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METHOD AND APPARATUS WITH
QUANTIZED IMAGE GENERATION

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application claims the benefit under 35 USC § 119(a)
of Korean Patent Application No. 10-2019-0175530, filed
on Dec. 26, 2019, in the Korean Intellectual Property Office,
the entire disclosure of which is incorporated herein by
reference for all purposes.

BACKGROUND
1. Field

The following description relates to a method and appa-
ratus with quantized image generation.

2. Description of Related Art

A neural network may have an operation structure in
which a large number of processing devices having simple
functions are connected in parallel. To solve an issue of
classifying an input pattern into a predetermined group, the
neural network may be implemented with an algorithm with
a learning ability. The neural network may have a general-
ization ability to generate a relatively correct output for an
input pattern that has not been used for training, based on a
result of the training.

However, the neural network may have a limitation of
requiring a large amount of resources to process data.

SUMMARY

This Summary is provided to introduce a selection of
concepts in a simplified form that are further described
below in the Detailed Description. This Summary is not
intended to identify key features or essential features of the
claimed subject matter, nor is it intended to be used as an aid
in determining the scope of the claimed subject matter.

In one general aspect, a system includes: an image sensor
configured to acquire an image; an image processor config-
ured to generate a quantized image based on the acquired
image using a trained quantization filter; and an output
interface configured to output the quantized image.

The quantized image may be an image with a number of
bits less than a number of bits of the image acquired by the
image sensor.

The quantized image may be a binary image including
pixels that each have one of a first pixel value and a second
pixel value.

The quantization filter may be a dither matrix and include,
as elements, a plurality of threshold values determined based
on a training process.

The dither matrix may include: a plurality of channels,
and, as the elements, different threshold values among the
threshold values for each of the channels.

The training process may include: generating a quantized
training image by quantizing a training image using the
quantization filter; and determining the elements by adjust-
ing the elements of the quantization filter based on a result
label output from an object recognition model in response to
the quantized training image being input to the object
recognition model.
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2

The adjusting of the elements may include adjusting the
elements of the quantization filter to reduce a loss deter-
mined based on a difference between the result label and a
correct answer label.

For the generating of the quantized image, the image
processor may be configured to: perform a convolution
operation on the acquired image using a trained convolution
filter; and generate the quantized image by quantizing the
image on which the convolution operation is performed
using the quantization filter.

The image processor may include any one or any com-
bination of a digital signal processor (DSP), an image signal
processor (ISP), and a microcontroller unit (MCU).

The system may include an object recognition apparatus
configured to recognize an object appearing in the quantized
image using an object recognition model having a bit width
corresponding to a bit width of the quantized image, and, for
the outputting of the quantized image, the output interface
may be configured to transfer the quantized image to the
object recognition apparatus.

In another general aspect, a processor-implemented
method includes: acquiring, using an image sensor, an
image; generating, using an image processor, a quantized
image based on the acquired image using a trained quanti-
zation filter; and outputting, using an output interface, the
quantized image.

The quantized image may be an image with a number of
bits less than a number of bits of the image acquired by the
image sensor.

The quantization filter may be a dither matrix and may
include, as elements, a plurality of threshold values deter-
mined based on a training process.

The dither matrix may include: a plurality of channels,
and, as the elements, different threshold values among the
threshold values for each of the channels.

The training process may include: generating a quantized
training image by quantizing a training image using the
quantization filter; acquiring a result label output from an
object recognition model in response to the quantized train-
ing image being input to the object recognition model; and
determining the elements by adjusting the elements of the
quantization filter to reduce a loss determined based on a
difference between the result label and a correct answer
label.

The training process may include: acquiring a first result
label output from the object recognition model in response
to a training image being input to the object recognition
model; acquiring a second result label output from the object
recognition model in response to a quantized image gener-
ated by quantizing the training image using the quantization
filter being input to the object recognition model; and
determining the elements by adjusting the elements of the
quantization filter to reduce a loss determined based on a
difference between the first result label and the second result
label.

The generating of the quantized image may include:
performing a convolution operation on the acquired image
using a trained convolution filter; and generating the quan-
tized image by quantizing the image on which the convo-
Iution operation is performed using the quantization filter.

The outputting of the quantized image may include exter-
nally transmitting the quantized image to an object recog-
nition apparatus, and the object recognition apparatus may
be configured to recognize an object appearing in the
quantized image using an object recognition model having a
bit width corresponding to a bit width of the quantized
image.
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A non-transitory computer-readable storage medium may
store instructions that, when executed by a processor, con-
figure the processor to perform the method.

In another general aspect, a processor-implemented
method includes: acquiring an image; generating, using an
image processor, a quantized image by determining a pixel
value of the quantized image to be either one of a first pixel
value and a second pixel value based on a comparison of a
pixel value of the acquired image and a corresponding
threshold value of a trained quantization filter; and output-
ting, using an output interface, the quantized image.

The threshold value may be an intermediate value of a
range of pixel values of the acquired image.

The determining of the pixel value of the quantized image
may include: determining the pixel value of the quantized
image to be the first pixel value in response to the pixel value
of the acquired image being less than the corresponding
threshold value; and determining the pixel value of the
quantized image to be the second pixel value in response to
the pixel value of the acquired image being greater than the
corresponding threshold value.

The method may include adjusting one or more of pixel
values of the acquired image that neighbor the pixel value of
the acquired image, based on a determined error of the pixel
value of the acquired image.

The method may include determining the error of the
pixel value of the acquired image as a difference between the
pixel value of the acquired image and a first reference value
that is an intermediate value of a range from a minimum
pixel value of the acquired image to the threshold value, in
response to the pixel value of the acquired image being less
than the threshold value.

The method may include determining the error of the
pixel value of the acquired image as a difference between the
pixel value of the acquired image and a second reference
value that is an intermediate value of a range from the
threshold value to a maximum pixel value of the acquired
image, in response to the pixel value of the acquired image
being greater than or equal to the threshold value.

The acquiring of the image may include either one of:
acquiring the image from an image sensor; or acquiring the
image by performing a convolution operation on an image
acquired by the image sensor.

In another general aspect, a processor-implemented
method includes: generating a quantized training image by
quantizing a training image using a quantization filter;
acquiring a result label output from an object recognition
model in response to the quantized training image being
input to the object recognition model; and training the
quantization filter by adjusting elements of the quantization
filter to reduce a loss determined based on a difference
between the result label and a correct answer label.

The method may include acquiring, using an image sen-
sor, an image; generating, using an image processor, a
quantized image based on the acquired image using the
trained quantization filter; and outputting, using an output
interface, the quantized image.

Other features and aspects will be apparent from the
following detailed description, the drawings, and the claims.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 illustrates an example of an object recognition
system.

