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FIG. 5

S300




Patent Application Publication  Jul. 20,2023 Sheet 4 of 8 US 2023/0230366 A1

FIG. 6
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METHOD AND APPARATUS FOR
PROCESSING IMAGE, AND VEHICLE
HAVING THE SAME

CROSS-REFERENCE TO RELATED
APPLICATION

[0001] The present application claims priority to Korean
Patent Application No. 10-2022-0006459, filed on Jan. 17,
2022, the entire contents of which is incorporated herein for
all purposes by this reference.

BACKGROUND OF THE PRESENT
DISCLOSURE

Field of the Present Disclosure

[0002] The present disclosure relates to a method and
apparatus of processing an image, and a vehicle having the
same, and more specifically, to a method and apparatus of
processing an image, and a vehicle having the same that are
configured for training a weak kernel of a deep learning
model.

Description of Related Art

[0003] Autonomous driving is a technology that enables a
vehicle system to perform vehicle operation on its own,
without driver’s partial or full intervention. To implement
the autonomous driving, an algorithm which may control
various situations or factors is required. Accordingly,
autonomous driving employs a deep learning algorithm with
an artificial neural network structure that mimics the human
neural network structure which may analyze various features
from a large amount of data by itself.

[0004] The accuracy of deep learning algorithms may be
greatly affected by the surrounding environment of the
vehicle. Accordingly, various techniques have been devel-
oped to increase the reliability of deep learning algorithms,
but deep learning algorithms have a limitation in providing
an accuracy higher than or equal to a certain level.

[0005] On the other hand, the conventional deep learning
algorithm adopts a method of training a model as a whole by
focusing to resolve only the current problem of the model.
However, in the instant case, only the strength of the model
may be continuously learned while the weaknesses of the
model may be further weakened.

[0006] The information included in this Background of the
present disclosure is only for enhancement of understanding
of'the general background of the present disclosure and may
not be taken as an acknowledgement or any form of sug-
gestion that this information forms the prior art already
known to a person skilled in the art.

BRIEF SUMMARY

[0007] Various aspects of the present disclosure are
directed to providing a method and apparatus of processing
an image, and a vehicle including the same which may
perform training by focusing on weakness of a deep learning
model.

[0008] The technical objectives of the present disclosure
are not limited to the above, and other objectives may
become apparent to those of ordinary skill in the art based
on the following descriptions.

[0009] According to an aspect of the present disclosure,
there is provided a method of processing an image, the
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method including: obtaining image information; inputting a
ground truth; inputting the image information to an object
recognition model to output recognition information includ-
ing a position and a type of an object included in the image
information; generating misrecognition data based on the
output recognition information and the ground truth; gener-
ating a weak pattern map of the object recognition model by
processing the misrecognition data; and classifying a weak
database based on the weak pattern map and at least one
piece of pre-stored image information.

[0010] The generating of the weak pattern map may
include, generating a pattern map of a predetermined size of
the misrecognition data based on at least one of a feature
point contribution and an input/output sensitivity of the
misrecognition data.

[0011] The classifying of the weak database may include
determining a similarity based on the pre-stored image
information and the weak pattern map, and classifying a
weak database based on the determined similarity.

[0012] The classifying of the weak database may include,
in response to the determined similarity being greater than a
predetermined value, classifying the pre-stored image infor-
mation into the weak database.

[0013] The object recognition model may a model trained
based on a convolutional neural network (CNN).

[0014] The method may further include selecting a weak
kernel of the object recognition model based on the object
recognition model and the weak pattern map, wherein the
selected weak kernel is trained based on the weak database.
[0015] The selecting of the weak kernel may include:
determining a sensitivity to the weak pattern map for each
kernel of the object recognition model, and selecting, as a
weak kernel, a kernel of which the sensitivity is determined
as being greater than or equal to a predetermined sensitivity.
[0016] The training based on the weak database may
include randomly classifying the weak database into a first
weak database and a second weak database at a predeter-
mined ratio, and training the weak kernel based on the first
weak database.

[0017] The training of the weak kernel may include deter-
mining a performance level of the object recognition model
based on the second weak database for each epoch of the
training, wherein when the determined performance level is
higher than a predetermined value, the training of the weak
kernel is stopped.

[0018] According to another aspect of the present disclo-
sure, there is provided an apparatus of processing an image,
the apparatus including: an image sensor configured to
obtain image information; an inputter configured to input a
ground truth; and a controller connected to the image sensor
and the inputter and including a processor configured to
process the obtained image information, wherein the con-
troller is configured to: input the image information to an
object recognition model to output recognition information
including a position and a type of an object included in the
image information; generate misrecognition data based on
the output recognition information and the ground truth; and
generate a weak pattern map of the object recognition model
by processing the misrecognition data; and classify a weak
database based on the weak pattern map and at least one
piece of pre-stored image information.

[0019] The methods and apparatuses of the present dis-
closure have other features and advantages which will be
apparent from or are set forth in more detail in the accom-
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panying drawings, which are incorporated herein, and the
following Detailed Description, which together serve to
explain certain principles of the present disclosure.

BRIEF DESCRIPTION OF THE DRAWINGS

[0020] These and/or other aspects of the present disclosure
will become apparent and more readily appreciated from the
following description of the embodiments, taken in conjunc-
tion with the accompanying drawings of which:

[0021] FIG. 1 is a block diagram illustrating a configura-
tion of a vehicle according to an exemplary embodiment of
the present disclosure;

[0022] FIG. 2 is a flowchart for describing an image
processing method according to an exemplary embodiment
of the present disclosure;

[0023] FIG. 3 is a diagram for describing an object rec-
ognizing operation of an image processing method accord-
ing to an exemplary embodiment of the present disclosure;
[0024] FIG. 4 is a diagram for describing a misrecognition
data generating operation of an image processing method
according to an exemplary embodiment of the present
disclosure;

[0025] FIG. 5 is a diagram for describing a weak pattern
generating operation of an image processing method accord-
ing to an exemplary embodiment of the present disclosure;
[0026] FIG. 6 is a flowchart for describing a weak kernel
selecting operation of an image processing method accord-
ing to an exemplary embodiment of the present disclosure;
[0027] FIG. 7 is a flowchart for describing a weak data-
base generating operation of an image processing method
according to an exemplary embodiment of the present
disclosure;

[0028] FIG. 8 is a conceptual diagram for describing a
weak database generating operation of an image processing
method according to an exemplary embodiment of the
present disclosure;

[0029] FIG. 9 is a flowchart for describing a weak kernel
training operation of a image processing method according
to an exemplary embodiment of the present disclosure; and
[0030] FIG. 10 is a flowchart for describing an image
processing method according to an exemplary embodiment
of the present disclosure.

[0031] It may be understood that the appended drawings
are not necessarily to scale, presenting a somewhat simpli-
fied representation of various features illustrative of the
basic principles of the present disclosure. The specific
design features of the present disclosure as included herein,
including, for example, specific dimensions, orientations,
locations, and shapes will be determined in part by the
particularly intended application and use environment.
[0032] In the figures, reference numbers refer to the same
or equivalent parts of the present disclosure throughout the
several figures of the drawing.

DETAILED DESCRIPTION

[0033] Reference will now be made in detail to various
embodiments of the present disclosure(s), examples of
which are illustrated in the accompanying drawings and
described below. While the present disclosure(s) will be
described in conjunction with exemplary embodiments of
the present disclosure, it will be understood that the present
description is not intended to limit the present disclosure(s)
to those exemplary embodiments of the present disclosure.
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On the other hand, the present disclosure(s) is/are intended
to cover not only the exemplary embodiments of the present
disclosure, but also various alternatives, modifications,
equivalents and other embodiments, which may be included
within the spirit and scope of the present disclosure as
defined by the appended claims.

[0034] Like numerals refer to like elements throughout the
specification. Not all elements of embodiments of the pres-
ent disclosure will be described, and description of what are
commonly known in the art or what overlap each other in the
exemplary embodiments will be omitted. The terms such as
“~part”, “~module”, “~member”, “~block™ or the like may
be implemented in software or hardware, and according to
various exemplary embodiments of the present disclosure, a
plurality of “~parts”, a plurality of “~modules”, a plurality
of “~members”, a plurality of “~blocks” or the like may be
implemented as one component, or may include a plurality
of components.

