DESCRIPTION

Title of Invention: IMAGE PROCESSING METHOD, IMAGEROCESSING DEVICE

Technical Field
[0001]
The present disclosure relates to a techniquprtaressing images using neural

network.

Background Art
[0002]

Object detection plays an important role in mamage processing tasks. The
motivation behind object detection is to find atair object or a part of it in an image. After
the object is localized, other tasks such as fan®te object identification can be performed.
[0003]

One of embodiments of object detection is faceogaition. Face recognition
generally requires faces to be aligned in a certmiantation to achieve high recognition
performance. For the alignment of this face regibe face’s features such as eyes, nose,
mouth, etc. can be used. With object detectiosdtiacial features can be identified. It is
possible to align the orientation of the face ushwyidentified facial features.

[0004]

In object detectionso-called sliding windows are used. This approadnacts an
arbitrary region from the image, and calculatesgrabability by which the extracted region
includes a certain object. If the probability &ybnd a given threshold, the object is detected
in the extracted region. With this sliding wind@approach high accuracy can be achieved.
However, this approach has a drawback of high ceatipmal costs, if a-priori information
about possible object locations is not availabl€his is because the window must be placed
at many different locations and scaled until reaghihe pre-defined probability threshold.

[0005]



Furthermore, this sliding window approach ofteesugemplate matching to calculate
the probability of a certain object being in a oegi These templates are often pre-defined
and do not adapt well, if the object appearanceges over time. Therefore, it is necessary
to update the template to achieve high detectionracy.

[0006]

Machine learning is a method for adapting charajeke object. Machine learning
approach abstracts external features of the otgadentify such features by learning external
characteristic elements identifying the object. gémeral, machine learning previously learns
known pairs of image data and known detected remgtired from the image data. The
learner performs object detection to new image datag the learned result. It is also
possible to adjust learning parameters dependirarouaracy of detected results.

[0007]

Neural network is commonly known as a learner @an@nting machine learning.
Neural networks include artificial neurons inspitedthe neurons in a human brain. A given
weighting factor is multiplied with inputs to eadleuron, and then a bias is added, thereby
acquiring outputs of the neuron.

[0008]

Patent Literature 1 listed below describes a nefoo identifying humans in a low

resolution image using a convolution neural networka Patent Literature 1, the learning

process is repeated using images of the humanittehéfied.

Citation List
Patent Literature
[0009]
Patent Literature 1: US Patent Publication 20122024

Summary of Invention
Technical Problem

[0010]



When performing object detection using neural oekwweighting factors and biases
are adjusted in the learning process to acquineededetection results. One of technical
problems when performing object detection usingalenetwork is that long learning time is
necessary until acquiring desired results.

[0011]

The present disclosure has been provided in vigtweoabove problems. Itis an

objective of the present disclosure to improvecedficy of the process for detecting objects

using neural network.

Solution to Problem
[0012]

The present disclosure : converts tasks requaedtject detection into tasks
required for solving classification problem ; tHgext detection is handled as a classification

problem using neural network that classifies ingaitiata.

Advantageous Effects of Invention
[0013]

With the present disclosure, it is possible tacefhtly handle tasks required in object
detection as classification problem by using nenedvork that classifies inputted data.
Technical problems, configurations, and effectepothan above will be apparent from

descriptions of embodiments below.

Brief Description of Drawings
[0014]

Figure 1 is a functional block diagram of an imagecessing device 100 according
to an embodiment 1.

Figure 2 is a diagram showing a process of a regédiner 110, a process of a
coordinate separator 120, and a process of a geaid0.

Figure 3 is a diagram showing an example of lagefiguration of a learner 150.



Figure 4 is a diagram explaining an output veotdputted from a classifier 160.

Figure 5 is a diagram showing a process of a dejmer 170.

Figure 6 is a functional block diagram of the imaocessing device 100 according
to an embodiment 2.

Figure 7 is a diagram showing a process of aeshif80.

Figure 8 is a diagram showing a process of themedefiner 110 and a process of the
guantizer 130 when image data 200 is an imageawfring car captured from a side of the
car.

Figure 9 is a diagram showing a process of themedefiner 110 when image data
200 is an image of a car captured from front ofdde

Figure 10 is a diagram showing hardware configomatf the image processing

device 100 according to an embodiment 4.

Description of Embodiments
[0015]
<Basic concept of the disclosure>

Hereinafter, for the sake of better understandinfpe present disclosure, a basic
concept of the present disclosure will be describvetly. Then embodiments of the present
disclosure will be described.