FIG. 2 illustrates an example of an object recognition
process.
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4

FIG. 3 illustrates an example of a quantized image gen-
eration method.

FIGS. 4A and 4B illustrate examples of a process of
generating a quantized image using a quantization filter.

FIGS. 5A and 5B illustrate examples of a training process
of a quantization filter.

FIG. 6 illustrates anr example of an object recognition
process.

FIG. 7 illustrates an example of a training process of a
convolution filter and a quantization filter.

FIG. 8 illustrates an example of a quantized image gen-
eration method.

FIG. 9 illustrates an example of a sensor apparatus.

FIG. 10 illustrates an example of an apparatus comprising
a sensor apparatus and an object recognition apparatus.

Throughout the drawings and the detailed description,
unless otherwise described or provided, the same drawing
reference numerals will be understood to refer to the same
elements, features, and structures. The drawings may not be
to scale, and the relative size, proportions, and depiction of
elements in the drawings may be exaggerated for clarity,
illustration, and convenience.

DETAILED DESCRIPTION

The following detailed description is provided to assist
the reader in gaining a comprehensive understanding of the
methods, apparatuses, and/or systems described herein.
However, various changes, modifications, and equivalents
of the methods, apparatuses, and/or systems described
herein will be apparent after an understanding of the dis-
closure of this application. For example, the sequences of
operations described herein are merely examples, and are
not limited to those set forth herein, but may be changed as
will be apparent after an understanding of the disclosure of
this application, with the exception of operations necessarily
occurring in a certain order. Also, descriptions of features
that are known may be omitted for increased clarity and
conciseness.

The features described herein may be embodied in dif-
ferent forms, and are not to be construed as being limited to
the examples described herein. Rather, the examples
described herein have been provided merely to illustrate
some of the many possible ways of implementing the
methods, apparatuses, and/or systems described herein that
will be apparent after an understanding of the disclosure of
this application.

The following specific structural or functional descrip-
tions merely describe examples, and the scope of this
disclosure or such examples are not limited to the descrip-
tions provided in the present specification. Various altera-
tions and modifications may be made to the examples. Here,
the examples are not construed as limited to the disclosure
and should be understood to include all changes, equiva-
lents, and replacements within the idea and the technical
scope of the disclosure.

Although terms of “first” or “second” are used herein to
describe various members, components, regions, layers, or
sections, these members, components, regions, layers, or
sections are not to be limited by these terms. Rather, these
terms are only used to distinguish one member, component,
region, layer, or section from another member, component,
region, layer, or section. Thus, a first member, component,
region, layer, or section referred to in examples described
herein may also be referred to as a second member, com-
ponent, region, layer, or section without departing from the
teachings of the examples.
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The terminology used herein is for the purpose of describ-
ing particular examples only, and is not to be used to limit
the disclosure. As used herein, the singular forms “a,” “an,”
and “the” are intended to include the plural forms as well,
unless the context clearly indicates otherwise. As used
herein, the term “and/or” includes any one and any combi-
nation of any two or more of the associated listed items. As
used herein, the terms “include,” “comprise,” and “have”
specify the presence of stated features, numbers, operations,
elements, components, and/or combinations thereof, but do
not preclude the presence or addition of one or more other
features, numbers, operations, elements, components, and/or
combinations thereof.

Unless otherwise defined, all terms, including technical
and scientific terms, used herein have the same meaning as
commonly understood by one of ordinary skill in the art to
which this disclosure pertains consistent with and after an
understanding of the present disclosure. Terms, such as those
defined in commonly used dictionaries, are to be interpreted
as having a meaning that is consistent with their meaning in
the context of the relevant art and the present disclosure, and
are not to be interpreted in an idealized or overly formal
sense unless expressly so defined herein. The use of the term
“may” herein with respect to an example or embodiment (for
example, as to what an example or embodiment may include
or implement) means that at least one example or embodi-
ment exists where such a feature is included or implemented,
while all examples are not limited thereto.

Hereinafter, examples will be described in detail with
reference to the accompanying drawings, and like reference
numerals in the drawings refer to like elements throughout.

FIG. 1 illustrates an example of an object recognition
system 100.

Referring to FIG. 1, the object recognition system 100
may include a sensor apparatus 110 and an object recogni-
tion apparatus 120. The object recognition system 100 may
be a system configured to acquire an image using the sensor
apparatus 110 and to recognize an object appearing in the
image using the object recognition apparatus 120. For
example, the object recognition system 100 may be used for
a face recognition or an object recognition, as non-limiting
examples.

The sensor apparatus 110 may acquire an image using an
image sensor (for example, a camera) and generate a quan-
tized image by quantizing the acquired image. The quantized
image may be an image with a number of bits less than a
number of bits of the image acquired using the image sensor,
and may include, for example, a binary image including
pixels that each have one of a first pixel value (for example,
“0”) and a second pixel value (for example, “1”).

The sensor apparatus 110 may automatically quantize an
image using a processing unit (for example, an image
processor or a microcontroller unit (MCU)) included in the
sensor apparatus 110. The image processor may generate a
quantized image by quantizing an image using a trained
quantization filter. The quantized image may be transferred
to the object recognition apparatus 120. As described above,
the object recognition apparatus 120 may perform a pro-
cessing of the quantized image acquired from the sensor
apparatus 110, instead of performing a process of quantizing
an image. A quantization processing may be performed in
the sensor apparatus 110 and the quantized image may be
transmitted from the sensor apparatus 110 to the object
recognition apparatus 120, and thus the object recognition
system 100 of one or more embodiments may improve the
technical fields of image quantization, image recognition,
and the functioning of computers by reducing both an
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amount of data and a bandwidth used for transmitting the
image information from the sensor apparatus 110 to the
object recognition apparatus 120, in comparison to when an
acquired image that is not quantized is transmitted directly
from a sensor apparatus to an object recognition apparatus.
In the present disclosure, the image processor may be a
processor configured to perform a function of processing an
image in the sensor apparatus 110, and should not be
interpreted as being limited to a processor configured to
perform only a function of processing an image. Depending
on examples, the image processor may perform functions
(for example, controlling of the sensor apparatus 110) other
than an image processing of the quantization processing.

In a typical process of quantizing an image, a large
amount of information may be lost. Such information loss
may have an influence on a result of an object recognition.
The object recognition system 100 of one or more embodi-
ments may improve the technical fields of image quantiza-
tion, image recognition, and the functioning of computers by
minimizing an amount of important information to be lost in
an image quantization process using an optimal quantization
filter trained through a training process, thus reducing an
object recognition performance degradation due to use of a
quantized image.

