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ENHANCING CONTRAST SENSITIVITY AND RESOLUTION IN A
GRATING INTERFEROMETER BY MACHINE LEARNING

CROSS REFERENCE TO RELATED APPLICATION(S)
This application claims the benefit of Korean Patent Application No.
10-2018-0092483, filed in the Korean Intellectual Property Office August 8,
2018, and U.S. Provisional Application No. 62/910,670, filed October 4, 2019

2

which are incorporated by reference as if disclosed herein in their entirety.

FIELD
The present disclosure relates to a grating interferometer, and more
particularly to enhancing contrast sensitivity and resolution in a grating

interferometer by machine learning.

BACKGROUND

X-radiation and neutron radiography are widely used for non-
destructive testing since X-rays and neutrons can pass through an object
without damaging it. X-rays and neutrons react to electrons and atomic nuclet,
respectively, and may be attenuated whiie passing through the object.

In general, a radiographic image used in a non-destructive test
corresponds to absorption imaging and shows au absorption contrast sensitivity
according to a linear attenuation coefficient of an object.

Radiographic images have been developed through various applications
in science. Radiographic imaging includes, but is not limited to, dark-field
imaging and phase-contrast imaging using a grating interferometer in which an

interference principle is appliied to radiation.
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SUMMARY

In an embodiment, there is provided an apparatus for enhancing contrast
sensitivity and resolution in a grating interferometer by machine learning. The
apparatus includes a grating interferometer image acguisition unit, a numerical
phantom geuneration unit, a convolution layer generation unit, an activation
function application calculation unit, a CNN {convolutional neural network)
repetitive machine learning unit and an image matching output unit. The
grating interferometer tmage acquisition unit 18 configured to acquire a
relatively high-resolution image and a relatively high sensitivity image by
finearly moving a position of a sample from the symmetrical grating
interferometer. The numerical phantom generation unit is configured to
generate a numerical phantom for performing machine learning. The
convolution layer generation unit is configured to perform calculation
processing of a convolutional neural network to extract features from input
data. The activation function application calculation unit 1s configured to apply
a Relu (Rectified linear unit) activation function to an output value of the
convolution calculation to perform smooth repetitive machine learning. The
CNN repetitive machine learning unit is configured to correct a convelution
calculation factor while repeatedly performing forward propagation and
backward propagation processes. The tmage matching output unit is configured
to match and provide as output features extracted by repetitive machine
fearning of the CNN repetitive machine learning unit.

In some embodiments, the grating interferometer image acquisition unit
15 configured to acquire a pair of relatively high contrast sensitivity image and
relatively high-resolution image by installing a symmetrical grating

interferometer and linearly moving the position of the subject and performs an
2
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image size rearrangement process to match different magnifications of the
respective images.

In some embodiments, the numerical phantom generation untt is
configured to measure the resolution, contrast sensitivity and image noise of
the acquired phase difference image, implement the same level of images in
nurnerical siroulation and generate a plurality of numwerical phantoms for
relatively high accuracy.

In some embodiments, the convolution layer generation unit 18
configured to generate a filter which is a convolution calculation factor in
order to subject the input data to convolution, has a horizontal and vertical size
smalier than the input data and allows the number of filters to be 32 or more.

In some embodiments, the convolution calculation of the input data and
the filter in the convolution tayer generation unit includes setting zero padding,
stride, and the size of the generated filter iv order to keep the result of the

convolution calculation equal to the horizontal and vertical size of the input

i ) . ‘ ) . X 2P~ Ri+2P-R;
tmage. The size of the output data includes (£, Ky} = ( o 1, P 1),

where (T, Ry} is the size of the output data (€ = column, R = row}, (Ci,Ry) 18
the size of the input data, S is the siride, P is zero-padding, and (Cg,Re) 15 the
size of the filter.

In some embodiments, in the convolution calculation of the input data
and the filter in the convolution layer generation unit, zero padding i3
performed to solve the problem that the edge information of the input data
disappears, and the resuit of the convolution calculation adjusts the size of the
output data to the same size as the input value by setting the stride to i {stride

= |} when the filter ts moved within the input data.
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In some embodiments, the activation function application calculation
unit is configured to apply a ReLu function to an output value obtained from
the calculation of each convolution layer, thereby reducing an error that may
occur during repetitive machine learning performed later.