[0016]

Convolution neural network described in Patergdature 1 is one of methods for
detecting objects using neural network. In thehoetf Patent Literature 1, for example : a
shape detection filter is applied (convolution)rttage data, thereby detecting the shape of the
object ; some method such as Max Pooling is appli¢de output from the filer, thereby
diluting the positional error of the object in thiger. The neural network is formed by
connecting a plurality of layers implementing tlhegessing above.

[0017]
Other application of neural network is to solvassification problem. In this case,

the neural network previously learns the relatigmbletween the input data and the



classification to which the input data belongs. eWlentering new input data into the neural
network, the neural network outputs a value showimtassification to which the new input
data belongs, according to the previously learesdlt.

[0018]

In general, neural network can solve classificapiooblems more efficiently than
performing object detections. This is becausgeatliletection is a task to identify a position
where the object exists ; whereas classificatiailem is a task to answer the classification to
which the classified target belongs, in which thépatted result is more simplified than that
of object detection. The present disclosure faeasethis nature. The present disclosure
intends to improve the processing efficiency faiedgng objects using neural network by
providing measures for handling object detectiarbfgm as classification problem.

[0019]
<Embodiment 1>

Figure 1 is a functional block diagram of an imagecessing device 100 according
to an embodiment 1 of the present disclosure. iflage processing device 100 is a device
that detects objects in image data 200 using neetalork. The image processing device
100 includes a region definer 110, a coordinatarsdpr 120, a quantizer 130, a mapper 140, a
learner 150, a classifier 160, and a reproducer 1Hgreinafter, facial images of human will
be handled as an example of the image data 200havBes of each functional unit will be
described later.

[0020]

Figure 2 is a diagram showing a process of thnedgefiner 110, a process of the
coordinate separator 120, and a process of thaigenh30. Hereinafter, behaviors of these
three functional units will be described accordiodrigure 2.

[0021]

The region definer 110 defines one or more sutonsgon the image data 200
depending on numbers and positions of charactegiiments that are assumed to be included
in the image data 200. When detecting a face ofamy for example : the left top region

(when seeing in the direction toward the figure)haf image data 200 is defined as a right eye



region ; the right top region is defined as adg® region ; and the lower half is defined as a
mouth region. The number and the position of tiieregions defined by the region definer
110 may be defined in advance depending on thectaistics of the detected object.
Alternatively, the number and the position of the segions may be designated every time via
some appropriate interface included in the imagegssing device 100. It is not always
necessary to define the sub regions. For examplele of the image data 200 may be
defined as one region to perform object detectiddereinafter, it is assumed that the sub
regions are defined as shown in Figure 2.

[0022]

The coordinate separator 120 separates pixel t@ded of each of the sub regions
into values of each coordinate axes. Each of ¢coatels after separated is handled as
individual one dimensional vector. Since the enimeat 1 handles two dimensional images
of human face, each pixel coordinates will be saearinto X coordinate values and Y
coordinate values.

[0023]

The quantizer 130 quantizes pixel coordinate \&ahfeeach coordinate axis separated
by the coordinate separator 120 using a predetednirterval. Then pixels in each sub
region are converted from continuous pixels at edane pixel into discrete pixels at each of
the interval. The quantization interval for eaab segion is not necessarily identical to each
other. Further, the quantization interval for eaobrdinate axis is not necessarily identical to
each other. As shown in Figure 2, for example gilr@ntization interval in a small region
may be set to be small, and the quantization iaternva horizontally long region may be set
so that the quantization interval of X coordinatdarger than that of Y coordinate. The
quantization interval defines the error width wiie@ reproducer 170 mentioned below
reproduces each of characteristic elements onabelmate system. Details will be
described later. The quantizer 130 is for reducimmputational loads, and thus the quantizer
130 is not necessary when sufficient computatiogsburce is provided.

[0024]

The mapper 140 performs processes required fatlingrthe object detection



problem as a classification problem. When handimggobject detection problem as a
classification problem, it can be assumed thath ed layers formed in the convolution neural
network classifies whether each of pixels in thage data 200 corresponds to a coordinate
value of the target object ; and finally the conade value of the target object is acquired by
aggregating outputs from each layer. Then theepitadisclosure assumes that each of pixel
coordinate values in the image data 200 (if quatitia is performed, the coordinate values
after quantized) is a classified target in a cfasgion problem. The present disclosure then
classifies each of the coordinate values into deésnging to the target object and ones not
belonging to the target object (i.e. whether eddhecoordinate values is included in a part
of the target object).