The object recognition apparatus 120 may receive the
quantized image generated by the sensor apparatus 110 from
the sensor apparatus 110 and perform an object recognition
based on the quantized image. The object recognition appa-
ratus 120 may perform the object recognition on the quan-
tized image using a trained object recognition model. The
object recognition model may be, for example, a neural
network model, and may provide a score (for example, an
expected value or a probability value) indicating a type of an
object appearing in the quantized image based on image
information (for example, pixel value information) of the
quantized image input to the object recognition model.

The neural network model used as the object recognition
model may include, for example, a deep neural network
(DNN) (for example, a convolutional neural network (CNN)
or a recurrent neural network (RNN)), however, the type of
object recognition models is not limited thereto. Neural
network models (for example, autoencoders or generative
adversarial networks (GANs)) may also be used as object
recognition models, and the type and forms of neural net-
work models are not limited.

For example, the object recognition model may be a
neural network model having a bit width corresponding to a
bit width of the quantized image. By using a neural network
model having a low bit width corresponding to the bit width
of the quantized image, the object recognition model of one
or more embodiments may improve the technical fields of
image quantization, image recognition, and the functioning
of computers by reducing an amount of resources and
increasing a processing speed used to perform object rec-
ognition. In an example, the object recognition model of one
or more embodiments may improve the technical fields of
image quantization, image recognition, and the functioning
of computers by using a low bit width so that the object
recognition system 100 may perform an object recognition
process with a low power, a low memory usage and at a high
speed, in a limited embedded system (for example, a smart
sensor or a smartphone).

FIG. 2 illustrates an example of an object recognition
process.

Referring to FIG. 2, the object recognition process may
include operation 210 of generating a quantized image in a
sensor apparatus (for example, the sensor apparatus 110 of
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FIG. 1), and operation 220 of performing an object recog-
nition based on the quantized image in an object recognition
apparatus (for example, the object recognition apparatus 120
of FIG. 1).

In operation 210, the sensor apparatus may acquire an
image 212 using an image sensor and generate a quantized
image 216 through an image quantization process 214. The
image 212 acquired using the image sensor may have a pixel
value represented by a number of bits (for example, 8 bits,
10 bits or 12 bits) and the quantized image 216 may have a
pixel value represented by a smaller number of bits (for
example, 2 bits or 4 bits).

In the image quantization process 214, the sensor appa-
ratus may quantize the image 212 using a halftone scheme.
The halftone scheme may be a scheme of converting an
image with a high bit width into an image (for example, a
binary image) with a low bit width, and may also be a
scheme of representing a pixel value of an image as a density
in a two-dimensional (2D) space. The sensor apparatus may
quantize the image 212 using a trained quantization filter, or
using an error diffusion scheme. A non-limiting example of
using the error diffusion scheme will be further described
below with reference to FIG. 8. In the following description,
an example of quantizing the image 212 using the quanti-
zation filter is described.

The quantization filter used in the image quantization
process 214 may be a dither matrix generated through the
training process. The dither matrix may have different
threshold values for each position as elements. Depending
on examples, the dither matrix may include a plurality of
channels. By using the dither matrix generated through the
training process, the quantized image 216 optimized as an
input of an object recognition model 222 used for an object
recognition may be generated. Non-limiting examples of a
training process of the dither matrix will be further described
below with reference to FIGS. 5A and 5B.

The quantized image 216 may be transferred to the object
recognition apparatus via an output interface of the sensor
apparatus. As described above, the image 212 acquired using
the image sensor may be converted into the quantized image
216 having a number of bits less than that of the image 212
in the sensor apparatus and the quantized image 216 may be
transmitted to the object recognition apparatus, and thus a
quantity of data transmitted may be reduced in comparison
to when acquired image is transmitted directly to an object
recognition apparatus.

In operation 220, the object recognition apparatus may
perform the object recognition using the object recognition
model 222. The object recognition model 222 may be, for
example, a trained neural network model and may provide
a recognition result of the object recognition based on the
input quantized image 216. The object recognition process
may be performed under a control of a processor (for
example, a central processing unit (CPU), a graphics pro-
cessing unit (GPU), or a neural network processing unit
(NPU)) included in the object recognition apparatus. For
example, when the quantized image 216 is input to the
object recognition model 222, the object recognition model
222 may output a score indicating a possibility or a prob-
ability that an object appearing in the quantized image 216
corresponds to each class or label. In this example, the object
recognition apparatus may determine an object recognition
result based on information associated with the score.

When the quantized image 216 has a small number of bits,
the quantized image 216 may be input to the object recog-
nition model 222 having a low bit width. The low bit width
represents, for example, a small number of bits (for example,
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4 bits). A neural network model with a low bit width may be
used as the object recognition model 222 for a high-speed
operation in a limited resource environment (for example, a
low-power and low-capacity memory). The quantized image
216 that is an image with a small number of bits may be used
as an input to the object recognition model 222. The sensor
apparatus may reduce a degree to which important informa-
tion is lost in the image quantization process 214 using a
trained quantization filter, and thus the sensor apparatus of
one or more embodiments may increase an accuracy and a
confidence of the object recognition result.

FIG. 3 illustrates an example of a quantized image gen-
eration method. The quantized image generation method of
FIG. 3 may be performed by, for example, a sensor appa-
ratus (for example, the sensor apparatus 110 of FIG. 1).

Referring to FIG. 3, in operation 310, the sensor apparatus
may acquire an image using an image sensor (for example,
a camera). The acquired image may have a large number of
bits, and the sensor apparatus may automatically perform an
image processing to reduce the number of bits of the image
using a processing unit such as an image processor or an
MCU included in the sensor apparatus. As the above image
processing process, in operation 320, the sensor apparatus
may generate a quantized image by quantizing the image
acquired in operation 310 using a quantization filter that is
trained. The quantized image may have a number of bits less
than that of the image acquired using the image sensor, and
may be, for example, a binary image.

The quantization filter may be, for example, a dither
matrix, and the sensor apparatus may apply the dither matrix
to the image acquired using the image sensor to generate the
quantized image. The dither matrix may include a single
channel or a plurality of channels, and a plurality of thresh-
old values included as elements of the dither matrix may be
determined through the training process. Through the train-
ing process, the elements of the dither matrix may be
determined to minimize an object recognition performance
degradation that may occur due to use of the quantized
image.

For example, the sensor apparatus may perform a convo-
Iution operation prior to the quantization process. The sensor
apparatus may perform a convolution operation on the
image acquired using the image sensor, using a trained
convolution filter. The sensor apparatus may generate a
quantized image by quantizing the image on which the
convolution operation is performed, using a trained quanti-
zation filter. A non-limiting example of a training process of
the convolution filter and the quantization filter will be
further described below with reference to FIG. 7.

