStrike EX1007 Page 21



US 2016/0259995 Al

the plurality of pixels included in the input image on the basis
of values of results of the convolution processing at the posi-
tion of the pixel and outputs an output result information (also
referred to as a selection result) including the determined
feature at the position of the pixel.

[0101] Note that since the feature is associated with any of
the positions of the plurality of pixels included in the input
image, an element (feature) included in the output result
information is also referred to as a pixel, the position of an
element is also referred to as the position of a pixel, and a
value of a feature is also referred to as a pixel value.

[0102] For example, the convolution processing unit 12
performs, for each of the positions of the plurality of pixels
included in the input image, processing for selecting a pro-
cessing result having a maximum value from among a plu-
rality of values of processing results at the position of the
pixel, determining the value of the selected processing result
as a feature at the position of the pixel, and outputting the
determined feature at the position of the pixel.

[0103] Alternatively, for example, the convolution process-
ing unit 12 may perform, for each of the positions of a plu-
rality of pixels included in the input image, processing for
calculating a median or an average of a plurality of values of
processing results at the position of pixel, determining the
calculated value as a feature at the position of the pixel, and
outputting the determined feature at the position of the pixel.
[0104] In this way, the convolution processing unit 12
determines 1 feature corresponding to each of the positions of
the plurality of pixels included in the input image and outputs
the determined feature corresponding to the position of the
pixel.

[0105] In the present embodiment, the convolution pro-
cessing unit 12 includes, for example, a first convolution
processing unit 121, a second convolution processing unit
122, a third convolution processing unit 123, and an output
selecting unit 124 as illustrated in FIG. 2.

[0106] The first convolution processing unit 121, the sec-
ond convolution processing unit 122, and the third convolu-
tion processing unit 123 each have 1 convolution filter for
performing convolution for each pixel of an input image.
These convolution filters are different from each other.
[0107] That is, the convolution processing unit 12 has three
different convolution filters and performs convolution pro-
cessing on the input image by using the three different con-
volution filters. The three convolution filters differ from each
other, for example, in resolution or scale parameter (filter
size) or in color of a target to be processed.

[0108] FIG. 3 is a block diagram illustrating an example of
a configuration of the convolution processing unit 12 accord-
ing to the present embodiment. In the example illustrated in
FIG. 3, the convolution processing unit 12 includes a low-
resolution convolution processing unit 121a as the first con-
volution processing unit 121, a medium-resolution convolu-
tion processing unit 122¢ as the second convolution
processing unit 122, and a high-resolution convolution pro-
cessing unit 123q as the third convolution processing unit
123.

[0109] The low-resolution convolution processing unit
121a is a processing unit that performs convolution process-
ing on an input image by using a convolution filter having the
lowest resolution (low-resolution) corresponding to first
resolution among the three convolution filters of the convo-
Iution processing unit 12. The medium-resolution convolu-
tion processing unit 122q is a processing unit that performs
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convolution processing on an input image by using a convo-
Iution filter having resolution (medium-resolution) that is not
the lowest nor highest and that corresponds to second reso-
Iution higher than the first resolution among the three convo-
Iution filters of the convolution processing unit 12. The high-
resolution convolution processing unit 123a is a processing
unit that performs convolution processing on an input image
by using a convolution filter having the highest resolution
(high-resolution) corresponding to third resolution higher
than the second resolution among the three convolution filters
of the convolution processing unit 12.

[0110] In the present embodiment, an example in which
three convolution filters having different levels of resolution
are used is described. Note, however, that the number of
convolution filters having different levels of resolution is not
limited to 3.

[0111] For example, the number of convolution filters hav-
ing different levels of resolution may be 2 or may be 4 or
more. That is, the number of convolution filters having dif-
ferent levels of resolution is at least 2.

[0112] The output selecting unit 124 obtains three pieces of
processing result information as a result of the convolution
processing performed on an input image by the first convo-
Iution processing unit 121, the second convolution processing
unit 122, and the third convolution processing unit 123.
[0113] Each of the three pieces of processing result infor-
mation includes values of processing results of the convolu-
tion processing that correspond to the positions of a plurality
of pixels included in the input image.

[0114] For example, the output selecting unit 124 deter-
mines 1 feature at each of the positions of the plurality of
pixels on the basis of the values of the processing results of the
convolution processing that are included in the three pieces of
processing result information, and then outputs an output
result information including the determined feature at each
position.

[0115] Forexample, the output selecting unit 124 performs,
for each of the positions of the plurality of pixels included in
the input image, processing for selecting a processing result
having a maximum value among values of a plurality of
processing results at the position of the pixel, determining the
value of the selected processing result as a feature at the
position of the pixel, and then outputting the determined
feature at the position of the pixel.

[0116] Alternatively, for example, the output selecting unit
124 may perform, for each of the positions of the plurality of
pixels included in the input image, processing for calculating
a median or an average of values of a plurality of processing
results at the position of the pixel, determining the calculated
value as a feature at the position of the pixel, and outputting
the determined feature at the position of the pixel.