[0025]

The mapper 140 assigns a classification in theézdl 50 to the coordinate values (if
guantization is performed, the coordinate valuéer afuantized) of each pixel in the image
data 200. The relationship between the pixel doatd values and the internal
classifications may be defined in advance as aarsion table, for example. The conversion
from the pixel coordinate values into the interclaksifications of the learner 150 is
performed for each of the sub regions and for eathe coordinate axes. In the
embodiment 1, there are three sub regions and X¥.axThus the mapper 140 converts XY
pixel coordinates of the right eye region / the égfe region / the mouth region into the
internal classifications of the learner 150.

[0026]

The learner 150 is a machine learner that is fdraseng such as convolution neural
network. The learner 150 previously learns whe#iagh of pixel coordinates classified by
the mapper 140 is a coordinate value of the detetdirget object. In the embodiment 1, the
detection target objects are the right eye / tfieelge / the mouth in the image data 200. The
learner 150 identifies the coordinates of the riegie / the left eye / the mouth of new one of
the image data 200 using the previously learnadtres
[0027]

Figure 3 is a diagram showing an example of lagafiguration of the learner 150.



It is assumed in the figure that the image datai2@0wo dimensional image of 64 pixel x 64
pixels. Hereinafter, a configuration example @& ksarner 150 will be described using
Figure 3.

[0028]

The first layer applies, to the image data 20§hape detection filter of 9 pixels x 9
pixels. If this filter is a filter that detectsnieal lines, for example, this filter is a 9 x Bay
with the center column having large values and witter columns having small values. The
learner 150 aligns the left-top pixel of the imalg¢a 200 with the left-top edge of the filter.
Then the learner 150 multiplies each of the pixdligs in the filter window with the filter
value at the same position as the pixel. It ithirpossible to add bias values to the
multiplied result depending on design condition$he bias value may be same for all
elements in the filter. Alternatively, the biaduamay be different for each of elements.
The learner 150 sums up the results acquired btiptyithg each of the pixel values with the
filter value (or the result acquired by further adpthe bias values) for each of 9 x 9 elements
in the filter. The learner 150 inputs the summesiiit to the neuron corresponding to the
pixel position.

[0029]

The neuron receiving the input value inputs thpatrvalue to a predetermined
activation function to calculate an output valu&xamples of the activation function may be
nonlinear filtering functions such as Rectified ¢am Unit (ReLU). RelLU is defined as f (x)
= max (0, x).

[0030]

The learner 150 moves the filter window from té#-top pixel of the image data 200
sequentially, thereby scanning all pixels of thage data 200 by the filter. The learner 150
performs same calculations as above at each positithe filter window, and inputs the
calculation result to the neuron correspondinghéogosition. The neuron calculates output
values. Inthe example shown in Figure 3, therfittf 9 x 9 pixels is applied to the image
data 200 of 64 x 64 pixels. Thus the start passtiof the filter are from the first pixel to the

56th pixel. Therefore, processing results are meduorresponding to 56 x 56 pixels after



the first layer.
[0031]

If only one type of the shape detection filteused, then only one type of shape is
detectable. If a plurality of shapes is to be clet, a plurality of types of shape detection
filters may be applied at each layer. In Figur@@®types of shape detection filters are
applied at the first layer, and neurons are praVvide each filter type. This type of method
where a plurality of shape detection filters isyided for each layer is referred to as Feature
Map. Consequently, the first layer outputs procgseesults corresponding to 56 x 56 x 20
pixels.

[0032]

When applying shape detection filters in convalatheural network, the position of
shape of detection target may be shifted from #ipoghat is assumed to exist in the filter
window. Some method such as Max Pooling may bd tesdilute such positional errors.
Max Pooling is a method where only the maximum @afuthe window is kept. The shape
in the window is abstracted by the maximum valu€his corresponds to reducing the
resolution of the image. In the example shownigufe 3, Max Pooling is performed using
a 2 x 2 window to the output from the first layteereby acquiring a processing result of 28 x
28 x 20.

[0033]

The second layer applies a 7 x 7 filter windowht® processing result of 28 x 28 x
20 acquired by Max Pooling. Since higher layetectemore complicated shapes than lower
layers, the number of shape detection filtersatstttond layer is 40. Subsequent layers
perform same processing as previous layers. ledhéguration example shown in Figure 3,
a processing result of 3 x 3 x 60 is finally acqdir
[0034]

The fully connected layer at the final stage &3 deurons. All neurons in previous
layers are connected to some neurons in the falyected layer. Therefore, the fully
connected layer has information of all neuronsravipus layers.