[0035] It will be further understood that the term “con-
nect” or its derivatives refer both to direct and indirect
connection, and the indirect connection includes a connec-
tion over a wireless communication network.

[0036] It will be further understood that the terms “com-
prises” and/or “comprising,” when used in the present
specification, specify the presence of stated features, inte-
gers, operations, operations, elements, and/or components,
but do not preclude the presence or addition of one or more
other features, integers, operations, operations, elements,
components, and/or groups thereof, unless the context
clearly indicates otherwise.

[0037] Although the terms “first,” “second,” “A,” “B,” etc.
may be used to describe various components, the terms do
not limit the corresponding components, but are used only
for distinguishing one component from another component.

[0038] A singular expression includes plural expression
unless the context clearly dictates otherwise.

[0039] Reference numerals used for method operations are
just used for convenience of explanation, but not to limit an
order of the operations. Thus, unless the context clearly
dictates otherwise, the written order may be practiced oth-
erwise.

[0040] Autonomous driving is a technology that enables a
vehicle system to perform vehicle operation on its own,
without drive’s partial or full intervention. To implement the
autonomous driving, an algorithm which may control vari-
ous situations or factors is required. Accordingly, autono-
mous driving employs a deep learning algorithm with an
artificial neural network structure that mimics the human
neural network structure which may analyze various features
from a large amount of data by itself

[0041] The accuracy of deep learning algorithms may be
greatly affected by the surrounding environment of the
vehicle. Accordingly, various techniques have been devel-
oped to increase the reliability of deep learning algorithms,
but deep learning algorithms have a limitation in providing
an accuracy higher than or equal to a certain level.

[0042] On the other hand, the conventional deep learning
algorithm adopts a method of training a model as a whole by
focusing to resolve only the current problem of the model.
However, in the instant case, only the strength of the model
may be continuously learned while the weaknesses of the
model may be further weakened.
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[0043] Furthermore, the conventional deep learning algo-
rithm continues training without describing the model itself
and its operation, which may increase uncertainty in the
actual road.

[0044] A method and apparatus of processing an image
and a vehicle including the same according to an exemplary
embodiment of the present application may be provided to
solve the above-described limitations. However, the present
disclosure is not limited thereto.

[0045] A vehicle 10 according to an exemplary embodi-
ment of the present disclosure refers to a transportation
device that can travel on a road or track. Hereinafter, for the
sake of convenience of description, the vehicle 10 will be
illustrated as a four-wheeled vehicle. However, the exem-
plary embodiment of the vehicle 10 is not limited thereto.
[0046] The vehicle 10 may include a body including an
exterior of the vehicle 10 and a frame of the vehicle 10
carrying people and/or cargo (for example, an engine com-
partment, a trunk, a bumper, a roof, a flank, a floor, etc.,) and
a chassis including devices required for the vehicle 10 to
travel, for example, an engine, a power transmission device,
a steering device, a brake, and the like.

[0047] Meanwhile, general descriptions of the body and
chassis of the vehicle 1 will be omitted.

[0048] Hereinafter, the operating principles and embodi-
ments of the present disclosure will be described with
reference to the accompanying drawings.

[0049] FIG. 1 is a block diagram illustrating a configura-
tion of the vehicle 10 according to the exemplary embodi-
ment of the present disclosure. Hereinafter, the vehicle 10
and an image processing apparatus 100 included therein
according to the exemplary embodiment of the present
disclosure will be described in brief, and then an image
processing method will be described in detail.

[0050] Referring to FIG. 1, the vehicle 10 may include the
image processing apparatus 100 including an image sensor
110, an inputter 120, and a controller 150, and include a
radar 130, a Light Detection and Ranging (LiDAR) 140, a
driving device 160, a braking device 170, a steering device
180, a display 190, and an audio 200. However, the present
disclosure is not limited thereto. The vehicle 10 according to
the exemplary embodiment of the present application may
include at least one controller separately provided from the
controller 150 included in the image processing apparatus
100 to perform overall control on the vehicle 10. That is, the
vehicle 10 may include the controller 150 only for the image
processing apparatus 100 and a separate controller config-
ured for performing overall control of the vehicle 10.
[0051] The image sensor 110 may be disposed to face the
surroundings of the vehicle 10 to have a field of view facing
the surroundings of the vehicle 10. For example, the image
sensor 110 may be provided on a front windshield of the
vehicle 10, but the position of the image sensor 110 is not
limited thereto.

[0052] The image sensor 110 may include a plurality of
photodiodes that convert light into an electrical signal, and
the plurality of photodiodes may be arranged in a two-
dimensional matrix. The image sensor 110 may generate
image information including a two-dimensional image, for
example, and may generate image information including a
plurality of two-dimensional images arranged over time.
[0053] The inputter 120 may receive various types of
information from an external device and/or a server. The
inputter 120 may receive a ground truth based on physical
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connection and/wireless connection with an external device
and/or a server. Here, the ground truth may refer to data
including a position and/or a type of an object in image
information. That is, from the point of view of machine
learning, a ground truth may refer to data including a
description of a result value and/or correct answer of data to
be learned.

[0054] That is, the inputter 120 may obtain input data
which is to be used when obtaining an output using training
data for model training and a learning model. The inputter
120 may obtain raw input data, and in the instant case, the
controller 150 may extract an input feature by preprocessing
the input data.

[0055] The controller 150 may include a processor 151
and a memory 152.

[0056] The processor 151 may include at least one pro-
cessor. For example, the processor may include a learning
processor for machine learning and train a model including
an artificial neural network using training data. Here, a
trained artificial neural network may be referred to as a
learning model. The learning model may be used to infer a
result value with respect to new input data other than
training data, and the inferred value may be used as a basis
for determination to perform a certain operation.

[0057] In more detail, the processor 151 may include: an
object recognition processor which may store an object
recognition model for outputting recognition information
including the position and type of an object based on image
information being input; a misrecognition data generating
processor that may, based on the recognition information
output from the object recognition processor and a ground
truth obtained through the inputter 120, generate misrecog-
nition data; a weak pattern generating processor which may
process the generated misrecognition data to generate a
weak pattern of the object recognition model; a weak kernel
selecting processor which may select a weak kernel of the
object recognition model based on the generated weak
pattern and the object recognition model; a weak database
generating processor which may classify a weak database
based on the weak pattern and at least one pre-stored image
information; and a learning processor which may train the
weak kernel based on the weak database and the weak
kernel. However, the present disclosure is not limited
thereto. That is, the number of processors is not limited
thereto, and it should be understood that the number of
processors described above may be less or more than the
number of processors described above.

[0058] The memory 152 may store a program for perform-
ing the above-described operations and operations to be
described below, and the processor 151 may execute the
stored program. When the memory 152 and the processor
151 are provided in a plurality of units thereof, the plurality
of memories 152 and the plurality of processors 151 may be
integrated into one chip or may be provided in physically
separate positions. The memory 152 may include a volatile
memory, such as a static random access memory (S-RAM),
a dynamic random access memory (D-RAM), and the like to
temporarily memorize data. Furthermore, the memory 152
may include a nonvolatile memory device, such as a read
only memory (ROM), an erasable programmable ROM
(EPROM), an electrically erasable programmable ROM
(EEPROM), and the like to store a control program and
control data for a long time period. The processor 151 may
include various logic circuits and arithmetic circuits, process
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data according to a program provided from the memory 152,
and generate a control signal according to a result of
processing.

[0059] The memory 152 may store data, training data,
pre-stored image information, a learning history, and the like
that are obtained from the image sensor 110 and/or the
inputter 120.

[0060] Accordingly, the processor 151 may receive the
image information obtained from the image sensor 110 and
the ground truth obtained from the inputter 120, and may
perform training on the object recognition model based on
the image information and the ground truth.

[0061] Hereinafter, an image processing method accord-
ing to an exemplary embodiment of the present application
will be described with reference to FIGS. 2 to 10. FIGS. 2
to 10 illustrate operations performed by the image process-
ing apparatus 100, which is described above, including the
image sensor 110, the inputter 120, and the controller 150,
or by the vehicle 10 including the image processing appa-
ratus 100. Accordingly, the description of the image pro-
cessing method described below may be equally applied to
the description of the image processing apparatus 100 and/or
the vehicle 10.