In some embodiments, in the CNN repetitive machioe learning unit, the
forward propagation uses the convolutional calculation of the input data
generated by the simulation and the convolution calculation factor to finally
calculate a loss value of a cost function, and the back propagation corrects
weight and bias by partially differentiating the convolution calculation factor
in the reverse direction of the forward propagation calculation in order {o
minimize the loss.

In some embodiments, the CNN repetitive machine learning unit is
configured to generate a cost function that reduces the difference between the
result value of the convolution calculation performed from the input image and
the ground truth, and repeatedly perform forward propagation and backward
propagation processes in a direction in which the generated cost function is

reduced.

BRIEF DESCRIPTION OF THE DRAWINGS
FIG. 1 illustrates one example of an X-ray grating interferometer,
cousistent with several embodiments of the present disclosure;
FIG. 2 18 an X-ray grating ioterferometer, illustrating contrast
sensitivity versus position of sample relative to gratings;
FIG. 3 illustrates a block diagram of a system for enhancing contrast
sensitivity and resolution in a grating interferometer by machine learning,

consistent with several embodiments of the present disclosure;
4
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FIG. 4 is one example operational diagram illustrating machine learning
(of a convolutional neural network (CNN)}, consistent with several
embodiments of the present disclosure;

FIG. 5 tllustrates one example convolution calculation process,
consistent with the present disclosure;

FIGS. 6A and 6B illustrate example operations of forward propagation
and backward propagation for machine learning, consistent with several
embodiments of the present disclosure;

FIG. 7 is a flowchart itlustrating enhancing contrast sensitivity and
resolution in a grating interferometer by machine learning, consistent with
several embodiments of the present disclosure; and

FIGS. 8A and 8B illustrate simulation results of phantom images,

consistent with the present disclosure.

DETAILED DESCRIPTION

The features and advantages of an apparatus, method and/or system for
enhancing contrast sensitivity and resolution in a grating interferometer by
machine learning according to the present disclosure will be apparent from the
detailed description of each embodiment below.

FIG. 1 tllustrates one example of an X-ray grating interferometer 100,
consistent with several embodiments of the present disclosure. The X-ray
grating interferometer 100 includes a source grating GO, a phase grating G1,
and an absorption grating G2, In one nonlimiting example, the X-ray grating
interferometer 100 corresponds to a Talbot-Lau interferometer. The source
grating GO 1s positioned relatively near an x-ray source 102. The absorption

grating (32 is positioned relatively near a detector 104, The phase grating Gl is
5
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positioned between the scurce grating G0 and the absorption grating G2, A
sample 106 may be positioned a distance {, from the source grating GO. As used
herein, the terms “sample”, “subject” and “object” are used interchangeably to
indicate the item being imaged. The phase grating G1 is positioned a distance {
from the source grating and the absorption grating G2 15 positioned a distance
d from the phase grating Gl

The source grating GO is configured to tmprove a spatial coherence of
X-rays. The X-rays that have passed through the GO grating may generate
interference patterns due to the wave nature of the X-rays while passing
through the phase grating G1. For such a pattern, the intensity changes while
having a specific pertod.

When the absorption grating G2 is positioned at a specific distance
according to the period and the phase stepping process of the grating is
additionally performed, the phase information AD of the sample can be
acquired from a general detector. The A® value acquired in this way is more
sensitive than the linear attenuation coefficient p acquired from a conventional
X-ray image, thus improving the contrast between objects.

Acquisition of images having a relatively high contrast (or relatively
high sensitivity} in such an X-ray grating interferometer 100 is related to the
position of the gratings GO, G1, G2 and the position of the sample 106 relative
to the gratings.

FIG. 2 18 an X-ray grating interferometer 200, illustrating counirast
sensitivity versus position 202 of sample relative to gratings. When a sample
210 1s positioned immediately before or behind the phase grating G1, images
having the highest contrast sensitivity can be acquired, and as the distance of

the sample from the phase grating G1 increases, e.g., sample 212, the contrast
6
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sensitivity decreases linearly.

The distances { and 4 may be determined based, at least in part, on the
pattern cycle of the grating, the plating depth, the X-ray energy, etc. Thus, the
spatial resolution according to the position of a sample may not be considered.