[0117] Inthis way, the output selecting unit 124 determines
1 feature at each of the positions of the plurality of pixels
included in the input image and outputs the determined fea-
ture at each of the positions of the plurality of pixels.

[0118] Inthe example illustrated in FIGS. 9 through 11, all
of values of processing results included in three pieces of
processing result information are output. Meanwhile, the
present embodiment is markedly different in that the convo-
Iution processing unit 12, more specifically the output select-
ing unit 124 that outputs 1 feature for each of the positions of
the plurality of pixels is provided.

[0119] The following describes an example in which the
output selecting unit 124 selects a maximum value from
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among values (i.e., a plurality of pixel values) of three pro-
cessing results of the convolution processing performed on
each of the plurality of pixels that constitute the input image
by the low-resolution convolution processing unit 121a, the
medium-resolution convolution processing unit 1224, and the
high-resolution convolution processing unit 123 illustrated
in FIG. 3.

[0120] FIG. 4 is a diagram illustrating an example of pro-
cessing results of the convolution processing unit 12 accord-
ing to the present embodiment.

[0121] The low-resolution convolution processing unit
121a, the medium-resolution convolution processing unit
122a, and the high-resolution convolution processing unit
123a perform convolution processing on the same input
image.

[0122] The upper portion of FIG. 4(a) illustrates an
example of values of processing results (low-resolution con-
volution processing results) of convolution processing per-
formed on an 4x4 input image by using a low-resolution
convolution filter by the low-resolution convolution process-
ing unit 1214. As illustrated in the upper portion of FIG. 4(a),
a value of a processing result of the low-resolution convolu-
tion processing is illustrated in each of the 4x4 pixels
included in the input image. In the present embodiment, the
number of pixels included in the input image is 4x4=16, and
16 values of processing results are illustrated accordingly.
The values of the processing results are illustrated at positions
corresponding to the pixels included in the input image.
[0123] The middle portion of FIG. 4(a) illustrates an
example of values of processing results (medium-resolution
convolution processing results) of convolution processing
performed on an 4x4 input image by using a medium-reso-
Iution convolution filter by the medium-resolution convolu-
tion processing unit 122a. As illustrated in the middle portion
of FIG. 4(a), a value of a processing result of the medium-
resolution convolution processing is illustrated in each of the
4x4 pixels included in the input image. In the present embodi-
ment, the number of pixels included in the input image is
4x4=16, and 16 values of processing results are illustrated
accordingly. The values of the processing results are illus-
trated at positions corresponding to the pixels included in the
input image.

[0124] The lower portion of FIG. 4(a) illustrates an
example of values of processing results (high-resolution con-
volution processing results) of convolution processing per-
formed on an 4x4 input image by using a high-resolution
convolution filter by the high-resolution convolution process-
ing unit 123q. As illustrated in the lower portion of FIG. 4(a),
a value of a processing result of the high-resolution convolu-
tion processing is illustrated in each of the 4x4 pixels
included in the input image. In the present embodiment, the
number of pixels included in the input image is 4x4=16, and
16 values of processing results are illustrated accordingly.
The values of the processing results are illustrated at positions
corresponding to the pixels included in the input image.
[0125] Inthis case, output selection processing in which the
output selecting unit 124 selects a maximum pixel value is
performed (see FIG. 4(5)).

[0126] Inthe following description, values at the upper left
corner that are included in the processing result information
of'the low-resolution convolution processing in FI1G. 4(a) (the
low-resolution convolution processing result illustrated in
FIG. 4(a)), processing result information of the medium-
resolution convolution processing (the medium-resolution
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convolution processing result illustrated in F1G. 4(a)), and the
processing result information of the high-resolution convo-
Iution processing (the high-resolution convolution process-
ing result illustrated in FIG. 4(a)) are taken as an example.
[0127] These values are values of processing results of the
low-resolution convolution processing, the medium-resolu-
tion convolution processing, and the high-resolution convo-
Iution processing performed on a pixel located at the upper
left corner of the input image. These values of the processing
results are “1” and “3”.

[0128] The output selecting unit 124 selects a processing
result having a maximum value from among these values of
the processing results and then determines the selected value
of the processing result (“3” in this example) as a feature
corresponding to the pixel located at the upper left corner.
[0129] The output selecting unit 124 outputs “3” as the
feature corresponding to the pixel located at the upper left
corner.

[0130] Note that in a case where there are two or more
maximum values, the output selecting unit 124 need just
select any one of the two or more maximum values of the
processing results.

[0131] The output selecting unit 124 outputs output result
information (selection results illustrated in FIG. 4(c)) by per-
forming similar processing on other pixels included in the
input image.

[0132] The selection results illustrated in FIG. 4(c) are, for
example, values of selection results corresponding to the
positions of the pixels included in the input image, like the
processing results of the convolution processing. In the
example illustrated in FIG. 4, the number of pixels included in
the input image is 4x4=16, and 16 values corresponding to the
positions of the pixels are output as the selection results
accordingly.