[0062] A deep learning algorithm is one of machine learn-
ing algorithms and refers to a modeling technique developed
from an artificial neural network (ANN) that mimics a
human neural network. The ANN may be configured in a
multi-layered hierarchical structure.

[0063] An ANN may be provided in a hierarchical struc-
ture including an input layer, an output layer, and at least one
intermediate layer (or a hidden layer) (e.g., a kernel)
between the input layer and the output layer. The deep
learning algorithm may, based on such a multi-layer struc-
ture, perform learning to optimize the weight of an interlayer
activation function, to derive reliable results.

[0064] The image processing method according to the
exemplary embodiment of the present application may be a
method for training an object recognition model that recog-
nizes an object based on image information of nearby areas
of the vehicle 10. Here, the object relates to an object
included in the image information, and may include, for
example, a pedestrian and/or a vehicle and/or a cyclist.
However, the type of object is not limited thereto.

[0065] The image processing method according to the
exemplary embodiment of the present application may adopt
a deep learning algorithm, for example, a convolutional
neural network (CNN). However, the present disclosure is
not limited thereto, and may adopt other types of deep
learning algorithms according to various exemplary embodi-
ments of the present disclosure.

[0066] CNN is characterized with a structure of extracting
characteristics of data and identifying a pattern of the
characteristics, unlike the existing technique in which a
learning process is performed by extracting knowledge from
data. The CNN may be performed through a convolution
process and a pooling process. In other words, the CNN may
include an algorithm in which a convolutional layer and a
pooling layer are provided in combination. Here, in the
convolution layer, a process (e.g., a convolution process) of
extracting characteristics of data is performed. The convo-
Iution process is a process of investigating adjacent com-
ponents of each component in data to identify characteris-
tics, and deriving the identified characteristics as a single
sheet, and in such a compression process, the number of

Jul. 20, 2023

parameters may be effectively reduced. In the pooling layer,
a process (e.g., a pooling process) for reducing the size of a
layer that has passed through the convolution process is
performed. The pooling process may reduce the size of data,
cancel noise, and provide detailed parts with consistency.
For example, CNN may be used in various fields, such as
information extraction, sentence classification, face recog-
nition, and the like. Meanwhile, CNN is a well-known
technology, and detailed descriptions thereof will be omitted
below.

[0067] FIG. 2 is a flowchart for describing an image
processing method according to an exemplary embodiment
of the present disclosure.

[0068] Referring to FIG. 2, the image processing method
according to the exemplary embodiment of the present
application may include an object recognizing operation
(S100), a misrecognition data generating operation (S200),
a weak pattern generating operation (S300), a weak kernel
screening operation (S400), a weak database generating
operation (S500) and a weak kernel training operation
(S600).

[0069] In the object recognizing operation (S100), the
image processing apparatus 100 inputs image information
obtained by the image sensor 110 to an object recognition
model to output recognition information including the posi-
tion and type of an object included in the image information.
[0070] Here, the object recognition model may be an
artificial intelligence model which is trained to receive
image information, recognize the position and type of an
object included in the image information, and output rec-
ognition information including a bounding box including the
position and type of the object. The object recognition model
may be a model trained through a CNN algorithm.

[0071] That is, the object recognition model receives
image information and outputs information including the
position and type of an object in the image information in a
form of a two-dimensional bounding box, and but may also
use an algorithm for recognizing the position and informa-
tion of an object in other forms, such as semantic segmen-
tation and cylinders, so that the form of recognition may
vary. That is, the form of output recognition information
including the position and type of the object is not limited,
and it may be understood that conventionally known object
recognition models and/or object recognition models to be
developed in the future may be applied.

[0072] Meanwhile, in the object recognizing operation
(S100), the image processing apparatus 100 may input
image information, which is input through the inputter 120,
rather than image information obtained by the image sensor
110, into the object recognition model, and output recogni-
tion information including the position and type of an object
included in the image information. That is, according to an
exemplary embodiment of the present disclosure, the image
processing apparatus 100 may include the inputter 120 and
the controller 150 without including the image sensor 110.
However, the present disclosure is not limited thereto.
[0073] FIG. 3 is a diagram for describing an object rec-
ognizing operation of an image processing method accord-
ing to an exemplary embodiment of the present disclosure.
[0074] Referring to FIG. 3, in the object recognizing
operation (S100), the image processing apparatus 100 may
input image information RI1, R12, and so on obtained by the
image sensor 110 to an object recognition model DL to
output recognition information DT1, DT2, . . . and so on
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including the type and position of an object. That is, the
object recognition model DL may, based on image informa-
tion being input in a form of a raw data, output recognition
information DT1, DT2 . . . and so on including a shape of
a bounding box. Accordingly, the image processing appara-
tus 100 may, based on the image information RI1, R12, and
so on, obtained by the image sensor 110, being processed,
identify an object included in the image information RI1,
RI2, and so on.

[0075] Furthermore, in the object recognizing operation
(8100), the image processing apparatus 100 may transmit, to
the memory 152, the image information RI1, RI2 . . . and so
on obtained by the image sensor 110 and the recognition
information DT1, DT2 . . . and so on output through the
object recognition model. Accordingly, the memory 152
may receive the image information RI1, RI2 . . . and the like
corresponding to raw data, which is obtained by the image
sensor 110, and the recognition information DT1, DT2 . ..
and so on, which is output from the object recognition model
DL, in a wireless and/or wired manner and store the received
information therein.

[0076] Meanwhile, the memory 152 may synthesize the
image information RI1, RI2 . . . and so on with the
recognition information DT1, DT2 . . . and so on corre-
sponding thereto and store the synthesized information. That
is, first image information RI1 may be synthesized with first
recognition information DT1 output from the object recog-
nition model DL corresponding thereto into one image, to
display an object recognized by the object recognition model
DL together with the image information.

[0077] FIG. 4 is a diagram for describing a misrecognition
data generating operation of an image processing method
according to an exemplary embodiment of the present
disclosure.

[0078] Referring to FIG. 4, in the misrecognition data
generating operation S200, the image processing apparatus
100 may generate misrecognition data WI based on the
recognition information DT of the object recognition mod-
ule DL output in the object recognizing operation S100 and
the ground truth.

[0079] In the misrecognition data generating operation
S200, the image processing apparatus 100 may compare the
synthesis image of the image information RI and the rec-
ognition information DT generated in the object recognizing
operation S100 with ground truth GT1, GT2 . . . and so on
received from the inputter 120 to determine misrecognition
of the object recognition model. For example, the inputter
120 may use a labeling tool having been used when the deep
learning model is initially trained from the user, to obtain a
ground truth including recognition information DT corre-
sponding to image information RI.

[0080] Accordingly, in the misrecognition data generating
operation S200, the image processing apparatus 100 may
classify misrecognition data (Corner case) WI based on the
ground truth GT obtained through the inputter 120, and the
image information RI obtained by the image sensor 110 and
the recognition information DT output by the object recog-
nition model DL based on the image information RI being
input in the object recognizing operation S100.

[0081] In more detail, as shown in FIG. 4, referring to
second image information RI2 and second recognition infor-
mation DT2, it may be seen that, in the object recognizing
operation S100, the image processing apparatus 100 recog-
nizes an obstacle (a warning plate) as a pedestrian. However,
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a ground truth GT2 includes labeling data for two pedestri-
ans without including labeling data for a warning plate (an
obstacle). According to a comparison between the ground
truth GT and the recognition information DT corresponding
to the image information RI, the image processing apparatus
100 may classify (generate) misrecognition data (Corner
case) WL

[0082] That is, when at least one of the position and/or
type of an object in the recognition information DT output
from the object recognition model DL is different from that
of the ground truth GT, the image processing apparatus 100
may classity the corresponding image information RI as
misrecognition data WI.