For example, if the sample is positioned closer to the X-ray source 102,
magnification may increase but the sharpness decreases. As the sample position
moves away from the X-ray source, the magunification decreases but the
sharpness increases. These relationships can be used to determine the highest
resolution section for the respective systems.

Since the factors for determining the contrast sensitivity of the grating
interferometer and the resclution of the X-ray image are independent of each
other, a sample position having both a relatively high contrast sensitivity and a
relatively high resolution simultaneocusly may not exist. Thus, 1t 15 practically
difficult to simultaneously acquire relatively high contrast sensitivity and
relatively high resolution of a subject in a grating interferometer.

A method, apparatus and/or system, consistent with the present
disclosure may be configured to improve both contrast sensitivity and spatial
resolution in a grating interferometer by machine learning. The method,
apparatus and/or system may be configured to extract image information with
relatively high contrast sensitivity and relatively high resolution from images
at various positions of a sample positioned in a grating interferometer system
using a convolutional neural network (CNN). The method, apparatus and/or
system may be configured to improve the contrast sensitivity and resolution of
the phase difference image by using a convolutional neural network and thus
provide a relatively high-quality medical image.

The method, apparatus and/or system may be configured to enhance
7
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contrast sensitivity and resolution in a grating interferometer by machine
learning, making it possible to improve the contrast sensitivity and resolution
of the phase difference image using a convolutional neural network, thereby
increasing the applicability to other medical imaging systems beyond the X-ray
and neutron imaging field, and developing new medical device market.

The objects of the present disclosure are not limited to the above-
mentioned objects, and other objects not mentioned will be clearly understood
by those skilled in the art from the following description.

FIG. 3 illustrates a biock diagram of a system 300 for enhancing
contrast sensitivity and resolution in a grating interferometer by machine
learning, consistent with several embodiments of the present disclosure.
System 300 may include, in one embodiment, a grating interferometer image
acquisition unit 310, a numerical phantom generation unit 320, a convolution
layer generation unit 330, an activation function application calculation unit
340, a CNN repetitive machine learning unit 350 and an image matching output
unit 360.

The grating interferometer image acquisition unit 310 is configured to
acquire a relatively high resclution image and a relatively high sensitivity
tmage by linearly moving the position of a sample from the symmetrical
grating interferometer. The numerical phantom generation uunit 320 is
coufigured to generate a numerical phantom for performing wachine learning.
The convolution tayer generation unit 330 15 counfigured to perform calculation
processing of a convolutional neural network to extract features from input
data. The activation function application calculation unit 340 is configured to
apply a ReLu {Rectified linear unit) activation function to an output value of

the convolution calculation to perform smooth repetitive machine learning. The
8
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CNN repetitive machine learning unit 350 is configured to correct a
convolution calculation factor while repeatedly performing forward
propagation and backward propagation processes. The image matching output
unit 360 is configured to match and provide as output features extracted by
repefitive machine learning of the CNN repetitive machine learning unit,

The grating interferometer tmage acquisition unit 310 may be
configured to acquire a pair images including a high contrast sensitivity image
and high-resolution image of a sample from a symmetrical grating
interferometer, linearly moving the position of sample relative to the gratings.
The grating interferometer image acquisition unit 310 may be further
configured to perform an image size rearrangement process to match different
magnifications of the respective images.

The numerical phantom generation unit 320 is coufigured to measure the
resolution, contrast sensitivity and noise of the acquired phase difference
image, implement the same level of images in numerical simulation and
generate a plurality of numerical phantoms for relatively high accuracy.

The convolution layer generation unit 330 is configured to generate a
filter which is a convolution calculation factor in order to subject the input
data to convolution, has a horizontal and vertical size smaller than the input
data and allows the number of filters to be 32 or more.

In the convolution calculation of the input data and the filter in the
convolution layer generation unit 330, zero padding, stride, and the size of
generated filter are set 1n order to keep the result of the convelution
calculation equal to the horizontal and vertical size of the input image. The

size of the output data corresponds to:
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+1 1) (1)

(Lo Rod = ( < T4 T
where {(Co, Ry} 1s the size of the output data {(C = column, R = row), (C, Ry} 18
the size of the input data, S is the siride, P is zero-padding, and (Cq, Ry} 15 the
size of the filter.