[0133] The values included in the selection results illus-
trated in FIG. 4(c¢) include maximum values (pixel values)
among values of the low-resolution convolution processing
results, the medium-resolution convolution processing
results, and the high-resolution convolution processing
results at the positions corresponding to the pixels included in
the input image.

[0134] As described above, since the convolution process-
ing unit 12 includes the low-resolution convolution process-
ing unit 1214, the medium-resolution convolution processing
unit 1224, the high-resolution convolution processing unit
123a, and the output selecting unit 124, output result infor-
mation (or referred to as selection results) including, as fea-
tures of the pixels included in the input image, only values of
processing results whose correlation between the input image
and the processing result is the highest (i.e., maximum pixel
values) can be supplied to the output side (the recognition
processing unit 14). That is, all of the values included in each
processing result are not supplied to the output side (the
recognition processing unit 14). This makes it possible to
reduce the number of parameters of the classifier 10, thereby
reducing the amount of memory used by the whole classifi-
cation system 1.

[0135] Furthermore, the convolution processing unit 12
produces an effect of being capable of efficiently extracting
features from objects in an input image by using a plurality of
convolution filters having different levels of resolution in
parallel even in a case where the objects in the input image are
different in size and resolution.
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[0136] The subsampling unit 13 performs subsampling
processing for determining a representative feature from
among a plurality of features included in the selection results
output by the convolution processing unit 12 (more specifi-
cally, the output selecting unit 124).

[0137] Sinceeach of the plurality of features included in the
selection results is associated with any of the positions of the
plurality of pixels included in the input image, a feature
included in the selection results may be referred to as a pixel
value, a representative feature may be referred to as a repre-
sentative pixel value, and the position of a feature (i.e., the
position of a pixel corresponding to a feature in the input
image) may be referred to as the position of a pixel.

[0138] For example, the subsampling unit 13 determines in
advance a region of a size including a plurality of adjacent
pixels among the plurality of pixels included in the input
image or the selection results, divides the plurality of features
included in the selection results into regions of the aforemen-
tioned size, and determines a representative feature for each
of the divided regions.

[0139] For example, the subsampling unit 13 divides the
selection results and determines, as a representative feature, a
feature of the largest value among features at positions of a
plurality of pixels included in each divided region. This is
because the feature of the largest value indicates a result
whose correlation between a region of the input image that
corresponds to the aforementioned region and a processing
result is highest. Therefore, the subsampling unit 13 deter-
mines, for each divided region, a feature having a maximum
value among features included in the region as a representa-
tive feature in the region.

[0140] Inthe present embodiment, the subsampling unit 13
performs subsampling processing on the output results of the
convolution processing unit 12 for each specific region (is, is)
on a predetermined standard sb, For example, in a case where
a maximum value in a 2x2 region including a pixel (0, 0) is
selected by subsampling, a feature (pixel value) having a
maximum value is selected as a representative value of four
pixels in the 2x2 region.

[0141] The following describes an example in which the
subsampling unit 13 determines a representative feature by
using the selection results illustrated in FIG. 4(¢).

[0142] FIG. 5 is a diagram illustrating an example of the
subsampling processing of the subsampling unit 13 according
to the present embodiment. FIG. 5 illustrates an example of a
result of subsampling processing for selecting a maximum
pixel value in a 2x2 region including a pixel (0, 0) in the
subsampling unit 13. FIG. 5(a) illustrates the selection results
illustrated in FIG. 4(c). Assume that an upper left in the image
in which a maximum pixel value is selected for each pixel as
a selection result is the origin (0, 0), the subsampling unit 13
samples a 2x2 region (4 pixels) and thereby obtains pixel
values 3, 8, 6, and 4 corresponding to the respective pixels as
illustrated in FIG. 5(5). Then, the subsampling unit 13 selects
8 as a representative feature of the region including the 4
pixels by sampling a maximum value (maximum pixel value)
among the plurality of pixel values obtained by the sampling.
Furthermore, for example, the subsampling unit 13 performs
similar processing on other regions. For example, the sub-
sampling unit 13 selects 8, 9, and 9 as representative features
by sampling a 2x2 region including an upper right pixel, a2x2
region including a lower left pixel, and a 2x2 region including
a lower right pixel among the selection results illustrated in
FIG. 5(a).
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[0143] Note that by repeating the convolution processing in
the convolution processing unit 12 and the subsampling pro-
cessing in the subsampling unit 13 predetermined times, fea-
tures can be extracted from an input image by the convolution
processing, and subsampling of the data (features) can be
performed, and it is therefore possible to extract features
effective for identifying an object.

[0144] Note that an example in which the convolution pro-
cessing in the convolution processing unit 12 and the subsam-
pling processing in the subsampling unit 13 are repeated
predetermined times has been described, but the present
embodiment is not limited to this.

[0145] For example, selection results obtained by perform-
ing the convolution processing on an input image in the con-
volution processing unit 12 may be supplied to the recogni-
tion processing unit 14.