[0035]



Figure 4 is a diagram explaining an output veotdputted from the classifier 160.
The classifier 160 performs logistic regressionysisito each output from 120 neurons
included in the fully connected layer. The cldesil60 then outputs analysis results
regarding right eye X coordinate / right eye Y aboate / left eye X coordinate / left eye Y
coordinate / mouth X coordinate / mouth Y coordinat This analysis result may be handled
as a vector having six elements.

[0036]

The learner 150 has internal classifications @poeding to XY coordinates of right
eye region / left eye region / mouth region, retigety. Thus it can be assumed that the
classifications included in the learner 150 arereg@ted into six classifications of right eye X
coordinate / right eye Y coordinate / left eye Xatinate / left eye Y coordinate / mouth X
coordinate / mouth Y coordinate, as the informattoaggregated from lower layers to higher
layers. Then in the embodiment 1, the classifé€ Acquires output vectors having these six
element values by performing logistic regressioalysis to output values from each neuron in
the fully connected layer at the last stage ofi¢laener 150.

[0037]

Figure 5 is a diagram showing a process of theodejcer 170. The reproducer 170
reproduces six coordinates of right eye X coordiiaight eye Y coordinate / left eye X
coordinate / left eye Y coordinate / mouth X conede / mouth Y coordinate on the coordinate
system in the image data 200, using output veétons the classifier 160. Specifically, (a)
each element value of the output vector is progeoteo the coordinate system in the image
data 200 using the quantizer 130, (b) each ofrtherse-quantized element values is formatted
into XY coordinates using the coordinate separa®f, (c) each of the XY coordinates is
assigned to sub regions in the image data 200 tisengegion definer 110.

[0038]

Each element value of the output vector correspémdjuantized XY coordinates of
right eye / left eye / mouth. The quantizer 13@&emse-quantizes the quantized XY
coordinates into continuous coordinate values. eample, it is assumed that the quantizer

130 is configured to quantize coordinate valuesifed or above 0.3 to below 0.4 in the image

10



data 200 into 0.3. If an element value of outpdter is 0.3, the quantizer 130
inverse-quantizes the element value into a cooteliv@ue from at or above 0.3 to below 0.4.
Any coordinate value from at or above 0.3 to befbis acceptable. In order to minimize
the difference between the inverse-quantized coatdivalue and the true XY coordinates of
right eye / left eye / mouth, it is desirable teense-quantize the coordinate value into 0.35, a
center value. Then the expected difference wilini@mized between the inverse-quantized
coordinate value and any one of true coordinateevitbm at or above 0.3 to below 0.4.
[0039]

The coordinate separator 120 generates (X, Y)dioate by pairing the
inverse-quantized XY coordinates. For examplepdiying an inverse-quantized logistic
regression analysis result of right eye X coordinaith an inverse-quantized logistic
regression analysis result of right eye Y coordaipatcoordinate vector of right eyereXYre)
will be generated. It also applies to left eye amalith.

[0040]

The region definer 110 assigns the XY coordinafeght eye / left eye / mouth
acquired by the coordinate separator 120 to cooredipg each sub region.
[0041]

As a result of above, XY coordinates of right éjeft eye / mouth will be reproduced
on the coordinate system of the image data 200e |I@wer diagram in Figure 5 shows an
example of a result where these coordinate valieesearoduced in the image data 200.
[0042]
<Embodiment 1 : summary>

As discussed thus far, the image processing d@@0eaccording to the embodiment
1 : quantizes coordinate values in the image dafia; 2ssigns classifications within the
learner 150 to the quantized coordinate valuesl ctassifies each coordinate value into
classifications belonging to XY coordinates of tfegection target in each sub region and into
classifications not belonging to them. Accordingflys possible to handle an object
detection problem as a classification problem,ghgimproving learning efficiency of the

learner 150.
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[0043]

In the embodiment 1, the coordinate separatorsgp@rates coordinate values in the
image data 200 for each of coordinate axes. BH@riassigning internal classifications of
the learner 150 for each of the coordinate axesetly simplifying the learning process for
each coordinate axis to improve efficiency of therall learning process. If sufficient
efficiency is achieved without separating coordineadlues into each axis, it is not always
necessary to separate coordinate values.