In the convolution calculation of the input data and the filter in the
convolution layer generation unit 330, zero padding is performed to solve the
problem that the edge information of the input data disappears, and the result
of the convolution calculation adjusts the size of the cutput data to the same
size as the input value by setting the siride to | {stride = 1} when the filter
moves within the input data.

The activation function application calculation unit 340 is configured to
apply a ReLu function to an output value obtained from the calculation of each
convolution layer, thereby reducing an error that may occur during repetitive
machine learning performed later.

In the NN repetitive machine iearning unit 350, the forward
propagation uses the convolutional caleulation of the input data generated by
the simulation and the convolution calculation factor, and calculates a loss
value of a cost function. The back propagation corrects weight and bias by
partially differentiating the convolution calculation factor in the reverse
direction of the forward propagation calculation in order to minimize the loss.

The CNN repetitive machine learning unit 350 is configured to generate
a cost function that reduces a difference between the result value of the
convolution calculation performed from the input image through the mean
square method 410, and the ground truth, and repeatedly performs forward

propagation and backward propagation processes in a direction in which the

10
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generated cost function 1s reduced.

A method, apparatus and/or system for enhancing contrast sensitivity
and resolution in a grating interferometer by machine learning according to the
present disclosure has the following effects.

First, it is possible to improve both image contrast sensitivity and
spatial resolution in a grating interferometer by machine learning.

Second, it is possible to extract image information having relatively
high contrast sensitivity and relatively high resolution into images at various
positions of a sample in a grating interferometer by using a convolutional
neural network (CNN).

Third, it is possible to improve the contrast sensitivity and resolution of
the phase difference image by using a convolutional neural network and thus
provide a relatively high-quality medical image.

Fourth, it is possible to improve the contrast sensitivity and resolution
of the phase difference image using a convolutional neural network, thereby
increasing the applicability to other medical imaging systems beyond the X-ray
and neutron imaging field, and developing new medical device market.

An apparatus, method and/or system for enhancing contrast sensitivity
and resolution in a grating interferometer by machine learning according to the
present disclosure may be configured to acquire both relatively high conirast
sensitivity image and relatively high resolution image from a symmetric
grating interferometer as shown in FIG. 2, and to tmprove both reduced
contrast sensitivity and resolution through machine learning.

Machine learning 1s a technique that, when provided a learning model,
derives an answer by integrating the features of an image based on the data

accumulated by the computer. In other words, in one embodiment, machine
11
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fearning, as used herein, corresponds to supervised learning.

A convolutional neural network (CNN}, a type of artificial neural
networks among a plurality of machine learning techniques, may be applied,
but in the instant disclosure is not limited thereto. In other words, UNN is one
nonlimiting example of an artificial neural network and this disclosure is not
fimited in this regard. CNN has been studied in various fields of image
processing and computer vision, including, but not limited to, understanding
tmages, extracting high-level abstracted information therefrom, or drawing
pictures with new textures. Based on the ability to extract abstract information
in this way, it is possible to extract image information having relatively high
contrast sensitivity and relatively high resolution into images at various
positions of a subject in a grating interferometer system.

Turning again to FIG. 3, the operation mechanism of the convolutional
neural network as applied herein is shown in FIG. 3.

The input data used for machine learning may be arranged in the form
of a three-dimensional matrix (the width of the itmage, the length of the image,
the number of images for each subject position}. Such a three-dimensional
matrix is configured to perform a convolution calculation with a convolution
calculation factor (filter) and then apply a ReLU (Rectified linear unit)
function to extract the non-linear relationship of the calculation result value.

In the process of convolution calculation, the depth is set to 1 while
extracting all high-contrast sensitivity and high-resolution information by
integrating three-dimensional values corresponding to the number of images
for each subject position. The convolution layer is generated in a direction in
which the horizontal and vertical sizes of the image are kept constant.

When a repetitive convolution calculation is performed in the
12
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convolution layer by using numerical phantoms implemented in simulation as
the input data, a convolutional neural network is generated.

The convolutional neural network generated by repetitive machine
learning extracts features of the phase difference image for each sample
position acquired from the grating interferometer and generates a result image
having high contrast sensitivity and high resolution.