[0146] The recognition processing unit 14 performs recog-
nition processing on the basis of the output result output by
the convolution processing unit 12. For example, the recog-
nition processing unit 14 performs recognition processing on
the basis of the representative features determined by the
subsampling unit 13. Note that a specific method of the rec-
ognition processing is the same as that described in the com-
parative example, and therefore description thereof is omit-
ted.

[0147] The recognition result output unit 15 outputs a rec-
ognition processing result obtained by the recognition pro-
cessing performed by the recognition processing unit 14.

Operation of Classifier 10

[0148] Next, operation of the classifier 10 configured as
above is described.

[0149] FIG. 6 is a flow chart for explaining operation of the
classifier 10 according to the present embodiment. FIG. 7is a
flow chart illustrating details of the operation illustrated in
FIG. 6.

[0150] First, the classifier 10 performs image input pro-
cessing for receiving an image (S1). More specifically, the
classifier 10 reads an image (input image) (S11) and performs
predetermined preprocessing on the input image (S12) as
illustrated in FIG. 7.

[0151] Next, the classifier 10 performs convolution pro-
cessing (S3). Specifically, in S3, the classifier 10 performs
convolution processing using a plurality of diftferent convo-
Iution filters on the input image (S31) and determines 1 fea-
ture for each of the positions of a plurality of pixels that
constitute the image on the basis of a plurality of processing
results at the position that are obtained by the convolution
processing (S32).

[0152] More specifically, in S31, the classifier 10 performs,
for example, convolution processing on the input image by
using the low-resolution convolution filter in the low-resolu-
tion convolution processing unit 121a as illustrated in FIG. 7
(S311). Furthermore, in S31, the classifier 10 performs con-
volution processing on the input image by using the medium-
resolution convolution filter in the medium-resolution convo-
Iution processing unit 122a (S312), and the classifier 10
performs convolution processing on the input image by using
the high-resolution convolution filter in the high-resolution
convolution processing unit 123a (S313). In this way, the
classifier 10 can obtain values of processing results of con-
volution processing performed on positions of the pixels
included in the input image at various levels of resolution.
Note that the order of S311 through S313 in S31 is not limited
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to the one illustrated in F1G. 7. The order is not limited as long
as the processes in S311 through S313 are performed in S31.
Next, in S32, the classifier 10 performs output selection pro-
cessing for comparing values of processing results of the
convolution processing in S31 using convolution filter of
respective levels of resolution at each of the positions of the
pixels included in the input image and then outputting a
maximum value as a feature at each position as illustrated in
FIG. 7. The classifier 10 performs subsampling processing on
these features that are supplied to a subsequent subsampling
layer (S4). Then, the convolution processing (S3) and the
subsampling processing (S4) are repeatedly performed by
using processing results of the subsampling processing (S4)
as new input. It is determined whether or not to finish the
convolution processing (S3) in accordance with whether or
not the number of repetitions of the convolution processing
(S3) and the subsampling processing (S4) is larger than a
threshold value (S5). The classifier 10 returns to S3 in a case
where it is determined in S5 that the convolution processing
(S3) is not finished (No in S5). The classifier 10 proceeds to
S6 in a case where it is determined in S5 that the convolution
processing (S3) is finished (Yes in S5).

[0153] Note that, for example, the recognition processing
(S6) that will be described later may be performed after the
subsampling processing (S4) without repeatedly performing
the convolution processing (S3) and the subsampling pro-
cessing (S4). In this case, for example, the threshold value in
55 need just be set to 1.

[0154] The following describes a case where the classifier
10 performs the convolution processing (S3) plural times (in
plural convolution processing layers).

[0155] FIGS. 8A and 8B are diagrams for explaining con-
volution processing in the second and subsequent layers. F1G.
8A illustrates N outputs of the first layer (the subsampling
layer), and FIG. 8B is a conceptual diagram illustrating con-
volution filters of the second layer (convolution filters).

[0156] In the second convolution processing layer, three-
dimensional convolution processing is performed by using
the N outputs of the first layer (the subsampling layer) illus-
trated in FIG. 8A and the convolution filters of the second
layer illustrated in FIG. 8B. The height of the convolution
filters of the second layer is N, which is the same as the
number of filters that are output in the first layer, assume that
the depth and the width of the convolution filters are Fy2 and
Fx2, respectively. The convolution processing is performed
as many times as the number of filters of the second layer.
Then, in a case where there is a subsampling layer after the
convolution processing layer, subsampling processing is per-
formed in a manner similar to that in the first layer.

[0157] By repeating the above processing predetermined
times, features can be extracted from an input image by con-
volution processing, and subsampling processing of the data
(features) can be performed, and it is thereby possible to
extract features effective for identifying an object,

[0158] See FIGS. 6 and 7 again. In a case where it is deter-
mined in S5 that the convolution processing (S3) is finished
(Yes in S5), the classifier 10 performs recognition processing
(86). More specifically, the classifier 10 performs recognition
processing on the basis of pixel values of a plurality of pixels
selected in the convolution processing in S3.