In operation 330, the sensor apparatus may transmit the
quantized image generated in operation 320 externally from
the sensor apparatus via an output interface. As described
above, the image acquired using the image sensor may be
quantized in the sensor apparatus and the quantized image
may be output from the sensor apparatus. The quantized
image may be transmitted via a wire or wirelessly using the
output interface. For example, the sensor apparatus may
transfer the quantized image to the object recognition appa-
ratus, and the object recognition apparatus may recognize an
object appearing in the quantized image using an object
recognition model having a bit width corresponding to a bit
width of the quantized image.

FIGS. 4A and 4B illustrate examples of a process of
generating a quantized image using a quantization filter.

Referring to FIG. 4A, a sensor apparatus (for example, the
sensor apparatus 110 of FIG. 1) may generate a quantized
image 440 by quantizing an image 410 using a trained dither
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matrix 420 as a quantization filter. The dither matrix 420
may have different threshold values as elements and a size
of the dither matrix 420 is not limited and may be variously
set. As shown in FIG. 4B, a dither matrix 425 may include
a plurality of channels. For example, the dither matrix 425
may include dither matrices for three channels, and may
have different threshold values for each channel as elements.

Referring back to FIG. 4A, the sensor apparatus may
apply the dither matrix 420 to pixel values of pixels included
in the image 410 and apply a quantization function 430 to a
result obtained by applying the dither matrix 420 to the pixel
values, to generate the quantized image 440. For example,
the sensor apparatus may subtract a threshold value included
in the dither matrix 420 from pixel values of pixels to which
the dither matrix 420 is to be applied among all pixels in the
image 410. In an example, when a pixel value of a pixel A
in the image 410 is “12” and a threshold value of the dither
matrix 420 to be applied to the pixel A is “5”, a value of “7”
may be assigned to the pixel A as a result obtained by
applying the dither matrix 420. In this example, in gener-
ating the quantized image 440, the sensor apparatus may
apply the quantization function 430 to the value of “7” of the
pixel A to replace the pixel value of the pixel A with a
quantized value. For example, when a sign function is used
as the quantization function 430, the pixel value of the pixel
A may be replaced with a quantized value of “1” in response
to the value of “7” of the pixel A being a positive value. In
another example, when a value of “-2” is assigned to a pixel
B as a result of the applying of the dither matrix 420, a pixel
value of the pixel B may be replaced with a quantized value
of “0” as a result of applying of the quantization function
430 when the value of “-2” of the pixel B is a negative
value. Accordingly, in an example, a pixel of the quantized
image 440 may have be generated to have a value of “1”
when a corresponding pixel generated by applying the dither
matrix 420 to a pixel of the image 410 has a positive value,
and a pixel of the quantized image 440 may have be
generated to have a value of “0” when a corresponding pixel
generated by applying the dither matrix 420 to a pixel of the
image 410 has a negative value. The sensor apparatus may
perform the above process of each of the pixels in the image
410, to generate the quantized image 440 having pixels that
each have quantized pixel values.

FIGS. 5A and 5B illustrate examples of a training process
of a quantization filter.

Elements of a quantization filter used to generate a
quantized image by a sensor apparatus (for example, the
sensor apparatus 110 of FIG. 1) may be determined through
the training process. In the following description, a dither
matrix may be used as a quantization filter.

Referring to FIG. 5A, a training image 510 may be
selected as training data, and a trainable quantization filter
520 may be applied to the training image 510. The training
image 510 may be, for example, an image with a relatively
large number of bits, for example, 8 bits. For example, a
quantization function 530 may be applied to a result
obtained by subtracting a threshold value included in the
quantization filter 520 from a pixel value of each of pixels
to which the quantization filter 520 is to be applied among
all pixels in the training image 510. For example, a sign
function may be used as the quantization function 530. The
quantization function 530 may assign a quantized value to a
pixel value of a corresponding pixel based on the result
obtained by subtracting the threshold value, and a training
image 540 quantized based on a result of applying the
quantization function 530 may be generated. As described
above, the quantized training image 540 (for example, a
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10
1-bit binary image) may be generated by quantizing the
training image 510 using the quantization filter 520.

The quantized training image 540 may be input to an
object recognition model 550. In response to an input of the
quantized training image 540 to the object recognition
model 550, a result label 560 output from the object recog-
nition model 550 may be obtained. The object recognition
model 550 may be based on a neural network model, and
may provide score information about a type of an object
appearing in the quantized training image 540 based on a
calculation result of the neural network model. A loss may
be calculated based on a difference between the result label
560 and a correct answer label 570 of a real or predeter-
mined object appearing in the training image 510, and
elements (for example, threshold values of a dither matrix)
of the quantization filter 520 may be adjusted to reduce the
loss based on a backpropagation algorithm. The correct
answer label 570 may correspond to a desired value corre-
sponding to the training image 510.

As described above, the quantization filter 520 may be
trained to minimize an object recognition performance deg-
radation due to use of a quantized image of the object
recognition model 550. Depending on examples, the object
recognition model 550 may be trained as well as the quan-
tization filter 520 in the training process, and accordingly
parameters of the object recognition model 550 may also be
adjusted.

The above training process may be repeatedly performed
for each of various training images, and elements of the
quantization filter 520 may be iteratively updated to desired
values through a large number of training processes. For
example, elements of the quantization filter 520 may be
iteratively updated using the training process until the cal-
culated loss is less than or equal to a predetermined thresh-
old.

In another example, when the object recognition model
550 is trained based on the training image 510 and when
parameters of the object recognition model 550 are fixed, the
training process of the quantization filter 520 may be per-
formed. In the training process of the quantization filter 520,
when the training image 510 is input to the object recogni-
tion model 550, a first result label 560 output from the object
recognition model 550 may be obtained. When the quantized
training image 540 generated by quantizing the training
image 510 using the quantization filter 520 and the quanti-
zation function 530 is input to the object recognition model
550, a second result label 560 output from the object
recognition model 550 may be obtained. A loss may be
calculated based on a difference between the first result label
560 and the second result label 560, and elements of the
quantization filter 520 may be adjusted to reduce the loss
based on the backpropagation algorithm to train the quan-
tization filter 520. In this example, the first result label 560
and the second result label 560 may be in forms of, for
example, embedding vectors. The trained quantization filter
520 may correspond to the dither matrix 420 of FIG. 4A, in
an example.

FIG. 5B illustrates an example in which a quantization
filter 525 may be a dither matrix including a plurality of
channels. The training process described above with refer-
ence to FIG. 5A is equally applicable to a process of training
the quantization filter 525, except that threshold values of a
dither matrix for each channel may be adjusted in the
quantization filter 525 forming a plurality of channels,
instead of or in addition to the quantization filter 520 for a
single channel, to train the quantization filter 525. The
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trained quantization filter 525 may correspond to the dither
matrix 425 of FIG. 4B, in an example.