As shown in FIG. 3, the apparatus, method and/or system for enhancing
contrast sensitivity and resolution in a grating interferometer by machine
learning includes: a grating interferometer image acquisition unit 310 that
acquires tmages for each position of a sampie from the grating interferometer,
a numerical phantom generation unit 320 that additionally generates a
numerical phantom similar to actual experimental images by simulation, a
convolution layer generation unit 330 for constructing a convolutional neural
network, an activation function application calculation unit 340 that applies a
ReLu (Rectified linear unit}y activation function to the convolution calculation
result to perform efficient smooth repetitive machine learning, a CNN
repetitive machine learning unit 350 that completes the convolutional neural
network by repeatedly performing forward propagation and backward
propagation processes on the generated convolution layer and activation
function application unit, and an tmage matching cutput unit 360 that matches
and outputs features extracted by repetitive machine learning of the CNN
repetitive machine learning unit 350,

Here, the forward propagation constructs a convolutional neural
network in a direction in which the size of the input image generated by the
numerical simulation is maintained, and performs a convolution calculation.

The forward propagation is a process for calculating the loss value after the
13
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result values generated through several convolution calculations are compared
with the reference value (ground-truth) using the mean square error method.

And, the back propagation corrects weight and bias, which are the
convolution factors, by performing the calculation in the reverse direction in
order to reduce the calculated error values. The ideal weight and bias can be
inferred by repeatedly performing forward propagation and back propagation
processes several times.

In the apparatus for enhancing contrast sensitivity and resolution in a
grating interferometer by machine learning according to the present disclosure
having such a configuration, techniques for deriving relatively high contrast
sensitivity and relatively high resolution images by applying machine learning
algorithms to the X-ray grating interferometer will be described for each
operation in detail below.

FIG. 4 1s one example operational diagram 400 illustrating machine
fearning (of a convolutional neural network (CNN)), consistent with several
embodiments of the present disclosure. FIG. § illustrates one example
convolution calculation process 500, consistent with the present disclosure.
FIGS. 4 and 5 may be best understood when considered in combination with
Fi(y. 3.

The grating interferometer image acquisition unit 310 1s configured to
acquire input images 402, 502 including a relatively high resolution and
relatively low sensitivity image in which a position of a sample is located close
to a detector from a symmetrical grating interferometer and a relatively high
contrast sensitivity and relatively low resolution images in which a position of
a sample is located close to a phase grating G1.

The numerical phantom generation unit 320 is configured to measure
14
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contrast sensitivity, image noise, and resolution information of the respective
images from the acquired images and implement such information by numerical
simulation including the process of producing images by contrast sensitivity
and resolution and reference images (samples that include shape information
and sensitivity information of the subject, ground-truth}. A relatively large
number, e.g., on the order of tens of thousands, of various types of samples
may be generated for relatively more accurate machine learning.

The convolution layer generation unit 330 18 configured to generate a
plurality of filters 504 in order to subject the input data to convolution, and the
horizontal and vertical sizes of the filter generated in one convolution layer,
e.g., convolution layers 404-1,..., 404-n, are set to be smaller than the input
data and the number of filters is set to be 32 or more. The number of the
convolution layers generated is set to be three or more. The greater the number
of the convolution layers generated, the higher the accuracy of machine
learning.

FIG. 5 schematically illustrates the process 500 of convolution
calculation of an input data 502 and a filter 504. In general, the calculation
processing of the convolutional neural network reduces the size of the input
data. Therefore, when zero padding in FIG. 5 is not performed, there may be a
problem that the edge information of the input data disappears, and thus zero
padding is performed. The convolution calculation 1s configured to adjust the
size of the output data to the same size as the input value by setting the stride
to 1 {(stride = 1) when the filter moves within the input data.

The size of the output data can be calculated according to Equation (1),
wherein ({4, R,} is the size of the output data (C = column, R = row), (Ci, Ry} is

the size of the input data, 8 is siride, P is zero-padding, and {(Cy, Ry} is the size
15
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of the filter.

In the convolution calculation for image matching, the size of the input
data is kept the same during the calculation process. Thus, appropriate zero
padding, stride, and filter size are set through Equation (1).

The activation function application calculation unit 340 is configured to
perform a ReLu (Rectified linear unit) activation function application
calculation, e.g., ReLU 406-1,..., 406-n,. When the result value of the
convolution calculation is greater than O based on the definition of ReLu
function, the result value is outputted as it is, and when it is smaller than 0, the
result value is outputted as 0.