[0044]
<Embodiment 2>

Figure 6 is a functional block diagram of the immaocessing device 100 according
to an embodiment 2 of the present disclosure. iflage processing device 100 according to
the embodiment 2 comprises a shifter 180 in additicthe configuration described in the
embodiment 1. Other configurations are same #wiembodiment 1.

[0045]

Figure 7 is a diagram showing a process of thigesii80. If XY coordinates of
right eye / left eye / mouth reproduced by theadpcer 170 are shifted from the center of the
image data 200, the shifter 180 shifts whole ofithege data 200 towards the center. For
example, in a case of facial image, the image 2@fas shifted so that the centroid of XY
coordinates of right eye / left eye / mouth is posed at the center of the image data 200,
thereby positioning right eye / left eye / mouthhie image data 200 in a balanced manner.
The specific shifting process depends on the olojeitte image data 200. Thus such specific
method of shifting the image data 200 may be ddfaxording to the object.

[0046]
<Embodiment 3>

An embodiment 3 of the present disclosure showesxample of definitions of sub
regions in a case where the image data 200 is facia image. The configurations of the
image processing device 100 are same as thosebdebir the embodiments 1-2.

[0047]

Figure 8 is a diagram showing a process of thnedgefiner 110 and a process of the

12



quantizer 130 when the image data 200 is an imhgeunning car captured from a side of
the car. Since a car runs on a road, it is requoaletect the car around the road only.

Then the region definer 110 defines a lower hathefimage data 200 as a road region, and
the quantizer 130 quantizes coordinate valuesamdhd region. Subsequent processes may
be performed to the road region only. Then itasgible to improve the processing efficiency
without sacrificing the detection accuracy.

[0048]

Figure 9 is a diagram showing a process of themnedefiner 110 when the image
data 200 is an image of a car captured from frothecar. This embodiment assumes that :
left and right lights and a number plate are charatic elements when seeing the car from
the front of the car. Thus the region definer d&fines sub regions corresponding to those
elements. Since there could be various car dedigasub regions in Figure 9 are
overlapped with each other.

[0049]
<Embodiment 4>

Figure 10 is a diagram showing hardware configomadf the image processing
device 100 according to an embodiment 4 of thegmtedisclosure. Each of the functional
units included in the image processing device Xtdbed in the embodiments 1-3 may be
achieved by software implementing those functidiesliexecuted by processors such as CPU
(Central Processing Unit).

[0050]

In addition, those functional units may be disitéwd into a plurality of devices, and
each device may communicate with each other, tlgerebstructing the image processing
device 100. In Figure 10, the functionalitiesiué image processing device 100 are divided
into the device 1000a and the device 1000b, arskttevices communicate with each other
via the network 1400, thereby constructing the ienpgpcessing device 100. In Figure 10,
each of the devices 1000 includes a CPU 1100, aomet200, and a communication
interface 1300.

[0051]
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Any one of the devices 1000 may execute any orleeofunctionalities. For
example : the device 1000a executes processesponding to the region definer 110, the
coordinate separator 120, the quantizer 130, amchtpper 140, and sends the executed result
to the device 1000b ; the device 1000b executesepses corresponding to the learner 150,
the classifier 160, the reproducer 170, and thigesHi80.

[0052]
<Embodiment 5>

In the embodiments 1-4, the classifier 160 perfologistic regression analysis to the
output from the fully connected layer. Logistigression analysis is for classifying the
output from the fully connected layer. Thus sunbcpss may be implemented as a
classifying process by neural network. Thereforgtead of performing logistic regression
analysis, the classifier 160 may be constructealr@ew neural network layer subsequent to the
fully connected layer.

[0053]

In the embodiments 1-4, ReLU is used as an amivéinction of neurons. Other
types of activation functions may be used. Exaspfesuch functions include hyperbolic
tangent function, sigmoid function, and so on. eEager may use different activation
functions.

[0054]

In the embodiments 1-4, the sub regions and thetmed coordinates are
rectangular-based. Other shapes such as triangldygon may be used depending on the
shape of detected object.

[0055]

The neural network structure of the learner 15dbked in the embodiments 1-4 is
merely an example, and other structures may be used
[0056]
<Modifications of the Present Disclosure>

The respective embodiments of the present disedsave been described above.

However, the present disclosure includes varioudifications without departing from the
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subject matter of the present disclosure. For el@mpthe abovementioned embodiments, in
order to easily understand the present discloslueespecific configurations are described.
However, the present disclosure does not alwaydadgeall of the configurations described
above. Also, a part of one configuration example loe replaced with another configuration
example, and the configuration of one embodimentimaadded with the configuration of
another embodiment. Also, in a part of the respeconfiguration examples, another
configuration can be added, deleted, or replaced.