FIG. 6 illustrates an example of an object recognition
process.

Referring to FIG. 6, the object recognition process
includes operation 610 of generating a quantized image in a
sensor apparatus (for example, the sensor apparatus 110 of
FIG. 1), and operation 620 of performing an object recog-
nition based on the quantized image in an object recognition
apparatus (for example, the object recognition apparatus 120
of FIG. 1).

In operation 610, the sensor apparatus may acquire an
image 612 using an image sensor and perform a convolution
operation by applying a convolution filter to the acquired
image 612 in operation 614. The convolution filter may be
a trained convolution filter, and the trained convolution filter
may be determined through a training process. The sensor
apparatus may perform an image quantization 616 on an
image 612 to which the convolution filter is applied, and
generate a quantized image 618. The sensor apparatus may
perform the image quantization 616 using a trained quanti-
zation filter. By performing a convolution operation on the
image 612 before performing the image quantization 616,
the image 612 may be adjusted to more accurately represent
an image feature associated with an object.

The quantized image 618 may be transferred to the object
recognition apparatus. In operation 620, the object recogni-
tion apparatus may perform the object recognition based on
the quantized image 618. The object recognition apparatus
may input the quantized image 618 to the object recognition
model 622, and the object recognition model 622 may
provide a recognition result of the object recognition based
on the quantized image 618. For example, the object rec-
ognition model 622 may provide information associated
with a result label corresponding to the quantized image 618.

FIG. 7 illustrates an example of a training process of a
convolution filter and a quantization filter.

Referring to FIG. 7, a training image 710 may be provided
as training data. The training image 710 is, for example, an
image with a relatively large number of bits (for example, 8
bits). A convolution operation 725 may be performed on the
training image 710 based on a trainable convolution filter
720, and an image quantization 735 may be performed on
the training image on which the convolution operation 725
is performed, based on a trainable quantization filter 730. A
quantized training image 740 may be generated as a result
obtained by performing the image quantization 735, and the
generated quantized training image 740 may be input to an
object recognition model 750. The object recognition model
750 may output a result label 760 corresponding to the
quantized training image 740, and a loss may be determined
based on a difference between the result label 760 and a
correct answer label 770 corresponding to the original
training image 710. Elements or parameters of the convo-
Iution filter 720 and the quantization filter 730 may be
adjusted to minimize the loss based on, for example, a
backpropagation algorithm to train the convolution filter 720
and the quantization filter 730. The above training process
may be repeatedly performed for each of training images,
and the convolution filter 720 and the quantization filter 730
may be iteratively desirably changed through a large number
of training processes. For example, the elements or the
parameters of the convolution filter 720 and the quantization
filter 730 may be iteratively updated using the training
process until the determined loss is less than or equal to a
predetermined threshold. The trained quantization filter 730
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may correspond to either of the dither matrix 420 of FIG. 4A
and the dither matrix 425 of FIG. 4B, in an example.

FIG. 8 illustrates an example of a quantized image gen-
eration method (for example, using an error diffusion
scheme). The error diffusion scheme may be a scheme of
propagating a quantization error caused by a quantization to
neighboring pixels and compensating for the quantization
error. For example, when an image is quantized using the
error diffusion scheme, a sensor apparatus (for example, the
sensor apparatus 110 of FIG. 1) may reduce a range of
quantization errors using an intermediate value of each
quantization interval as a reference value of a quantization
interval.

Referring to FIG. 8, in operation 810, the sensor apparatus
may acquire an image using an image sensor. In operation
820, the sensor apparatus may select a current pixel from the
acquired image. For example, the current pixel may be
selected in a raster scan order.

In operation 830, whether a pixel value of the selected
current pixel is greater than a threshold value is determined.
For example, when a pixel value of a pixel in the image is
in a range of “0” to “255”, the threshold value may be an
intermediate value of the range, that is, “127.5”. For
example, when the image sensor is configured to generate
the image to have pixel values in a range from a minimum
pixel value (for example, “0”) and a maximum pixel value
(for example, “255”), the sensor apparatus may determine
the threshold value to be an average of the minimum and
maximum pixel value (for example, “127.5”). However, the
threshold value is not limited thereto.

When the pixel value of the current pixel is less than the
threshold value, a first reference value may be selected as a
reference value used to calculate a quantization error in
operation 840. When the pixel value of the current pixel is
not less than the threshold value, a second reference value is
selected as a reference value used to calculate a quantization
error in operation 845. For example, the first reference value
may correspond to “63.75” that is an intermediate value of
a first quantization interval of “0” to “127.5”, and the second
reference value may correspond to “191.25” that is an
intermediate value of a second quantization interval of
“127.5” to “255”. For example, when the image sensor is
configured to generate the image to have pixel values in a
range from a minimum pixel value (for example, “0”) and a
maximum pixel value (for example, “255) and the thresh-
old value is determined to be an average of the minimum and
maximum pixel value (for example, “127.5”), the sensor
apparatus may determine the first reference value to be an
average of the minimum pixel value and the threshold value
(for example, “63.75”) and may determine the second ref-
erence value to be an average of the threshold value and the
maximum pixel value (for example, “191.257).

In operation 850, the sensor apparatus may calculate an
error corresponding to the current pixel based on the pixel
value of the current pixel and a quantization interval includ-
ing the pixel value of the current pixel. In an example, when
the pixel value of the current pixel is “100”, the first
reference value of “63.75” may be selected in operation 840
in response to the pixel value of the current pixel being less
than “127.5” that is the threshold value. In this example, in
operation 850, “36.25” obtained by subtracting the first
reference value of “63.75” from the pixel value of “100”
may be calculated as an error. In another example, when the
pixel value of the current pixel is “140”, the second refer-
ence value of “191.25” may be selected in operation 845 in
response to the pixel value of the current pixel is greater than
“127.5” that is the threshold value. In this example, in
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operation 850, “-51.25” obtained by subtracting the second
reference value of “191.25” from the pixel value of “140”
may be calculated as an error.

In operation 860, the sensor apparatus may adjust a pixel
value of a neighboring pixel of the current pixel based on the
error corresponding to the current pixel calculated in opera-
tion 850. For example, the sensor apparatus may add a value
obtained by applying a predetermined weight to the error to
the pixel value of the neighboring pixel. The neighboring
pixel may correspond to at least one pixel on which a
quantization processing is not yet performed among pixels
adjacent to the current pixel, and different weights may be
applied to neighboring bipolar pixels. For example, the
sensor apparatus may apply the error to a neighboring pixel
based on a Floyd-Steinberg algorithm. In this example, the
neighboring pixel may include a pixel located to each of the
right, bottom-left, bottom, and bottom-right of the current
pixel. As described above, the error corresponding to the
current pixel may be propagated to neighboring pixels, pixel
values of the neighboring pixels may be adjusted, and an
image quantization may be performed based on the adjusted
pixel values.