FIGS. 6A and 6B illustrate example operations of forward propagation
600 and backward propagation 050 for machine learning, consistent with
several embodiments of the present disclosure. FIG. 6A illustrates a forward
propagation calculation formula for CNN repetitive machine learning and
finally calculates a loss value c, i.e., cost function. FIG. 68 illustrates a
backward propagation calculation formula for CNN repetitive machine learning
and also illustrates a process of calculating a gradient by taking a partial
differentiation to the forward propagation calculation formula in order to
correct the weight which is a convolution calculation factor.

The CNN repetitive machine learning unit 350 is configured to
minimize the loss value of the cost function calculated using the mean square
error method through repetitive forward propagation and backward propagation
calculation processes. Through the CNN repetitive machine learning unit 350,
a CNN neural network capable of matching relatively high resolution and
relatively high contrast sensitivity images in grating interferometer is

constructed, and by applying an actual medical image acquired from the a
16
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grating interferometer image acquisition unit 310 to the CNN neural network,
it is possible to acquire relatively high resolution and relatively high contrast
sensitivity images to be finally obtained.

The method for enhancing contrast sensitivity and resolution in a
grating interferometer by machine learning according to the present disclosure
will be described in detail as follows.

FIG. 7 15 a flowchart 700 illustrating enhancing contrast sensitivity and
resolution in a grating interferometer by machine learning consistent with
several embodiments of the present disclosure. The operations of flowchart 700
may be performed, for example, by a system for enhancing contrast sensitivity
and resolution in a grating interferometer by machine learning 300 of FIG. 3
and/or according to machine learning process 400 of FIG. 4 and forward
propagation 600 and backward propagation 650 for machine learning of FIGS.
6A and 6B. A relatively high-resolution image and a relatively high contrast
sensitivity image are acquired by linearly moving the position of the sample
from the symmetric grating interferometer at operation 701.

The resolution, sensitivity, and noise of the image are measured through
the phase difference image acquired at operation 701, and a similar numerical
phantom is generated through simulation at operation 702.

A convolution layer is generated by generating a filter composed of
various weights and biases for convolution of the input data at operation 703.

The filter size, zero padding, and stride values are set appropriately so
that the horizontal and vertical sizes of the input data are identically outputted
during the convolution calculation process at operation 703.

Then, the ReLu function is applied to activate the value of the

convolution calculation result of the input data at operation 704.
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The forward propagation and backward propagation calculation
processes are repeatedly performed through continuous arrangement of a
plurality of convolution layers and ReLu activation functions to correct the
weight and bias that are the convolution calculation factor at operation 705.

Subsequently, the convolutional neural network is completed by
repeatedly performing the convolution calculation, and the phase difference
image acquired in operation 701 is applied to the convolutional neural network,
thereby finally outputting images with relatively high sensitivity and relatively
high resolution at operation 706.

The apparatus and method for enhancing contrast sensitivity and
resolution in a grating interferometer by machine learning according to the
present disclosure as described herein include acquiring a relatively high
contrast sensitivity image and a relatively high resolution image by linearly
moving a sample from a symmetrical grating interferometer, and supplementing
the resolution and contrast sensitivity degradation issues that arise from the
image captured here by using a convolutional neural network (CNN).

Looking at the simulation results of the apparatus and method for
enhancing contrast sensitivity and resolution in a grating interferometer by
machine learning according to the present disclosure as described herein, it can
be seen that the contrast sensitivity and resolution of the phase difference
image can be improved by using a convolutional neural network to provide a
high quality medical image.

FIGS. 8A and 8B illustrate simulation results of phantom images,
consistent with the present disclosure. Simulation results 802, 812 are
relatively high resolution and relatively low contrast sensitivity images.

Simulation results 804, 814 are relatively high contrast sensitivity and
18
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relatively low resclution images. Simulation results 806, 816 are relatively
high resclution and relatively low contrast sensitivity images.

As described herein, it will be understood that the apparatus, method
and/or system described herein may be implemented in a modified form
without departing from the essential characteristics of the present disclosure.