[0083] Meanwhile, it should be understood that a pre-
trained misrecognition data classification model and/or a
misrecognition data classification model to be developed in
the future may be applied to the image processing apparatus
100 when classifying misrecognition data WI. For example,
the image processing apparatus 100 may adopt a Mean
Intersection over Union (miOU) algorithm for outputting
misrecognition data WI based on recognition information
DT output by the object recognition model DL, image
information RI, and ground truth GT being input. However,
the present disclosure is not limited thereto, and others
algorithms suitable for outputting misrecognition data WI
may be applied to the misrecognition data classification
model.

[0084] Accordingly, in the misrecognition data generating
operation S200, the image processing apparatus 100 may
generate the misrecognition data WI in which the recogni-
tion information DT output from the object recognition
model DL is different from the ground truth. That is, the
misrecognition data WI may refer to input image informa-
tion RI for which the object recognition model DL outputs
recognition information DT different from the ground truth.

[0085] FIG. 5 is a diagram for describing a weak pattern
generating operation of an image processing method accord-
ing to an exemplary embodiment of the present disclosure.

[0086] Referring to FIG. 5, in the weak pattern generating
operation S300, the image processing apparatus 100 may,
based on the misrecognition data WI being processed,
generate a weak pattern map of the object recognition model
DL. Here, the weak pattern map may refer to at least a
portion of image information of the misrecognition data for
which a mismatch occurs between recognition information
DT output by the object recognition model DL and the
ground truth GT. However, the present disclosure is not
limited thereto.

[0087] The weak pattern generating operation S300 may
include an operation of extracting a feature point contribu-
tion (S310) and an operation of extracting input/output
sensitivity (S320). Accordingly, in the weak pattern gener-
ating operation S300, the image processing apparatus 100
may determine a first weak pattern WP1 including a region
of the misrecognition data WI in which a feature point
contribution is high and a second weak pattern WP2 includ-
ing a region of the misrecognition data WI in which an
input/output sensitivity is high, and generate a third weak
pattern WP of an overlapping region based on processing of
the first and second weak patterns WP1 and WP2. That is,
the weak pattern WP may be generated based on at least one
of a high feature point contribution and a high input/output
sensitivity of the misrecognition data WI.
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[0088] Accordingly, the image processing apparatus 100
may generate a weak pattern map WM that combines the
weak patterns WP of various scales in a channel direction
through scaling of the weak pattern WP. However, the
present disclosure is not limited thereto.

[0089] In another exemplary embodiment of the present
disclosure, in the weak pattern generating operation S300,
the image processing apparatus 100 may generate the weak
pattern map WM based only on the feature point contribu-
tion extracting operation S310, or based only on the input/
output contribution extracting operation S320. As described
above, the weak pattern map WM may be generated from a
weak pattern WP synthesized based on an overlapping
region of the first weak pattern WP1 generated through the
feature point contribution extracting operation S310 and the
second weak pattern WP2 generated through the input/
output contribution extracting operation S320.

[0090] Meanwhile, for the sake of convenience of descrip-
tion, the misrecognition data WI is considered as a single
image information RI. However, the present disclosure is not
limited thereto, and it should be understood that the mis-
recognition data W1 may include at least two pieces of image
information generated in the misrecognition data generating
operation S200, and each of the at least two pieces of image
information may be subject to the weak pattern generating
operation S300.

[0091] In the feature point contribution extracting opera-
tion S310, the image processing apparatus 100 may deter-
mine an object recognition model-inside feature point con-
tribution of the image information included in the
misrecognition data W1 based on the misrecognition data W1
being processed, to thereby extract the feature point contri-
bution of the misrecognition data WI.

[0092] In the feature point contribution extracting opera-
tion S310, the image processing apparatus 100 may, based
on the misrecognition data WI being input, determine an
activation function of a feature map generated by the con-
volution layer of the object recognition model DL in a
forward propagation, and then determine back propagation
for the corresponding layer, to output a gradient.

[0093] Accordingly, the image processing apparatus 100
may multiply the determined gradient by the activation
function and determine the average, to determine contribu-
tion of each feature point position to the output. In the
feature point contribution extracting operation S310, the
image processing apparatus 100 may derive the feature point
contribution corresponding to each pixel position of the
input misrecognition data WI based on Equation 1 below.

e RQLU(Zk A j)), . %Zl Z]_ afiéc . [Equation 1]

[0094] Here, L(i, j) denotes a feature point contribution
corresponding to pixel coordinates (i, j), fr denotes an
activation function, Z denotes the number of pixels of the
misrecognition data WI, S¢ denotes an output score value,
and ReLLU may refer to a rectified linear unit (Relu) function.

[0095] Accordingly, in the feature point contribution
extracting operation S310, the image processing apparatus
100 may extract the feature point contribution corresponding
to each pixel from the misrecognition data WI. Here, it
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should be understood that coordinates including a high
feature point contribution are coordinates greatly contribut-
ing to misrecognition.

[0096] Referring to FIG. 5, in the feature point contribu-
tion extracting operation S310, the image processing appa-
ratus 100 may, based on the misrecognition data WI being
input, generate a feature point contribution map correspond-
ing to coordinates of the misrecognition data WI. Accord-
ingly, the image processing apparatus 100 may identify
coordinates including a feature point contribution higher
than a predetermined value based on the feature point
contribution map. In the instant case, the image processing
apparatus 100 may determine the first weak pattern WP1
based on coordinates including a high feature point contri-
bution. Here, it should be understood that the predetermined
value may be set according to an experimentally and/or
empirically set value, and/or the width of the first weak
pattern WP1 desired by the user. When a wider weak pattern
is desired, the user may set the predetermined value to be
lower than the set value. However, the present disclosure is
not limited thereto.

[0097] Meanwhile, in the feature point contribution
extracting operation S310, the algorithm for the image
processing apparatus 100 to determine the first weak pattern
WP1 is not limited to the above. That is, the applicable
technology is not limited, and conventionally developed
technologies (e.g.. GRAD-CAM++, SHAP, SCORECAM
and so on) for interpreting an input/output relation or a
feature map of the object recognition model DL and other
technologies to be developed in the future may be applied.
[0098] Meanwhile, in the input/output sensitivity extract-
ing operation S320, the image processing apparatus 100 may
determine the input/output sensitivity of the misrecognition
data WI based on the misrecognition data WI being pro-
cessed.

[0099] In the input/output sensitivity extracting operation
$320, the image processing apparatus 100 may, based on the
misrecognition data WI being input, divide the inputted
misrecognition data W1 into super pixels. Here, a super pixel
may refer to a group of at least one pixel classified as being
perceptually meaningful among pixels included in the mis-
recognition data WI.

[0100] Here, the image processing apparatus 100 may
group the misrecognition data WI into super pixels by
applying the existing algorithms and algorithms to be devel-
oped in the future. For example, by applying the Felzenwalb
& Huttenlocher algorithm, the image processing apparatus
100 may classify the misrecognition data W1 into at least one
super pixel.

[0101] Accordingly, in the input/output sensitivity extract-
ing operation S320, the image processing apparatus 100 may
use the classified at least one super pixel as an input to the
network of the object recognition mode to perform deter-
mination in a forward propagation to output a result, and
compare the amount of change relative to the existing result.
That is, in a case of division into a plurality of super pixels,
the amount of change compared to the existing result
corresponding to each of the super pixels may be deter-
mined.

[0102] Accordingly, in the input/output sensitivity extract-
ing operation S320, the image processing apparatus 100 may
identify the amount of change corresponding to each super
pixel as the input/output sensitivity. The image processing
apparatus 100 may identify a region corresponding to a
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super pixel, in which the amount of change corresponding to
the super pixels is higher than a predetermined value, as the
second weak pattern WP2. However, the present disclosure
is not limited thereto, and in another exemplary embodiment
of the present disclosure, the image processing apparatus
100 may identify at least two super pixels including the
highest amount of change among the amounts of change
corresponding to the super pixels, and identify regions
corresponding to the identified at least two super pixels as
the second weak pattern WP2.

[0103] Meanwhile, in the input/output sensitivity extract-
ing operation S320, the algorithm for the image processing
apparatus 100 to determine the second weak pattern WP2 is
not limited to the above. That is, the applicable technology
is not limited, and conventionally developed technologies
(e.g., GRAD-CAM-+, SHAP, SCORECAM, and so on) for
interpreting an input/output relation or a feature map of the
object recognition model DL and other technologies to be
developed in the future may be applied.