[0159] Next, the classifier 10 outputs a result of the recog-
nition processing in S6 (recognition result information) (S8),
More specifically, the classifier 10 outputs a processing result
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obtained by performing the recognition processing in S6 (rec-
ognition processing result information).

Effects etc.

[0160] According to the present embodiment, information
useful for recognition can be selectively used at each of posi-
tions of a plurality of pixels included in an input image among
values of a plurality of processing results that are calculated
by performing convolution processing in parallel by using
different convolution filters. This allows not only high-speed
image recognition but also an improvement in precision of the
image recognition, thereby achieving an image recognition
method and an image recognition device that enables high-
speed and high-precision image recognition.

[0161] Furthermore, since the classification system 1
according to the present embodiment that realizes an image
recognition device need just have 1 classifier 10 having dif-
ferent convolution filters, the structure of a neural network
can be made simple, and processing speed can be improved.
[0162] Furthermore, in the image recognition device and
the like according to the present embodiment, a plurality of
convolution filters having different levels of resolution are
used in parallel. This makes it possible to efficiently extract
features from objects in an input image even in a case where
the objects in the input image are different in size and reso-
Iution. In other words, since a plurality of levels of resolution
can be handled in the first layer (the first intermediate layer) of
the classifier 10, various levels of resolution from low-reso-
Iution to high-resolution can be handled even in a case where
resolution in an input image is unknown. It is therefore pos-
sible to extract features more suitable for recognition.
[0163] For example, in text recognition or the like, features
can be extracted from a straight line by using a low-resolution
convolution filter that allows a certain level of error, and
features can be extracted from a curved line by using a high-
resolution convolution filter that can express a curved state,
For example, a low-resolution convolution filter can be used
in a case where recognition capability is susceptible to posi-
tion deviation, and a high-resolution convolution filter can be
used in a case where recognition capability is not susceptible
to position deviation. This makes it possible to automatically
select resolution in accordance with the properties of an
image.

[0164] In the present embodiment, an example in which
three different convolution filters, i.e., a low-resolution con-
volution filter, a medium-resolution convolution filter, and a
high-resolution convolution filter are used as the different
convolution filters of the convolution processing unit 12 has
been described. However, the present embodiment is not lim-
ited to this. The number of convolution filters and the resolu-
tion of the convolution filters are not limited to those
described above, and the number of convolution filters may
be smaller depending on a recognition target. In this case, it is
possible to further reduce the memory amount and calcula-
tion amount. Furthermore, the resolution of the convolution
filters can be determined in accordance with resolution of a
characteristic part (e.g., edge) of a recognition target image
(input image) if he resolution of the characteristic part is
known.

[0165] In the present embodiment, an example in which a
plurality of convolution filters are different in resolution or
scale parameter has been described. However, the present
embodiment is not limited to this. For example, the plurality
of convolution filters may be different in color to be pro-
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cessed. More specifically, in the present embodiment, an
example in which the first convolution processing unit 121,
the second convolution processing unit 122, and the third
convolution processing unit 123 perform convolution pro-
cessing on an input image by using a plurality of filters that
are different in resolution and scale parameter has been
described, but the present embodiment is not limited to this.
For example, the first convolution processing unit 121, the
second convolution processing unit 122, and the third convo-
Iution processing unit 123 may perform convolution process-
ing on an input image by using a plurality of convolution
filters that are different in color to be processed. Results of
processing in the plurality of convolution filters may be sub-
jected to selection processing in the output selecting unit 124.
This allows the classifier 10 according to the present embodi-
ment to obtain features effective for input images that are
more characteristic in variation and distribution of colors than
in contour of luminance.

[0166] Each processing in the classifier 10 has been
described above in the embodiment, but an entity or a device
that performs the processing is not limited to a specific one.
For example, the processing may be performed by a processor
or the like (described below) incorporated into a specific
device that is locally disposed. The processing may be per-
formed by a server or the like disposed at a place different
from the local device. The processing described in the present
disclosure may be shared by the local device and the server by
information sharing between the local device and the server.
For example, the local device may include the image input
unit 11 and the recognition result output unit 15 that are parts
of the classifier 10, and the server may include the convolu-
tion processing unit 12, the subsampling unit 13, and the
recognition processing unit 14 that are other parts of the
classifier 10.

[0167] In a case where part or all of the processing of the
classifier 10 is realized by the server in the embodiment, the
processing can be realized by a cloud service of the following
types. However, the types of cloud service that realizes the
processing described in the embodiment are not limited to
these.

[0168] The following describes a service provided by the
server that realizes part or all of the processing of the classifier
10.

[0169] FIGS. 13A through 13C are diagrams for explaining
an example of a mode in which a service is provided by using
a server.

[0170] InFIG.13A, aserver (1100) includes a cloud server
(110011) run by a data center management company (11001)
and a server (110021) run by a service provider.