Therefore, the described embodiments should be considered from an
illustrative viewpoint rather than a limiting viewpoint. The scope of the
disclosure is defined not in the above-mentioned description but in the claims,
and all differences that fall within the equivalent scope should be construed as

being included in the present disclosure.
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CLAIMS

What is claimed is:

1. Aun apparatus for enhancing contrast sensitivity and resolution in a
grating interferometer by machine learning, the apparatus comprising:

a grating interferometer image acquisition unit configured to acquire a
relatively high-resolution image and a relatively high seonsitivity image by
finearly moving a position of a sample from the symmetrical grating
interferometer;

a numerical phantom generation unit configured to generate a numerical
phantom for performing machine learning;

a convolution layer generation unit configured to perform calculation
processing of a convolutional neural network to extract features from input
data;

an activation function application calculation unit configured to apply a
ReLu (Rectified linear unit} activation function to an output value of the
convolution calculation to perform smooth repetitive machine learning;

a CNN {convolutional neural network) repetitive machine learning unit
configured to correct a convelution calculation factor while repeatedly
performing forward propagation and backward propagation processes; and

an image matching output unit configured to match and provide as output
features extracted by repetitive machine learning of the CNN repetitive

machine learning unit.

2. The apparatus for enhancing contrast sensitivity and resolution in a

grating interferometer by machine learning according to claim 1, wherein
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the grating interferometer image acguisition unit is configured to acquire
a pair of relatively high contrast sensitivity image and relatively high-
resclution image by installing a symmetrical grating interferometer and
linearly moving the position of the subject and performs an image size
rearrangement process to match different wagnifications of the respective

tmages.

3. The apparatus for enhancing contrast sensitivity and resolution in a
grating interferometer by machine learning according to claim 1, wherein

the numerical phantom generation unit is configured to measure the
resolution, contrast sensitivity and image noise of the acquired phase
difference image, implement the same level of images in numerical simulation

and generate a plurality of numerical phauntoms for relatively high accuracy.

4. The apparatus for enhancing contrast sensitivity and resolution in a
grating interferometer by machine learning according to claim 1, wherein

the convolution layer generation unit is configured to generate a filter
which is a convolution calculation factor in order to subject the input data to
convolution, has a horizontal and vertical size smaller than the input data and

allows the number of filters to be 32 or more.

5. The apparatus for enhancing contrast sensitivity and resolution in a

grating interferometer by machine learning according to claim 1, wherein
the convolution calculation of the input data and the filter in the

convolution layer generation unit comprises setting zero padding, stride, and

the size of the generated filter in order to keep the result of the convolution
21



10

15

20

25

WO 2020/033979 PCT/US2019/055189

calculation equal to the horizontal and vertical size of the input image,

(:L‘+2P-Cf L1 Ri"f'ZP'"Rf ; 1}

S ’ S J

the size of the output data comprises {{,, R,) = (
where (Cq, Ry} is the size of the output data (€ = column, R = row)}, {C;,Ry) 138
the size of the input data, S 18 the stride, P is zero-padding, and {C¢,Ry) 1s the

size of the filter.

6. The apparatus for enhancing contrast sensitivity and resolution in a
grating interferometer by machine learning according to claim 1, wherein

in the convolution calculation of the input data and the filter in the
convolution layer generation unit,

zero padding is performed to solve the problem that the edge information
of the input data disappears, and

the result of the convolution calculation adjusts the size of the output
data to the same size as the input value by setting the stride to 1 {stride = 1}

when the filter is moved within the input data.

7. The apparatus for enhancing contrast sensitivity and resolution in a
grating interferometer by machine learning according to claim 1, wherein

the activation function application calculation unit s configured to apply
a ReLu function to an output value obtained from the calculation of each
convolution layer, thereby reducing an error that may occur during repetitive

machine learning performed later.

8. The apparatus for enhancing contrast sensitivity and resolution in a

grating interferometer by machine learning according to claim 1, wherein
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in the UNN repetitive machine learning unit,

the forward propagation uses the convolutional calculation of the input
data generated by the simulation and the convelution calculation factor to
finally calculate a foss value of 3 cost function, and

the back propagation corrects weight and bias by partially differentiating
the convolution calculation factor in the reverse direction of the forward

propagation calculation in order to minimize the loss.

9. The apparatus for enhancing contrast sensitivity and resolution in a
grating interferometer by machine learning according to claim 1, wherein

the CNN repetitive machine learning unit is configured to generate a
cost function that reduces the difference between the result value of the
convolution calculation performed from the input image and the ground truth,
and

repeatedly perform forward propagation and backward propagation

processes in a direction in which the generated cost function is reduced.
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