[0104] In summary, in the weak pattern generating opera-
tion S300, the image processing apparatus 100 may, based
on the feature point contribution map generated using the
misrecognition data WI as an input, identify a feature point
contribution higher than a predetermined value, and identify
the first weak pattern WP1 based on the high feature point
contribution. In the instant case, the image processing appa-
ratus 100 may generate the weak pattern map WM by
scaling the first weak pattern WP1 according to a preset area.

[0105] Furthermore, in the weak pattern generating opera-
tion (S300), the image processing apparatus 100 may, based
on the feature point contribution map generated using the
misrecognition data WI as an input, classify the pixel
coordinates included in the misrecognition data WI into
super pixels, in which the super pixels are used as an input
to perform determination by forward propagation to output
the amount of change compared to the existing result, and in
the order of the greatest amount of change, at least one super
pixel may be identified and a region of the identified super
pixel may be identified as the second weak pattern WP2. In
the instant case, the image processing apparatus 100 may
generate the weak pattern map WM by scaling the second
weak pattern WP2 according to a preset area.

[0106] On the other hand, the image processing apparatus
100 may synthesize the first weak pattern WP1 obtained
through the feature point contribution extracting operation
$310 and the second weak pattern WP2 obtained through the
input/output sensitivity extracting operation S320 to gener-
ate the weak pattern WP. In more detail, in the weak pattern
generating operation S300, the image processing apparatus
100 generates a weak pattern WP for an overlapping region
of the first weak pattern WP1 and the second weak pattern
WP2, and based on the weak pattern WP, scale the weak
pattern WP according to a preset area to generate a weak
pattern map WM. However, the present disclosure is not
limited thereto.

[0107] That is, in the weak pattern generating operation
$300, the image processing apparatus 100 may generate the
weak pattern map WM using the misrecognition data WI
obtained in the misrecognition data generating operation
$200 as an input. Accordingly, the weak pattern map WM
generated thereby may be provided so that a user may
recognize a problem with the current model.

Jul. 20, 2023

[0108] FIG. 6 is a flowchart for describing a weak kernel
screening operation of an image processing method accord-
ing to an exemplary embodiment of the present disclosure.
[0109] Referring to FIG. 6, the weak kernel screening
operation S400 may include an operation of determining the
sensitivity of an i kernel of the object recognition model
DL based on the weak pattern map WM and the object
recognition model DL (S410), an operation of scaling the
determined sensitivity (S420), an operation of determining
whether the scaled sensitivity is greater than a predeter-
mined value (S430), an operation of activating the gradient
of the i”* kernel in response to the scaled sensitivity being
greater than the predetermined value (S440), and an opera-
tion of deactivating the gradient of the i* kernel in response
to the scaled sensitivity being smaller than the predeter-
mined value (S450), and an operation of iteratively perform-
ing the operation S410 to determine the sensitivity of an
i+1 kernel after the activating operation $440 or the deac-
tivating operation S450 (S460).

[0110] Each kernel or filter of the convolution layer of the
object recognition model DL is activated for a specific
pattern on the input image information to recognize an
object of the image information. That is, there are kernels
that are activated to a specific pattern, and when training is
performed only on weak kernels, information of the existing
well-trained kernels may be preserved, resulting in a remark-
able effect. Furthermore, as the number of kernels to be
trained is reduced, the number of learning parameters may
be reduced, and thus costs (e.g., computing power, time,
etc.) required for the training may be reduced. Furthermore,
against factors of the existing learning algorithm which may
further weaken the weakness, the misrecognition data (Cor-
ner case) (WI) may be more significantly reduced.

[0111] In the sensitivity determination operation S410, the
image processing apparatus 100 may determine the sensi-
tivity of the i** kernel based on the weak pattern map WM
obtained in the weak pattern generating operation S300. In
the sensitivity determination operation S410, the image
processing apparatus 100 may determine the sensitivity of
the i kernel based on Equation 2 below.

' Ay
7= 1/N,Z]_ abs(a_gj,)

[0112] Here, n’ denotes the sensitivity of the i kernel, N,
denotes the number of weak pattern maps WM, abs denotes
an absolute value operator, o, denotes an i kernel, and Y
denotes a j”* weak pattern map.

[Equation 2]

[0113] Accordingly, in the sensitivity determination
operation S410, the image processing apparatus 100 may
use the weak pattern map WM generated in the weak pattern
generating operation $300 and an i kernel of the object
recognition model DL as an input, to determine the sensi-
tivity of the i kernel.

[0114] Inthe scaling operation S420, the image processing
apparatus 100 may perform scaling on the determined
sensitivity of the i” kernel. For example, the image process-
ing apparatus 100 may scale the sensitivity of the i” kernel
from O to 1. That is, the image processing apparatus 100 may
scale the maximum sensitivity to 1 and the minimum
sensitivity to 0, to identify a weak kernel based on the scaled
sensitivity.
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[0115] Accordingly, in the determining operation S430,
the image processing apparatus 100 may perform compari-
son with a predetermined value based on the scaled sensi-
tivity. Here, the predetermined value is a value set empiri-
cally and/or experimentally, and when the predetermined
value is high, the cost (e.g., computing power, time, etc.)
may be reduced, and when the predetermined value is low,
the reliability of model training may be increased. For
example, the predetermined value may be set to 0.5.
[0116] In the gradient activating operation S440, the
image processing apparatus 100 may, in response to the
sensitivity of the i kernel being greater than the predeter-
mined value, activate the gradient for training.

[0117] Furthermore, in the gradient deactivating operation
$450, the image processing apparatus 100 may, in response
to the sensitivity of the i kernel being less than the
predetermined value, deactivate the gradient for training.
That is, the gradient may be determined as 0.

[0118] In summary, in the gradient activating operation
S440 and the gradient deactivating operation S450, the
image processing apparatus 100 may determine the gradient
for the i” kernel based on Equation 3 below.

oL B 0_L, Wy [Equation 3]
rrin 14
0,m; <y

[0119] Here,

oL
a0

denotes a parameter gradient during training, r denote a
predetermined value, and 1), denotes the sensitivity of the i**
kernel.

[0120] Accordingly, in the weak kernel screening opera-
tion S400, the image processing apparatus 100 may assign
a different gradient (activation or deactivation) to the i
kernel, so that only the i kernel assigned with a gradient
may be subject to model training next time.

[0121] On the other hand, because there is a plurality of
kernels of the object recognition model DL, in the iterative
operation S460, the image processing apparatus 100 may
determine a sensitivity with respect to the i kernel, deter-
mine (determine the gradient) whether to activate or deac-
tivate of a training gradient of the i”* kernel based on the
determined sensitivity, and return to the operation S410 to
determine the sensitivity for the i+1” kernel, so that only
weak kernels may be selected from all kernels included in
the object recognition model DL. That is, the image pro-
cessing apparatus 100 performs training on kernels for
which a gradient is activated among the kernels of the object
recognition model DL, and does not perform training on
kernels for which a gradient is deactivated. However, the
present disclosure is not limited thereto.

[0122] FIG. 7 is a flowchart for describing a weak data-
base generating operation of an image processing method
according to an exemplary embodiment of the present
disclosure.