[0171] The cloud server (110011) is a virtual server that
works with various apparatuses over the Internet. The cloud
server (110011) mainly manages enormous data (big data)
and the like that are difficult to handle with the use of a general
database management tool or the like. The data center man-
agement company (11001), for example, manages data, man-
ages the cloud server (110011), and runs a data center that
manages data and manages the cloud server (110011). Details
of'service provided by the data center management company
(11001) will be described later, The data center management
company (11001) is not limited to a company that, for
example, only manages data and runs the cloud server
(110011).

[0172] In a case where a manufacturer that develops and
manufactures the classifier 10 and the classification system 1
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described in the above embodiment is also in charge of man-
agement of data, operation of the cloud server (110011), and
the like, the manufacturer is the data center management
company (11001) (FIG. 13B).

[0173] The number of data center management companies
(11001) is not limited to 1. For example, in a case where a
manufacturer and another management company are jointly
or separately in charge of management of data and operation
of'the cloud server (110011), both of or any one of the manu-
facturer and the other management company are(is) the data
center management company (11001) (FIG. 13C).

[0174] The service provider (11002) has a server (110021).
The scale of he server (110021) is not limited, and examples
thereof include a personal computer and a server that operates
in a gateway machine. The service provider may have no
server (110021).

[0175] Next, flow of information in the service is described.
[0176] For example, an image taken by a home appliance
such as a digital camera at a house A (1210) illustrated in FIG.
13A is transmitted to the cloud server (110011) (the arrow (a)
in FIG. 13A).

[0177] The cloud server (110011) receives, for example, an
image that is taken by a home appliance from the house A
(1210) or another home B and then stores therein the received
image.

[0178] Next, the cloud server (110011) of the data center
management company (11001) provides information such as
the stored image to the service provider (11002) by a constant
unit. The unit may be one that allows the information such as
the image stored in the data center management company to
be provided to the service provider (11002) in an organized
manner or may be one requested by the service provider
(11002). Although the expression “constant unit” is used, the
unit need not be constant, and the amount of provided infor-
mation may vary depending on the situation.

[0179] The information such as the image provided from
the data center management company (11001) to the service
provider (11002) is stored in the server (110021) of the ser-
vice provider (11002) according to need (the arrow (b) in FIG.
13A).

[0180] Then, the service provider (11002) provides a user
with information compatible with a service provided to the
user (e.g., resolution (setting values that should be set in a
plurality of different convolution filters) learned on the basis
of information on results of processing in the convolution
processing unit 12 and the subsampling unit 13 that are parts
of the classifier 10 and the information such as the provided
image) on the basis of the image and the like.

[0181] Theuser may beauser (1211) who uses one or more
home appliances or may be a user (1212) outside a house.
[0182] The service may be, for example, provided to the
user directly from the service provider (11002) without pass-
ing through the cloud server (110011) again (the arrow (e) or
(0 in FIG. 13A).

[0183] Alternatively, the service may be, for example, pro-
vided to the user via the cloud server (110011) of the data
center management company (11001) (the arrow (c¢) or (d) in
FIG. 13A). The cloud server (110011) of the data center
management company (11001) may provide the service pro-
vider (11002) with information that is compatible with a
service provided to the user (in a case where the cloud server
(110011) includes, for example, the convolution processing
unit 12 and the subsampling unit 13 that are parts of the
classifier 10, resolution (setting values that should be set in a
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plurality of different convolution filters) learned on the basis
of information on results of processing in the parts and the
information such as the provided image) on the basis of an
image taken by a home appliance and the like.

[0184] The types of service are described below.

Service Type 1: In-House Data Center Type

[0185] FIG. 14 is a diagram for explaining an example of a
service type.

[0186] Specifically, FIG. 14 illustrates Service Type 1 (In-
House Data Center Type). In this type, the service provider
(11002) acquires information such as an image from the
house A (1210) illustrated in FIG. 14 and provides informa-
tion compatible with a service to a user.

[0187] Inthis type, the service provider (11002) has a func-
tion of a data center management company. That is, the ser-
vice provider has the cloud server (110011) that manages big
data. Accordingly, there is no data center management com-
pany.

[0188] In this type, the service provider (11002) runs and
manages a data center (the cloud server (110011)) (1100203).
Furthermore, the service provider (11002) manages an OS
(1100202) and an application (1100201). The service pro-
vider (11002), for example, performs processing correspond-
ing to the convolution processing unit 12 and the subsampling
unit 13 that are parts of the classifier 10 and provides the
information compatible with the service to the user
(1100204) by using the OS (1100202) and the application
(1100201) managed in the service provider (11002).

Service Type 2: TaaS Type

[0189] FIG. 15 is a diagram for explaining an example of a
service type.

[0190] Specifically, FIG. 15 illustrates Service Type 2 (IaaS
Type).

[0191] TaaSisanabbreviation of Infrastructure as a Service

and is a cloud service providing model that provides an infra-
structure itself for construction and operation of a computer
system as a service via the Internet.