In operation 870, the sensor apparatus may generate a
quantized image by matching the pixel value of the current
pixel to a quantized pixel value. In an example, when the
pixel value of the current pixel is included in a first quan-
tization interval (for example, an interval from the minimum
pixel value to the threshold value), the sensor apparatus may
match the pixel value of the current pixel to a first quantized
pixel value, for example, “0”. In another example, when the
pixel value of the current pixel is included in a second
quantization interval (for example, an interval from the
threshold value to the maximum pixel value), the sensor
apparatus may match the pixel value of the current pixel to
a second quantized pixel value, for example, “1”. Depending
on examples, a quantization of an image may be performed
by a binary quantization, a bipolar quantization, or a ternary
quantization, however, examples are not limited thereto. In
an example of the ternary quantization, a pixel value of an
image may be mapped to any one or any combination of
“=17, “0”, and “1” and the image may be quantized. Also,
three quantization intervals may exist. A reference value of
each of the three quantization intervals may be set as an
intermediate value of each of the three quantization inter-
vals.

As described above, an intermediate value of a quantiza-
tion interval may be set as a reference value, to minimize a
quantization error. For example, when the first reference
value is “0” and when the second reference value is ‘2557,
the quantization error may have a range of “-127 to “127”.
When the first reference value and the second reference
value are set to “63.75” and “191.25”, respectively, as
described above, the quantization error may have a range of
“~63.75” to “63.75”. Thus, the range of the quantization
error may be minimized to reduce an error between the
quantized image and the original image.

An intermediate value of a quantization interval may be
used as a reference value of the quantization interval as
described above, or all values other than a minimum value,
for example, “0” and a maximum value, for example, “255”,
may be used as a reference value of the quantization interval.
Depending on examples, the reference value of the quanti-
zation interval may also be determined through a training
process.

FIG. 9 illustrates an example of a sensor apparatus (for
example, a sensor apparatus 900).
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Referring to FIG. 9, the sensor apparatus 900 may include
an image sensor 910, an image processor 920 (for example,
one or more processors), a memory 930, and an output
interface 940. The sensor apparatus 900 may correspond to
a sensor apparatus described in the present disclosure (for
example, the sensor apparatus 110 of FIG. 1).

The image sensor 910 may acquire an image. For
example, the image sensor 910 may acquire an image (for
example, a color image, a grayscale image, or an infrared
image).

The image processor 920 may control an operation of the
sensor apparatus 900, and may include, for example, any one
or any combination of a digital signal processor (DSP), an
image signal processor (ISP), and an MCU. The image
processor 920 may generate a quantized image by perform-
ing an image quantization processing on the image acquired
by the image sensor 910. The image processor 920 may
perform one or more or all operations associated with the
image quantization described above with reference to FIGS.
1 through 8.

In an example, the image processor 920 may generate a
quantized image (for example, a binary image) by quantiz-
ing an image acquired using a trained quantization filter (for
example, a dither matrix). In another example, the image
processor 920 may generate a quantized image by perform-
ing a convolution operation on the image acquired by the
image sensor 910 using a trained convolution filter and by
quantizing the image on which the convolution operation is
performed using a trained quantization filter. In still another
example, the image processor 920 may generate a quantized
image using the error diffusion scheme described above with
reference to FIG. 8. The image processor 920 may calculate
an error corresponding to a current pixel included in the
image, based on a pixel value of the current pixel and a
quantization interval including the pixel value, may adjust a
pixel value of a neighboring pixel of the current pixel based
on the calculated error, and may generate the quantized
image based on an adjustment result.

The memory 930 may store instructions to be executed by
the processor 920, and information used to perform an image
quantization. The memory 930 may store information asso-
ciated with the image acquired by the image sensor 910 and
a quantized image generated through an image quantization
processing. The memory 930 may include, for example, a
high-speed random access memory (RAM) and/or a non-
volatile computer-readable storage medium.

The output interface 940 may transmit the quantized
image generated by the image processor 920 externally from
the sensor apparatus 900. For example, the output interface
940 may transmit the quantized image to an object recog-
nition apparatus (for example, the object recognition appa-
ratus 120 of FIG. 1 or the object recognition apparatus 1020
of FIG. 10 discussed below) via a wired or wireless com-
munication.

FIG. 10 illustrates an example of an apparatus or system
including a sensor apparatus (for example, the sensor appa-
ratus 900) and an object recognition apparatus (for example,
an object recognition apparatus 1020).

Referring to FIG. 10, the object recognition apparatus
1020 may include a processor 1030 (for example, one or
more processors), a memory 1040, a storage device 1050, an
input device 1060, an output device 1070, and a communi-
cation device 1080. Components of the object recognition
apparatus 1020 may communicate with each other via a
communication bus. The object recognition apparatus 1020
may correspond to the object recognition apparatus
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described in the present disclosure (for example, the object
recognition apparatus 120 of FIG. 1).

The processor 1030 may control an operation of the object
recognition apparatus 1020 and execute functions and
instructions to perform an object recognition. For example,
the processor 1030 may execute instructions stored in the
memory 1040 or the storage device 1050. The processor
1030 may include, for example, any one or any combination
of a CPU, a GPU, and an NPU, and may perform one or
more or all operations associated with the object recognition
described above with reference to FIGS. 1 through 9. For
example, the processor 1030 may perform the object rec-
ognition based on the quantized image received from the
sensor apparatus 900.

The memory 1040 may store instructions to be executed
by the processor 1030 and information used to perform the
object recognition. The memory 1040 may include, for
example, a high-speed RAM and/or a non-volatile com-
puter-readable storage medium.

The storage device 1050 may include a non-transitory
computer-readable storage medium. The storage device
1050 may store a larger amount of information than that of
the memory 1040 for a relatively long period of time. For
example, the storage device 1050 may include a hard disk,
an optical disk, or a solid state drive (SSD). Information
about an object recognition model used for an object rec-
ognition may be stored in the memory 1040 and/or the
storage device 1050.

The input device 1060 may receive an input from a user
through a tactile input, a video input, an audio input, and/or
atouch input. For example, the input device 1060 may detect
an input from a keyboard, a mouse, a touchscreen, a micro-
phone, and/or the user, and may include any other device
configured to transfer the detected input to the object rec-
ognition apparatus 1020.

The output device 1070 may provide a user with an output
of the object recognition apparatus 1020 through a visual
channel, an auditory channel, and/or a tactile channel. The
output device 1070 may include, for example, a display, a
touchscreen, a speaker, a vibration generator, or other
devices configured to provide the user with the output.