[0123] Referring to FIG. 7, the weak database generating
operation S500 includes an operation of determining a
convolution of a weak pattern map WM and pre-stored i**
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image information (S510), an operation of generating a
similarity map of the weak pattern map WM and the i”*
image information (S520), an operation of identifying the
maximum value of the similarity map (§530), an operation
of determining whether the identified maximum value is
greater than a predetermined value (S540), an operation of
classifying the i image information as a weak database in
response to the identified maximum value being greater than
the predetermined value (S550) and an operation of itera-
tively performing the operation S510 determining a convo-
lution of the weak pattern map WM and pre-stored i+1%
image information (S560).
[0124] That is, in the weak database generating operation
$500, the image processing apparatus 100 may, based on the
weak pattern map WM generated in the weak pattern gen-
erating operation S300 and pre-stored pieces of image
information, classify (select) pieces of image information,
which are weak to the object recognition model DL, among
to the pieces of image information. That is, the image
processing apparatus 100 may classify image information
weak to the object recognition model DL among at least one
piece of pre-stored image information, to generate a data set
for training the object recognition model DL. However, the
present disclosure is not limited thereto.
[0125] Meanwhile, the pre-stored image information may
include image information obtained by the image sensor 110
and/or pre-stored image information. That is, it may be
understood that previously stored image information may be
utilized. For example, the pre-stored image information may
include at least one piece of image information, and may
include a plurality of pieces of image information.
[0126] In the convolution determining operation S510, the
image processing apparatus 100 may perform a convolution
operation on the i image information, which is pre-stored
image information, and the weak pattern map WM generated
in the weak pattern generating operation S300.
[0127] Accordingly, in the similarity map generating
operation S520, the image processing apparatus 100 may
determine the channel-direction average of the convolution
results determined in the convolution determining operation
$510, so that a similarity map of the weak pattern map and
the i” image information may be generated. That is, because
absolute value convolution refers to cosine similarity, and
the internal product has a property of providing a higher
value with respect to a similar pattern, the similarity map
generated by the image processing apparatus 100 provides a
higher value when there is a similar pattern between the
pre-stored image information and the weak pattern map
WM. Accordingly, the similarity map may quantitatively
identify the degree to which the at least one piece of
pre-stored image information includes a pattern similar to
that of the weak pattern map WM.
[0128] The image processing apparatus 100 may generate
a similarity map of a weak pattern map WM and pre-stored
i image information based on Equation 4 below.
SM=Mean(Z %, %, sim(wmmﬁ,f*‘, IM s jin,c)s DY

channel of WM) [Equation 4]

[0129] Here, SM, denotes a similarity map between i
image information and the weak pattern map, wm,, ,, denotes
a coordinate (m, n) value of the weak pattern map MW,
IM,,,, j+.. denotes an image input, sim denotes a cosine
similarity, Mean denotes an average operator, C denotes an
RGB channel, k1 denotes the size of the weak pattern map
WM, and k2 denotes the size of an image.
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[0130] That is, the image processing apparatus 100 may
perform the convolution determining operation S510 and the
similarity map generating operation S520 based on the
pre-stored i image information and the weak pattern map
WM based on Equation 4 above.

[0131] Meanwhile, in the operation S530 of identifying
the maximum value of the similarity map SM, the image
processing apparatus 100 may identify the maximum value
in the similarity map SMi generated in the similarity map
generating operation S520. Accordingly, the image process-
ing apparatus 100 may determine whether the maximum
value of the similarity map SMi is greater than a predeter-
mined value. That is, the image processing apparatus 100
determines whether the channel direction average value for
each coordinate of the similarity map SMi generated using
i image information as an input in the similarity map
generating operation S520 is greater than a predetermined
value.

[0132] Inthe weak database classification operation S550,
the image processing apparatus 100 may, when the maxi-
mum similarity value identified in the operation S530 of
identifying the maximum value of the similarity map SMi is
greater than the predetermined value, classify (generate) the
i image information used in the convolution determining
operation S510 and the similarity map generating operation
S520 as a weak database. That is, as described above, when
the maximum value of the similarity map is great, it may
represent that the similarity between the i image informa-
tion and the weak pattern map WM is high, which is a case
of corresponding to weak data with high reliability.

[0133] Here, the predetermined value may be, for
example, 0.7, but is not limited thereto. That is, the prede-
termined value may be set experimentally and/or empiri-
cally. On the other hand, as the predetermined value
increases, the image processing apparatus 100 is provided to
classify image information having a higher similarity with
the similarity map SMi as a weak database. Accordingly, the
amount of image information classified as weak databases
tends to decrease. That is, the user may set the value
experimentally and/or empirically to adjust the quantitative
number of weak databases.

[0134] Meanwhile, in the iterative operation S560, the
image processing apparatus 100 may, when the maximum
similarity value identified in the operation S530 of identi-
fying the maximum value of the similarity map SMi is
smaller than the predetermined value, may iteratively per-
form the operation S510 of determining the convolution, the
operation S520 of generating a similarity map, the operation
S530 of identifying the maximum value, and the operation
540 of determining whether the identified maximum value is
greater than a predetermined value on i+1” image informa-
tion. Accordingly, the image processing apparatus 100 may
classify the weak database with respect to all of the at least
one pre-stored image information.

[0135] That is, in the iterative operation S560, the image
processing apparatus 100 may perform a convolution opera-
tion and generate a similarity map for each of the pieces of
pre-stored image information until the number of pieces of
pre-stored image information is equal to i, so that all pieces
of pre-stored image information may be classified.

[0136] Accordingly, in the weak database generating
operation S500, the image processing apparatus 100 may
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generate (classify) the weak database based on the at least
one piece of pre-stored image information and the weak
pattern map WM.

[0137] FIG. 8 is a conceptual diagram for describing a
weak database generating operation of an image processing
method according to an exemplary embodiment of the
present disclosure.

[0138] Referring to FIG. 8, in the weak database gener-
ating operation S500, the image processing apparatus 100
may generate similarity maps SM1 and SM2 based on
pre-stored image information I1, 12 . . . and so on and the
weak pattern map WM.

[0139] In the convolution determining operation S510
included in the weak database generating operation S500,
the image processing apparatus 100 may determine the
convolution of the pre-stored first image information I1 and
the weak pattern map WM.

[0140] Accordingly, in the similarity map generating
operation S520 included in the weak database generating
operation S500, the image processing apparatus 100 may
determine the channel-direction average of the results per-
formed in the convolution determining operation S510, to
thereby generating the similarity map SM1.

[0141] As shown in the drawings, because the first image
information 11 does not have a pattern similar to the weak
pattern map WM, it may be seen that the image processing
apparatus 100 outputs the similarity map SM1, which has a
small value as a whole, through the convolution determina-
tion operation S510 and the similarity map generating
operation S520. Furthermore, because the second image
information 12 includes a pattern similar to the weak pattern
map WM in the center, it can be seen that the image
processing apparatus 100 outputs the similarity map SM2,
which has a high similarity value in the center portion of the
second image information 12, through the convolution deter-
mination operation S510 and the similarity map generating
operation S520.

[0142] Accordingly, referring to FIG. 8, in the weak
database generating operation S500, the image processing
apparatus 100 may identify the maximum value of the
similarity map SM1 generated based on the first image
information I1 and the maximum value of the similarity map
SM2 generated based on the second image information 12,
and in response to the identified maximum value being
greater than a predetermined value, generate (classify) the
corresponding image information as a weak database. For
example, the maximum value of the similarity map SM1
generated based on the first image information 11 may be
0.3, and the maximum value of the similarity map SM2
generated based on the second image information 12 may be
0.8, and when the predetermined value is set to 0.8, the
image processing apparatus 100 may classity (generate) the
second image information 12 as a weak database.

[0143] FIG. 9 is a flowchart for describing a weak kernel
training operation of an image processing method according
to an exemplary embodiment of the present disclosure.
[0144] Referring to FIG. 9, in the weak kernel training
operation S600, the image processing apparatus 100 may
focus on training kernels of the object recognition model
that are selected (e.g., the gradient activated or deactivated)
in the weak kernel screening operation S400, based on the
weak database obtained in the weak database generating
operation S500.
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[0145] The weak kernel training operation S600 may
include a database random classification operation (S610), a
weak kernel training operation (S620), a performance level
determining operation (S630), an operation (S640) of deter-
mining whether the performance level determined in the
performance level determining operation S630 is greater
than a predetermined value, and an object recognition
update model (S650).

[0146] In the database random classification operation S
610, the image processing apparatus 100 may randomly
classify the weak databases obtained in the weak database
generating operation S500 into a first weak database and a
second weak database at a predetermined ratio. Here, the
first weak database may be an image information set which
may be input as a dataset for training the weak kernels (or
parameters) selected in the weak kernel screening operation
S400), and the second weak database may be an image
information set which may be input as a dataset for evalu-
ating the object recognition model DL trained using the first
weak database as an input. However, the present disclosure
is not limited thereto. Here, the predetermined ratio may be
a ratio which may be set experimentally and/or empirically,
and may adopt a ratio of 9:1.