[0192] In this type, a data center management company
runs and manages a data center (the cloud server (110011))
(1100103). Furthermore, the service provider (11002) man-
ages an OS (1100202) and an application (1100201). The
service provider (11002), for example, performs processing
corresponding to the convolution processing unit 12 and the
subsampling unit 13 that are parts of the classifier 10 and
provides the information compatible with the service to the
user (1100204) by using the OS (1100202) and the applica-
tion (1100201) managed in the service provider (11002).

Service Type 3: PaaS Type

[0193] FIG. 16 is a diagram for explaining an example of a
service type.
[0194] Specifically, FIG. 16 illustrates Service Type 3

(PaaS Type). PaaS is an abbreviation of Platform as a Service
and is a cloud service providing model that provides a plat-
form for construction and operation of software as a service
via the Internet,

[0195] In this type, the data center management company
(11001) manages an OS (1100102) and runs and manages a
data center (the cloud server (110011)) (1100103). Further-
more, the service provider (11002) manages an application
(1100201). The service provider (11002), for example, per-
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forms processing corresponding to the convolution process-
ing unit 12 and the subsampling unit 13 that are parts of the
classifier 10 and provides the information compatible with
the service to the user (1100204) by using an OS (1100102)
managed by the data center management company and the
application (1100201) managed by the service provider
(11002).

Service Type 4: SaaS Type

[0196] FIG. 17 is a diagram for explaining an example of a
service type.
[0197] Specifically, FIG. 17 illustrates Service Type 4

(SaaS Type). SaaS is an abbreviation of Software as a Service.
For example, SaaS is a cloud service providing model that
allows a company or an individual (a user) that does not have
a data center to use an application provided by a platform
provider that has a data center (a cloud server) over a network
such as the Internet.

[0198] In this type, the data center management company
(11001) manages an application (1100101) and an OS
(1100102) and runs and manages a data center (the cloud
server (110011)) (1100103). The service provider 120, for
example, performs processing corresponding to the convolu-
tion processing unit 12 and the subsampling unit 13 that are
parts of the classifier 10 and provides information compatible
with a service to a user (1100204) by using the OS (1100102)
and the application (1100101) managed by the data center
management company (11001).

[0199] In any of the types described above, it is assumed
that the service provider 11002 provides the information
compatible with the service to the user. For example, the
service provider or the data center management company
may develop an OS, an application, a database for big data, or
the like by itself or may outsource development of an OS, an
application, a database for big data, or the like to a third party.
[0200] Note that the present disclosure further include the
following cases.

[0201] (1) Each of the devices described above is a com-
puter system that is constituted by a microprocessor, a ROM,
a RAM, a hard disc unit, a display unit, a keyboard, a mouse,
and the like. Computer programs are stored in the RAM or the
hard disc unit. The microprocessor operates in accordance
with the computer programs. Thus, each of the devices
accomplishes functions thereof. Each of the computer pro-
grams is made up of a plurality of command codes indicative
of'a command for a computer so that a predetermined func-
tion is accomplished.

[0202] (2) One or more of the constituent elements consti-
tuting each of the devices described above may be realized by
a single system LSI (Large Scale Integration), The system
LSI is a super-multifunctional LSI produced by integrating a
plurality of elements on a single chip. Specifically, the system
LSI is a computer system including a microprocessor, a
ROM, a RAM, and the like. A computer program is stored in
the RAM. The microprocessor operates in accordance with
the computer program. Thus, the system LSI accomplishes
functions thereof.

[0203] (3) One or more of the constituent elements consti-
tuting each of the devices described above may be realized by
an IC card that can be attached to and detached from the
device or a stand-alone module. The IC card or the module is
a computer system constituted by a microprocessor, a ROM,
a RAM, and the like. The IC card or the module may include
the super-multifunctional LSI. The microprocessor operates
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in accordance with a computer program, Thus, the IC card or
the module accomplishes functions thereof. The IC card or
the module may have tamper resistance.

[0204] (4) The present disclosure may be the methods
described above. The present disclosure may be a computer
program that achieves these methods by a computer or may be
a digital signal made up of the computer program.

[0205] (5) The present disclosure may be a computer-read-
able non-transitory recording medium such as a flexible disc,
a hard disc, a CD-ROM, an MO, a DVD, a DVD-ROM, a
DVD-RAM, a BD (Blu-ray (Registered Trademark) Disc), or
a semiconductor memory, in which the computer program or
the digital signal is stored. Alternatively, the present disclo-
sure may be the digital signal stored in these recording media.
[0206] The present disclosure may be the computer pro-
gram or the digital signal transmitted via an electrical com-
munication line, a wireless or wired communication line, a
network represented by the Internet, data broadcasting, or the
like.

[0207] The present disclosure may be a computer system
including a microprocessor operating in accordance with the
computer program and a memory storing therein the com-
puter program.