The communication device 1080 may communicate with
an external device via a wired or wireless network. For
example, the communication device 1080 may receive the
quantized image from the sensor apparatus 900 via a mobile
industry processor interface (MIPI).

The object recognition systems, sensor apparatuses,
object recognition apparatuses, image sensors, image pro-
cessors, memories, output interfaces, processors, storage
devices, input devices, output devices, communication
devices, object recognition system 100, sensor apparatus
110, object recognition apparatus 120, sensor apparatus 900,
image sensor 910, image processor 920, memory 930,
output interface 940, object recognition apparatus 1020,
processor 1030, memory 1040, storage device 1050, input
device 1060, output device 1070, communication device
1080, apparatuses, units, modules, devices, and other com-
ponents described herein with respect to FIGS. 1-10 are
implemented by or representative of hardware components.
Examples of hardware components that may be used to
perform the operations described in this application where
appropriate include controllers, sensors, generators, drivers,
memories, comparators, arithmetic logic units, adders, sub-
tractors, multipliers, dividers, integrators, and any other
electronic components configured to perform the operations
described in this application. In other examples, one or more
of the hardware components that perform the operations
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described in this application are implemented by computing
hardware, for example, by one or more processors or com-
puters. A processor or computer may be implemented by one
or more processing elements, such as an array of logic gates,
a controller and an arithmetic logic unit, a digital signal
processor, a microcomputer, a programmable logic control-
ler, a field-programmable gate array, a programmable logic
array, a microprocessor, or any other device or combination
of devices that is configured to respond to and execute
instructions in a defined manner to achieve a desired result.
In one example, a processor or computer includes, or is
connected to, one or more memories storing instructions or
software that are executed by the processor or computer.
Hardware components implemented by a processor or com-
puter may execute instructions or software, such as an
operating system (OS) and one or more software applica-
tions that run on the OS, to perform the operations described
in this application. The hardware components may also
access, manipulate, process, create, and store data in
response to execution of the instructions or software. For
simplicity, the singular term “processor” or “computer” may
be used in the description of the examples described in this
application, but in other examples multiple processors or
computers may be used, or a processor or computer may
include multiple processing elements, or multiple types of
processing elements, or both. For example, a single hard-
ware component or two or more hardware components may
be implemented by a single processor, or two or more
processors, or a processor and a controller. One or more
hardware components may be implemented by one or more
processors, or a processor and a controller, and one or more
other hardware components may be implemented by one or
more other processors, or another processor and another
controller. One or more processors, or a processor and a
controller, may implement a single hardware component, or
two or more hardware components. A hardware component
may have any one or more of different processing configu-
rations, examples of which include a single processor,
independent processors, parallel processors, single-instruc-
tion single-data (SISD) multiprocessing, single-instruction
multiple-data (SIMD) multiprocessing, multiple-instruction
single-data (MISD) multiprocessing, and multiple-instruc-
tion multiple-data (MIMD) multiprocessing.

The methods illustrated in FIGS. 1-10 that perform the
operations described in this application are performed by
computing hardware, for example, by one or more proces-
sors or computers, implemented as described above execut-
ing instructions or software to perform the operations
described in this application that are performed by the
methods. For example, a single operation or two or more
operations may be performed by a single processor, or two
or more processors, or a processor and a controller. One or
more operations may be performed by one or more proces-
sors, or a processor and a controller, and one or more other
operations may be performed by one or more other proces-
sors, or another processor and another controller. One or
more processors, or a processor and a controller, may
perform a single operation, or two or more operations.

Instructions or software to control computing hardware,
for example, one or more processors or computers, to
implement the hardware components and perform the meth-
ods as described above may be written as computer pro-
grams, code segments, instructions or any combination
thereof, for individually or collectively instructing or con-
figuring the one or more processors or computers to operate
as a machine or special-purpose computer to perform the
operations that are performed by the hardware components
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and the methods as described above. In one example, the
instructions or software include machine code that is directly
executed by the one or more processors or computers, such
as machine code produced by a compiler. In another
example, the instructions or software includes higher-level
code that is executed by the one or more processors or
computer using an interpreter. The instructions or software
may be written using any programming language based on
the block diagrams and the flow charts illustrated in the
drawings and the corresponding descriptions used herein,
which disclose algorithms for performing the operations that
are performed by the hardware components and the methods
as described above.

The instructions or software to control computing hard-
ware, for example, one or more processors or computers, to
implement the hardware components and perform the meth-
ods as described above, and any associated data, data files,
and data structures, may be recorded, stored, or fixed in or
on one or more non-transitory computer-readable storage
media. Examples of a non-transitory computer-readable
storage medium include read-only memory (ROM), ran-
dom-access programmable read only memory (PROM),
electrically erasable programmable read-only memory (EE-
PROM), random-access memory (RAM), dynamic random
access memory (DRAM), static random access memory
(SRAM), flash memory, non-volatile memory, CD-ROMs,
CD-Rs, CD+Rs, CD-RWs, CD+RWs, DVD-ROMs, DVD-
Rs, DVD+Rs, DVD-RWs, DVD+RWs, DVD-RAMs, BD-
ROMs, BD-Rs, BD-R LTHs, BD-REs, blue-ray or optical
disk storage, hard disk drive (HDD), solid state drive (SSD),
flash memory, a card type memory such as multimedia card
micro or a card (for example, secure digital (SD) or extreme
digital (XD)), magnetic tapes, floppy disks, magneto-optical
data storage devices, optical data storage devices, hard disks,
solid-state disks, and any other device that is configured to
store the instructions or software and any associated data,
data files, and data structures in a non-transitory manner and
provide the instructions or software and any associated data,
data files, and data structures to one or more processors or
computers so that the one or more processors or computers
can execute the instructions. In one example, the instructions
or software and any associated data, data files, and data
structures are distributed over network-coupled computer
systems so that the instructions and software and any
associated data, data files, and data structures are stored,
accessed, and executed in a distributed fashion by the one or
more processors or computers.

While this disclosure includes specific examples, it will
be apparent after an understanding of the disclosure of this
application that various changes in form and details may be
made in these examples without departing from the spirit
and scope of the claims and their equivalents. The examples
described herein are to be considered in a descriptive sense
only, and not for purposes of limitation. Descriptions of
features or aspects in each example are to be considered as
being applicable to similar features or aspects in other
examples. Suitable results may be achieved if the described
techniques are performed in a different order, and/or if
components in a described system, architecture, device, or
circuit are combined in a different manner, and/or replaced
or supplemented by other components or their equivalents.
Therefore, the scope of the disclosure is defined not by the
detailed description, but by the claims and their equivalents,
and all variations within the scope of the claims and their
equivalents are to be construed as being included in the
disclosure.