[0147] Thereafter, in the weak kernel training operation
S620, the image processing apparatus 100 may train the
weak kernels selected in the weak kernel screening opera-
tion S400 based on the first weak database classified in the
database random classification operation S610. The image
processing apparatus 100 may train the weak kernels based
on the first weak database through gradient descent. That is,
according to the training gradient applied to the kernel in the
weak kernel screening operation S400, a kernel whose
gradient is determined as 0 (deactivation) is not trained, and
a kernel whose gradient is determined as activation is
trained. Accordingly, the image processing apparatus 100
may preserve information of the existing well-trained kernel
while selectively training only the weak kernel, so that an
effect of reducing the computing power may be provided.
However, the present disclosure is not limited thereto.
[0148] In another exemplary embodiment of the present
disclosure, in the weak kernel training operation S620, the
image processing apparatus 100 may determine a training
gradient as 0 (deactivation) for kernels in a lower portion of
the object recognition model DL, and may determine a
training gradient as 1 (activation) for kernels in an upper
portion of the object recognition model DL so that only the
kernels of the upper portion of the object recognition model
DL may be trained. This may apply under the assumption
that the kernels of the lower portion of the object recognition
model DL have a higher sensitivity than the kernels of the
upper portion. However, the present disclosure is not limited
thereto.

[0149] That is, in the weak kernel training operation S620,
the image processing apparatus 100 does not only perform
training on the weak kernels selected through the weak
kernel screening operation S400, but may also perform
training on kernels selected according to other conventional
algorithms and/or algorithms to be developed in the future.
In summary, the weak kernel training operation S620 may be
an operation of training kernels selected through other types
of kernel selecting operations.

[0150] Meanwhile, in the performance level determining
operation S630, the image processing apparatus 100 may,
based on the object recognition model DL trained through
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the above-described weak kernel training operation S620
and the second weak database classified through the data-
base random classification operation S610, determine a
performance level of the trained object recognition model
DL.

[0151] In the performance determination operation S630,
the image processing apparatus 100 may determine a per-
formance level for recognition information DT output using
the second weak database as an input for the object recog-
nition model DL trained through the weak kernel training
operation S620. Here, F1 Score may be used for the per-
formance level. Because F1 Score is a general technique,
detailed descriptions are omitted.

[0152] Accordingly, in the determining operation S640,
the image processing apparatus 100 may determine whether
the performance level determined in the performance level
determining operation S630 is greater than a predetermined
value. Here, the predetermined value may be an empirical
and/or experimental value set for reliability and/or accuracy
desired by a user.

[0153] In the object recognition model updating operation
S650, the image processing apparatus 100 may, in response
to the performance level determined in the performance
level determination operation S630 being greater than the
predetermined value, update the existing object recognition
model with the object recognition model trained in the weak
kernel training operation S620.

[0154] Meanwhile, the image processing apparatus 100
may, in response to the performance level determined in the
performance level determination operation S630 being
smaller than the predetermined value, repeatedly perform
the weak kernel training operation S620 based on the first
weak database. That is, in the weak kernel training operation
S600, the image processing apparatus 100 may perform the
performance evaluation for each epoch of weak kernel
training, and when the determined performance level is not
greater than the value preset by the user, perform re-training.
However, the present disclosure is not limited thereto.

[0155] Accordingly, the above-described image process-
ing method may provide an effect of specifying and reducing
cases of misrecognition and/or non-recognition of the object
recognition model.

[0156] As an example applicable to the present disclosure,
the image processing apparatus 100 may be connected to an
autonomous driving control device for controlling autono-
mous driving in the vehicle system, and may set and/or
select a deep learning algorithm used by the autonomous
driving control device and provide the deep learning algo-
rithm to the autonomous driving control device.

[0157] The image processing apparatus 100 according to
the present disclosure may operate according to various
image processing methods described above.

[0158] Furthermore, the vehicle 10 according to the exem-
plary embodiment of the present disclosure may include the
above-described image processing apparatus 100. Accord-
ingly, the operations described with reference to the above-
described image processing method may be performed by
the vehicle 10.

[0159] At least one component may be added or omitted to
correspond to the performances of the components of the
vehicle 10 described above. Furthermore, the mutual posi-
tions of the components may be changed to correspond to
the performance or structure of the system.
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[0160] Some of the components of the vehicle 10 may
refer to a software component and/or a hardware component,
such as a Field Programmable Gate Array (FPGA) and an
Application Specific Integrated Circuit (ASIC).

[0161] Meanwhile, the image processing method accord-
ing to the exemplary embodiment of the present application
is not limited to the above description.

[0162] The image processing method according to the
exemplary embodiment of the present application may be
performed by an image processing system. Meanwhile, the
image processing system according to the exemplary
embodiment of the present application will be described
based on features that are differentiated from those of the
method of processing descried above.

[0163] The image processing system according to an
exemplary embodiment of the present application may
include a vehicle 10 and an image processing apparatus 100.
That is, the vehicle 10 and the image processing apparatus
100 may be provided separately.

[0164] The vehicle 10 may include an image sensor, a
communicator, and a controller. Here, the controller may
store an object recognition model which is configured to,
based on image information received from the image sensor,
output the type and position of an object included in the
image information, so that in response to image information
of a nearby area of the vehicle 10 being input, the controller
may output the position and type of an object in the nearby
area of the vehicle 10 based on the object recognition model.
Here, the object recognition model may be an artificial
intelligence model previously trained and stored in the
memory of the controller.

[0165] Furthermore, the controller may output a control
signal to transmit image information obtained from the
image sensor to the image processing apparatus 100. The
controller may output a control signal to transmit recogni-
tion information, which is output based on the image infor-
mation obtained from the image sensor being input into the
object recognition model, together with the image informa-
tion to the image processing apparatus 100.

[0166] Meanwhile, the image processing apparatus 100
may include a controller and a communicator.

[0167] The communicator of the image processing appa-
ratus 100 may receive the image information, which is
obtained by the image sensor of the vehicle 10, and the
recognition information of the object, which is included in
the image information and output by the controller of the
vehicle 10, through the communicator of the vehicle 10.
Accordingly, the controller of the image processing appa-
ratus 100 may store the received image information and
object recognition information. Furthermore, the image pro-
cessing apparatus 100 may store the same model as the
object recognition model stored in the controller of the
vehicle 10 in the memory.

[0168] Meanwhile, the image processing apparatus 100
may generate a signal for controlling the communicator to
transmit update information, which includes a newly trained
object recognition model, to the vehicle 10 to update the
stored object recognition model.

[0169] FIG. 10 is a flowchart for describing an image
processing method according to an exemplary embodiment
of the present disclosure. In more detail, in FIG. 10, a flow
chart of an image processing method performed by the
image processing system according to an exemplary
embodiment of the present disclosure is illustrated.
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[0170] The image processing method performed by the
image processing system may be applied in the same manner
as the above described method and apparatus of processing
an image and the vehicle having the same. However, it may
be understood that the image processing method performed
by the image processing system may adopt different agents
for performing each operation of the method.

[0171] Referring to FIG. 10, the vehicle 10 may obtain
image information (S710). Accordingly, the vehicle 10 may
transmit the image information to the image processing
apparatus 100.

[0172] Furthermore, the image processing apparatus 100
may input a ground truth (S720).

[0173] Furthermore, the vehicle 10 may input the image
information into the object recognition model to output
recognition information including the type and position of
an object included in the image information (S730). Accord-
ingly, the vehicle 10 may transmit the recognition informa-
tion to the image processing apparatus 100.

[0174] Furthermore, the image processing apparatus 100
may generate misrecognition data based on the recognition
information received from the vehicle 10 and the ground
truth (S740).

[0175] Furthermore, the image processing apparatus 100
may generate a weak pattern map of the object recognition
model based on the misrecognition data (S750).

[0176] Furthermore, the image processing apparatus 100
may classify weak databases based on the weak pattern map
and at least one piece of pre-stored image information
(8760).

[0177] Furthermore, the image processing apparatus 100
may select a weak kernel based on the weak pattern map and
the object recognition model (S770).