[0208] The program or the digital signal may be executed
by another independent computer system by recording the
program or the digital signal on the recording medium and
delivering the recording medium or by delivering the program
or the digital signal over the network or the like.

[0209] (6) The embodiment and modifications thereof may
be combined.
[0210] The present disclosure is applicable to an image

recognition method, an image recognition device, and a pro-
gram that can speedily and precisely recognize what an object
included in an image is on the basis of the image, and is
applicable to especially an image recognition method, an
image recognition device, and a program using an image
taken by an imaging device such as a digital camera, a movie
camera, a surveillance camera, an on-board camera, or a
wearable camera.
What is claimed is:
1. An image recognition method performed by a computer
of an image recognition device, comprising:
receiving an image;
acquiring processing result information including values
of processing results of convolution processing at posi-
tions of a plurality of pixels that constitute the image by
performing the convolution processing on the image by
using different convolution filters;
determining 1 feature for each of the positions of the plu-
rality of pixels on the basis of the values of the process-
ing results of the convolution processing at the positions
of'the plurality of pixels included in the processing result
information and outputting the determined feature for
each of the positions of the plurality of pixels;
performing recognition processing on the basis of the
determined feature for each of the positions of the plu-
rality of pixels; and
outputting recognition processing result information
obtained by performing the recognition processing.
2. The image recognition method according to claim 1,
wherein
the convolution processing using the different convolution
filters is convolution processing that is performed on the
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image by using a plurality of convolution filters that are
different in resolution or scale parameter.
3. The image recognition method according to claim 1,
wherein
the convolution processing using the different convolution
filters includes first convolution processing that is per-
formed on the image by using a convolution filter having
first resolution and a second convolution processing that
is performed on the image by using a convolution filter
having second resolution higher than the first resolution.
4. The image recognition method according to claim 1,
wherein
the convolution processing using the different convolution
filters is convolution processing that is performed on the
image by using convolution filters that are different in
color to be processed.
5. The image recognition method according to claim 1,
wherein
in the outputting the determined feature for each of the
positions of the plurality of pixels, 1 feature for the
position is determined by selecting, as the feature at the
position, a maximum value among the values of the
plurality of processing results at the position, and the
determined feature for the position is output.
6. The image recognition method according to claim 1,
wherein
in the outputting the determined feature for each of the
positions of the plurality of pixels, 1 feature for the
position is determined by calculating a median or an
average of the values of the plurality of processing
results at the position and determining the calculated
value as the feature at the position, and the determined
feature at the position is output.
7. The image recognition method according to claim 1,
wherein
in the outputting the determined feature for each of the
positions of the plurality of pixels, subsampling process-
ing for determining, for each region including a plurality
of adjacent pixels, any of the features at positions of the
plurality of pixels included in the region as a represen-
tative feature representing the region; and the recogni-
tion processing is performed on the basis of the repre-
sentative feature determined in the subsampling
processing.
8. The image recognition method according to claim 7,
wherein
in the subsampling processing, a feature whose value is
largest among the features at the positions of the plural-
ity of pixels included in the region is determined as the
representative feature.
9. The image recognition method according to claim 1,
wherein
at least one of the receiving the image, the acquiring the
processing result information, the determining the 1 fea-
ture for each of the positions of the plurality of pixels and
the outputting the feature for each of the positions of the
plurality of pixels, the performing the recognition pro-
cessing and outputting the recognition processing result
information is performed by a processor provided in the
computer of the image recognition device.
10. An image recognition device comprising:
an image input unit that receives an image;
a convolution processor that acquires processing result
information including values of processing results of
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convolution processing at positions of a plurality of pix-
els that constitute the image by performing the convo-
Iution processing on the image by using different con-
volution filters, determines 1 feature for each of the
positions of the plurality of pixels on the basis of the
values of the processing results of the convolution pro-
cessing at the positions of the plurality of pixels included
in the processing result information, outputs the deter-
mined feature for each of the positions of the plurality of
pixels;

arecognition processor that performs recognition process-
ing on the basis of the determined feature for each of the
positions of the plurality of pixels that is output by the
convolution processor; and

a recognition result output unit that outputs recognition
processing result information obtained by performing
the recognition processing in the recognition processor.

11. The image recognition device according to claim 10,

wherein

at least one of the image input unit, the convolution pro-
cessor, the recognition processor, and the recognition
result output unit includes a processor.
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12. A non-transitory computer-readable recording medium
storing a program for causing a computer of an image recog-
nition device to:

receive an image;

acquire processing result information including values of

processing results of convolution processing at positions
of a plurality of pixels that constitute the image by per-
forming the convolution processing on the image by
using different convolution filters;

determine 1 feature for each of the positions of the plurality

of pixels on the basis of the values of the processing
results of the convolution processing at the positions of
the plurality of pixels included in the processing result
information and output the determined feature for each
of the positions of the plurality of pixels;

perform recognition processing on the basis of the deter-

mined feature for each of the positions of the plurality of
pixels; and

output recognition processing result information obtained

by performing the recognition processing.
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