10

20

25

30

35

40

45

50

55

60

65

18

What is claimed is:

1. A system, comprising:

an image sensor configured to acquire an image;

an image processor configured to generate a quantized

image by selecting one of a plurality of preset reference
values based on whether a pixel value of the acquired
image is less than a threshold value of a trained
quantization filter, determining a difference between
the pixel value of the acquired image and the selected
reference value, and adjusting one or more of pixel
values of the acquired image based on the difference;
and

an output interface configured to output the quantized

image,

wherein the preset reference values are determined based

on the threshold value and a range of pixel values of the
acquired image.

2. The system of claim 1, wherein the quantized image is
an image with a number of bits less than a number of bits of
the image acquired by the image sensor.

3. The system of claim 1, wherein the quantized image is
a binary image including pixels that each have one of a first
pixel value and a second pixel value.

4. The system of claim 1, wherein the quantization filter
is a dither matrix and comprises, as elements, a plurality of
threshold values comprising the threshold value and deter-
mined based on a training process.

5. The system of claim 4, wherein the dither matrix
comprises:

a plurality of channels, and

as the elements, different threshold values among the

threshold values for each of the channels.
6. The system of claim 4, wherein the training process
comprises:
generating a quantized training image by quantizing a
training image using the quantization filter; and

determining the elements by adjusting the elements of the
quantization filter based on a result label output from an
object recognition model in response to the quantized
training image being input to the object recognition
model.

7. The system of claim 6, wherein the adjusting of the
elements comprises adjusting the elements of the quantiza-
tion filter to reduce a loss determined based on a difference
between the result label and a correct answer label.

8. The system of claim 1, wherein, for the generating of
the quantized image, the image processor is configured to:

perform a convolution operation on the acquired image

using a trained convolution filter; and

generate the quantized image by quantizing the image on

which the convolution operation is performed using the
quantization filter.
9. The system of claim 1, wherein the image processor
comprises any one or any combination of a digital signal
processor (DSP), an image signal processor (ISP), and a
microcontroller unit (MCU).
10. The system of claim 1, further comprising:
an object recognition apparatus configured to recognize
an object appearing in the quantized image using an
object recognition model having a bit width corre-
sponding to a bit width of the quantized image, and

for the outputting of the quantized image, the output
interface is configured to transfer the quantized image
to the object recognition apparatus.
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11. A processor-implemented method comprising:

acquiring, using an image sensor, an image;
generating, using an image processor, a quantized image
by selecting one of a plurality of preset reference values
based on whether a pixel value of the acquired image
is less than a threshold value of a trained quantization
filter, determining a difference between the pixel value
of the acquired image and the selected reference value,
and adjusting one or more of pixel values of the
acquired image based on the difference; and

outputting, using an output interface, the quantized image,

wherein the preset reference values are determined based
on the threshold value and a range of pixel values of the
acquired image.

12. The method of claim 11, wherein the quantized image
is an image with a number of bits less than a number of bits
of the image acquired by the image sensor.

13. The method of claim 11, wherein the quantization
filter is a dither matrix and comprises, as elements, a
plurality of threshold values comprising the threshold value
and determined based on a training process.

14. The apparatus of claim 13, wherein the dither matrix
comprises:

a plurality of channels, and

as the elements, different threshold values among the

threshold values for each of the channels.

15. The method of claim 13, wherein the training process
comprises:

generating a quantized training image by quantizing a

training image using the quantization filter;
acquiring a result label output from an object recognition
model in response to the quantized training image
being input to the object recognition model; and

determining the elements by adjusting the elements of the
quantization filter to reduce a loss determined based on
a difference between the result label and a correct
answer label.

16. The method of claim 13, wherein the training process
comprises:

acquiring a first result label output from the object rec-

ognition model in response to a training image being
input to the object recognition model;

acquiring a second result label output from the object

recognition model in response to a quantized image
generated by quantizing the training image using the
quantization filter being input to the object recognition
model; and

determining the elements by adjusting the elements of the

quantization filter to reduce a loss determined based on
a difference between the first result label and the second
result label.

17. The method of claim 11, wherein the generating of the
quantized image comprises:

performing a convolution operation on the acquired image

using a trained convolution filter; and

generating the quantized image by quantizing the image

on which the convolution operation is performed using
the quantization filter.

18. The method of claim 11, wherein

the outputting of the quantized image comprises exter-

nally transmitting the quantized image to an object
recognition apparatus, and
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the object recognition apparatus is configured to recog-
nize an object appearing in the quantized image using
an object recognition model having a bit width corre-
sponding to a bit width of the quantized image.

19. A non-transitory computer-readable storage medium
storing instructions that, when executed by a processor,
configure the processor to perform the method of claim 11.

20. A processor-implemented method comprising:

acquiring an image;
generating, using an image processor, a quantized image
by selecting one of a plurality of preset reference values
based on whether a pixel value of the acquired image
is less than a threshold value of a trained quantization
filter, determining a pixel value of the quantized image
to be either one of a first pixel value and a second pixel
value based on a difference between the pixel value of
the acquired image and the selected reference value,
and adjusting one or more of pixel values of the
acquired image based on the difference; and

outputting, using an output interface, the quantized image,

wherein the preset reference values are determined based
on the threshold value and a range of pixel values of the
acquired image.

21. The method of claim 20, wherein the threshold value
is an intermediate value of the range of pixel values of the
acquired image.

22. The method of claim 20, wherein the determining of
the pixel value of the quantized image comprises:

determining the pixel value of the quantized image to be

the first pixel value in response to the pixel value of the
acquired image being less than the corresponding
threshold value; and

determining the pixel value of the quantized image to be

the second pixel value in response to the pixel value of
the acquired image being greater than the correspond-
ing threshold value.

23. The method of claim 20, further comprising adjusting
one or more of pixel values of the acquired image that
neighbor the pixel value of the acquired image, based on a
determined error of the pixel value of the acquired image.

24. The method of claim 23, further comprising deter-
mining the error of the pixel value of the acquired image as
a difference between the pixel value of the acquired image
and a first reference value, being the reference value, that is
an intermediate value of a range from a minimum pixel
value of the acquired image to the threshold value, in
response to the pixel value of the acquired image being less
than the threshold value.

25. The method of claim 23, further comprising deter-
mining the error of the pixel value of the acquired image as
a difference between the pixel value of the acquired image
and a second reference value, being the reference value, that
is an intermediate value of a range from the threshold value
to a maximum pixel value of the acquired image, in response
to the pixel value of the acquired image being greater than
or equal to the threshold value.

26. The method of claim 20, wherein the acquiring of the
image comprises either one of:

acquiring the image from an image sensor; or

acquiring the image by performing a convolution opera-

tion on an image acquired by the image sensor.
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