[0057]

Also, some or all of the above-described respeciivdéigurations, functions,
processors, processing means may be realizedsdorpde, as an integrated circuit, or other
hardware. Also, the above respective configurataorsfunctions may be realized by allowing
the processor to interpret and execute programeédizing the respective functions. That is,
the respective configurations and functions mayelaéized by software. The information on
the program, table, and file for realizing the exgjve functions can be stored in a storage
device such as a memory, a hard disc, or an SSIdl (State Drive), or a storage medium such

as an IC card, an SD card, or a DVD.

List of Reference Signs
[0058]

100 : image processing device
110 : region definer

120 : coordinate separator
130 : quantizer

140 : mapper

150 : learner

160 : classifier

170 : reproducer

180 : shifter

200 : image data
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CLAIMS
[Claim 1]

An image processing method for processing imagg idaluding an object using a
neural network that performs learning to classifyut data, comprising :

a quantization step of performing quantizatiom @ixel coordinate of the image
data ;

a mapping step of assigning, to the quantized pberdinate, any one of internal
classifications internally included in the neuratwork ;

a learning step of performing learning of the m¢unetwork using the quantized pixel
coordinate of the image data and using the interiagkification assigned in the mapping
step ;

an output step of acquiring an output value fromneural network after the learning
is performed ;

a reproducing step of performing inverse-quanbradf the quantization to the
output value from the neural network after then@ay is performed, thereby projecting the
output value from the neural network onto an camté system in the image data to reproduce
a position of the object on the coordinate system.

[Claim 2]

The image processing method according to Claifariher comprising a step of
defining a plurality of regions on the image data,

wherein the image processing method performs uhatigation step and the mapping
step for each of the regions.

[Claim 3]

The image processing method according to Claifariher comprising a step of
separating the pixel coordinate into each coordiaats,

wherein the mapping step assigns different onélsedinternal classifications for each
of the separated coordinate axes.

[Claim 4]

The image processing method according to Claifariher comprising a step of
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separating the pixel coordinate into each coordiaats,

wherein the mapping step assigns different onélseointernal classifications for each
of the separated coordinate axes,

the image processing method further comprisingssdication step of classifying
the output value from the neural network into ang of coordinate values of the object on the
coordinate axis,

wherein the reproducing step performs inverse-tigetion of the quantization to a
result of the classification step, thereby repraaiyi@ position of the object on the coordinate
system.

[Claim 5]

The image processing method according to Claifariher comprising a step of
shifting, towards a center of the image data, thjead reproduced by the reproducing step on
the coordinate system.

[Claim 6]

An image processing device that processes imagdrduding an object using a
neural network that performs learning to clasgifyut data, comprising :

a quantizer that performs quantization of a poaardinate of the image data ;

a mapper that assigns, to the quantized pixeldioate, any one of internal
classifications internally included in the neuratwork ;

a learner that performs learning of the neuralvogkt using the quantized pixel
coordinate of the image data and using the intelaakification assigned by the mapper ;

a reproducer that performs inverse-quantizatiai@fguantization to an output value
from the neural network after the learning is perfed, thereby projecting the output value
from the neural network onto an coordinate systethe image data to reproduce a position of
the object on the coordinate system.

[Claim 7]

The image processing device according to Claifur@er comprising a region

definer that defines a plurality of regions on iinage data,

wherein the image processing device performs egsof the quantizer and a
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process of the mapper for each of the regions.
[Claim 8]

The image processing device according to Claifuréher comprising a separator
that separates the pixel coordinate into each auatelaxis,

wherein the mapper assigns different ones ofrttegnal classifications for each of
the separated coordinate axes.
[Claim 9]

The image processing device according to Claifuréher comprising a separator
that separates the pixel coordinate into each ouatel axis,

wherein the mapper assigns different ones ofrttegnal classifications for each of
the separated coordinate axes,

the image processing device further comprisini@ssdier that classifies the output
value from the neural network into any one of camte values of the object on the
coordinate axis,

wherein the reproducer performs inverse-quantinati the quantization to a result
of the classifier, thereby reproducing a positibthe object on the coordinate system.
[Claim 10]

The image processing device according to Claifar@er comprising a shifter that
shifts, towards a center of the image data, theablbgproduced by the reproducer on the

coordinate system.
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