[0178] Furthermore, the image processing apparatus 100
may train the selected kernel based on the weak database
(S780). Accordingly, the image processing apparatus 100
may generate a signal for controlling the communicator to
transmit update information including the object recognition
model trained in operation S780 to the vehicle 10.

[0179] Furthermore, the vehicle 10 may update the exist-
ing object recognition model based on the update informa-
tion received from the image processing apparatus 100
(8790).

[0180] Meanwhile, the disclosed exemplary embodiments
of the present disclosure may be embodied in a form of a
recording medium storing instructions executable by a com-
puter. The instructions may be stored in a form of program
code, and when executed by a processor, may generate a
program module to perform the operations of the disclosed
exemplary embodiments of the present disclosure. The
recording medium may be embodied as a computer-readable
recording medium.

[0181] The program may include code coded in a com-
puter language, such as C, C++, Java, another machine
language, etc., which may be read by a processor (e.g., a
central processing unit (CPU)) of a computer through a
device interface of the computer for the computer to read the
program and execute the methods implemented as the pro-
gram. The code may include functional code which is related
to a function that defines functions needed to execute the
methods and may include execution procedure-related con-
trol code needed to cause the processor of the computer to
execute the functions according to a predetermined proce-
dure. Furthermore, the code may further include memory



US 2023/0230366 Al

reference-related code indicating a position (an address) of
an internal or external memory of the computer where
additional information or media needed to cause the pro-
cessor of the computer to execute the functions should be
referenced. Furthermore, when the processor of the com-
puter needs to communicate with any other computer or
server, etc. At a remote site, to perform the above-described
functions, the code may further include communication-
related code such as how to communicate with any other
computer or server at a remote site and what information or
media should be transmitted or received during communi-
cation.
[0182] The operations of the method or algorithm
described in connection with the exemplary embodiment of
the present disclosure may be implemented directly in
hardware, implemented in a software module executed by
hardware, or implemented in a combination thereof. Soft-
ware modules may reside in a RAM, a ROM, an Erasable
Programmable ROM (EPROM), an Electrically Erasable
Programmable ROM (EEPROM), a flash memory, a hard
disk, a removable disk, a CD-ROM, or any other form of
computer-readable recording medium known in the art to
which the present disclosure pertains.
[0183] As is apparent from the above, the method and
apparatus of processing an image, and a vehicle having the
same can perform training by focusing on the weaknesses of
a deep learning model.
[0184] In various exemplary embodiments of the present
disclosure, the control device may be implemented in a form
of hardware or software, or may be implemented in a
combination of hardware and software.
[0185] Furthermore, the terms such as “unit”, “module”,
etc. included in the specification mean units for processing
at least one function or operation, which may be imple-
mented by hardware, software, or a combination thereof
[0186] For convenience in explanation and accurate defi-
nition in the appended claims, the terms “upper”, “lower”,
“inner”, “outer”, “up”, “down”, “upwards”, “downwards”,
“front”, “rear”, “back”, “inside”, “outside”, “inwardly”,
“outwardly”, “interior”, “exterior”, “internal”, “external”,
“forwards”, and “backwards” are used to describe features
of the exemplary embodiments with reference to the posi-
tions of such features as displayed in the figures. It will be
further understood that the term “connect” or its derivatives
refer both to direct and indirect connection.
[0187] The foregoing descriptions of specific exemplary
embodiments of the present disclosure have been presented
for purposes of illustration and description. They are not
intended to be exhaustive or to limit the present disclosure
to the precise forms disclosed, and obviously many modi-
fications and variations are possible in light of the above
teachings. The exemplary embodiments were chosen and
described to explain certain principles of the present disclo-
sure and their practical application, to enable others skilled
in the art to make and utilize various exemplary embodi-
ments of the present disclosure, as well as various alterna-
tives and modifications thereof. It is intended that the scope
of the present disclosure be defined by the Claims appended
hereto and their equivalents.

What is claimed is:

1. A method of processing an image, the method com-
prising:

obtaining, by an image sensor, image information;

inputting, by an inputter, a ground truth;
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inputting, by a controller operably connected to the image
sensor and the inputter, the image information to an
object recognition model to output recognition infor-
mation including a position and a type of an object
included in the image information;

generating, by the controller, misrecognition data based

on the output recognition information and the input
ground truth;

generating, by the controller, a weak pattern map of the

object recognition model by processing the misrecog-
nition data; and

classifying a weak database based on the weak pattern

map and at least one piece of pre-stored image infor-
mation.

2. The method of claim 1, wherein the generating of the
weak pattern map includes:

generating a pattern map of a predetermined size of the

misrecognition data based on at least one of a feature
point contribution and an input/output sensitivity of the
misrecognition data.

3. The method of claim 1, wherein the classifying of the
weak database includes:

determining a similarity based on the pre-stored image

information and the weak pattern map, and classifying
a weak database based on the determined similarity.

4. The method of claim 3, wherein the classifying of the
weak database includes:

in response to the determined similarity being greater than

a predetermined value, classifying the pre-stored image
information into the weak database.

5. The method of claim 1, wherein the object recognition
model is a model trained based on a convolutional neural
network (CNN).

6. The method of claim 5, further including:

selecting, by the controller, a weak kernel of the object

recognition model based on the object recognition
model and the weak pattern map, wherein the selected
weak kernel is trained based on the weak database.

7. The method of claim 6, wherein the selecting of the
weak kernel includes:

determining a sensitivity to the weak pattern map for each

kernel of the object recognition model, and

selecting, as the weak kernel, a kernel of which the

sensitivity is determined as being greater than or equal
to a predetermined sensitivity.

8. The method of claim 6, wherein the training based on
the weak database includes:

randomly classifying the weak database into a first weak
database and a second weak database at a predeter-
mined ratio, and
training the weak kernel based on the first weak database.
9. The method of claim 8, wherein the training of the weak
kernel includes:
determining a performance level of the object recognition
model based on the second weak database for each
epoch of the training,
wherein when the determined performance level is higher
than a predetermined value, the training of the weak
kernel is stopped.
10. An apparatus of processing an image, the apparatus
comprising:
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an image sensor configured to obtain image information;

an inputter configured to input a ground truth; and

a controller connected to the image sensor and the inputter

and including a processor configured to process the
obtained image information,

wherein the controller is further configured to:

input the image information to an object recognition
model to output recognition information including a
position and a type of an object included in the image
information,

generate misrecognition data based on the output rec-
ognition information and the input ground truth,

generate a weak pattern map of the object recognition
model by processing the misrecognition data, and

classify a weak database based on the weak pattern map
and at least one piece of pre-stored image informa-
tion.

11. The apparatus of claim 10, wherein the controller is
further configured to generate a pattern map of a predeter-
mined size of the misrecognition data based on at least one
of'a feature point contribution and an input/output sensitivity
of the misrecognition data.

12. The apparatus of claim 10, wherein the controller is
further configured to determine a similarity based on the
pre-stored image information and the weak pattern map, and
to classify a weak database based on the determined simi-
larity.

13. The apparatus of claim 12, wherein the controller is
further configured to classify the pre-stored image informa-
tion into the weak database in response to the determined
similarity being greater than a predetermined value.
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14. The apparatus of claim 10, wherein the object recog-
nition model is a model trained based on a convolutional
neural network (CNN).

15. The apparatus of claim 14,

wherein the controller is further configured to select a

weak kernel of the object recognition model based on
the object recognition model and the weak pattern map,
and

wherein the selected weak kernel is trained based on the

weak database.

16. The apparatus of claim 15, wherein the controller is
further configured:

to determine a sensitivity to the weak pattern map for each

kernel of the object recognition model, and

to select, as the weak kernel, a kernel of which the

sensitivity is determined as being greater than or equal
to a predetermined sensitivity.

17. The apparatus of claim 15, wherein the controller is
further configured:

to randomly classify the weak database into a first weak

database and a second weak database at a predeter-
mined ratio, and

to train the weak kernel based on the first weak database.

18. The apparatus of claim 17, wherein the controller is
further configured:

to determine a performance level of the object recognition

model based on the second weak database for each
epoch of the training,

when the determined performance level is higher than a

predetermined value, to stop the training of the weak
kernel.

19. A vehicle including the apparatus of claim 10.
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