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TRAINING SYSTEM FOR COMPUTER VISION MODEL 

 

 

TECHNICAL FIELD 

[0001] The present disclosure relates to a training system 5 

for a computer vision model, which may improve instance 

recognition performance for an image having a plurality of 

overlapping instances of the computer vision model through a data 

oriented approach. 

 10 

Background 

[0002] With developments in deep learning, machine learning, 

and the like, a computer vision model may be used. Computer vision 

models extract meaningful information from digital images, videos, 

and other visual inputs and provide the information in a usable 15 

form and may be applied to various fields such as vehicles and 

manufacturing. 

[0003] Computer vision models may be used to perform tasks 

such as image classification, object classification on an image, 

object tracking, and image search. In particular, the object 20 

classification may be subdivided into semantic segmentation, 

which is a method of assigning a class label to each of all unit 

pixels of the input image, and instance segmentation, which is a 

method of assigning a class label and unique instance label to 

each object. 25 
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[0004] In particular, although the instance segmentation may 

be used to identify and segment individual object instances within 

an image, an occlusion instance scenario, in which a multiple 

instances overlap each other on a target image with partial 

occlusion, may adversely affect model’s ability to accurately 5 

recognize each instance. 

[0005] Therefore, a method to enable accurate instance 

segmentation even in the occlusion instance scenario is proposed. 

[0006] The matters explained herein are for the purpose of 

enhancing the understanding of the present disclosure and should 10 

not be taken as acknowledging that they correspond to the related 

art already known to those skilled in the art. 

 

SUMMARY  

[0007] According to the present disclosure, an apparatus may 15 

comprise: a processor; and memory storing instructions, that when 

executed by the processor, may cause the apparatus to: extract 

at least one source instance from at least one source image stored 

in a dataset; arrange the at least one extracted source instance 

on a target image stored in the dataset, wherein the target image 20 

may comprise at least one target instance associated with a 

ground-truth mask used to  recognize the at least one target 

instance; perform, based on the arrangement, an augmentation 

process on the target image; adjust the ground-truth mask based 

on the performance of the augmentation process; and output the 25 
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target image including the adjusted ground-truth mask of the 

target instance.  

[0008] The apparatus, wherein the at least one source instance 

belongs to a same object class as the at least one target instance. 

The apparatus, wherein the instructions, when executed by the 5 

processor, may cause the apparatus to perform the augmentation 

process based on a preset probability.  

[0009] The apparatus, wherein the instructions, when executed 

by the processor, may cause the apparatus to perform the 

augmentation process based on a source instance satisfying at 10 

least one filtering condition, wherein the at least one filtering 

condition may comprise a filtering condition that is satisfied 

based on a ratio of a size of the source instance to a size of 

the target image being larger than a preset ratio.  

[0010] The apparatus, wherein the instructions, when executed 15 

by the processor, may cause the apparatus to perform the 

augmentation process based on a source instance satisfying at 

least one filtering condition, wherein the at least one filtering 

condition may comprise a filtering condition that is satisfied 

based on a number of ground-truth visible key points of the source 20 

instance being at least a preset number.  

[0011] The apparatus, wherein the instructions, when executed 

by the processor, may cause the apparatus to perform the 

augmentation process based on a source instance satisfying at 

least one filtering condition, wherein the at least one filtering 25 
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condition may comprise a filtering condition that is satisfied 

based on a number of connected components of a source instance 

being smaller than a preset number.  

[0012] The apparatus, wherein the instructions, when executed 

by the processor, may cause the apparatus to perform the 5 

augmentation process by arranging the at least one source instance 

on the target image so that at least a portion of the target 

image is occluded by the source instance.  

[0013] The apparatus, wherein the instructions, when executed 

by the processor, may cause the apparatus to perform the 10 

augmentation process by: adjusting a size of the at least one 

source instance based on a size of the at least one target 

instance; and arranging, based on the adjusted size, the at least 

one source instance on the target image.  

[0014] The apparatus, wherein the instructions, when executed 15 

by the processor, may cause the apparatus to perform the 

augmentation process by arranging the at least one source instance 

on the target image so that at least a portion of the at least 

one target instance is occluded by the at least one source 

instance.  20 

[0015] The apparatus, wherein the instructions, when executed 

by the processor, may cause the apparatus to: transform the at 

least one source instance; and arrange the at least one 

transformed source instance on the target image. The apparatus, 

wherein the instructions, when executed by the processor, may 25 



 

5 

 

cause the apparatus to remove the ground-truth mask associated 

with the at least one target instance based on a proportion of a 

part of the at least one target instance, which is occluded by 

the at least one source instance, exceeding a preset proportion.  

[0016] The apparatus, wherein the instructions, when executed 5 

by the processor, may cause the apparatus to remove the at least 

one target instance from the target image based on a proportion 

of a part of the at least one target instance, which is occluded 

by the at least one source instance, exceeding a preset proportion. 

The apparatus, wherein the instructions, when executed by the 10 

processor, may cause the apparatus to perform the augmentation 

process according to a preset training difficulty level. The 

apparatus, wherein the preset training difficulty level is 

changed based on a preset cycle value.  

[0017] The apparatus, wherein the preset cycle value is set 15 

based on training epochs of a computer vision model trained based 

on target images stored in the dataset. The apparatus, wherein 

the preset training difficulty level is changed in an increasing 

direction based on a preset condition being satisfied.  

[0018] The apparatus, wherein the preset condition being 20 

satisfied is determined based on a comparison of a training loss 

of a previous training epoch and a training loss of a current 

training epoch of a computer vision model trained based on target 

images from the dataset. The apparatus, wherein the preset 

training difficulty level is changed in an increasing direction 25 
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up to a preset upper limit based on the preset condition being 

satisfied.  

[0019] The apparatus, wherein the instructions, when executed 

by the processor, may cause the apparatus to train a computer 

vision model to determine another target image comprising the at 5 

least one target instance, wherein the at least one target 

instance is associated with the adjusted ground-truth mask value; 

track, based on the machine learning process, a target instance; 

and output, based on the tracked target instance, a signal to 

control operation of a device. 10 

 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0020] FIG. 1 shows an example of a configuration of a 

training system for a computer vision model according to one 

example of the present disclosure. 15 

[0021] FIG. 2 shows an example of an image augmentation for 

the training of the computer vision model according to one example 

of the present disclosure. 

[0022] FIGS. 3A, 3B, 3C, and 3D show examples of the 

adjustment of a training difficulty level through augmentation 20 

according to one example of the present disclosure. 

[0023] FIG. 4 shows an example of a process of training the 

computer vision model according to one example of the present 

disclosure. 
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[0024] FIG. 5 shows an example of a process of adjusting the 

training difficulty level of augmentation according to one 

example of the present disclosure. 

 

DETAILED DESCRIPTION OF THE DISCLOSURE 5 

[0025] Specific structural and functional descriptions of the 

examples of the present disclosure disclosed in the specification 

or the application are merely illustrative for the purpose of 

describing the examples of the present disclosure, and the 

examples of the present disclosure may be implemented in various 10 

forms and should not be construed as being limited to the examples 

described in the specification or the application. 

[0026] Since the examples of the present disclosure may be 

variously changed and may have various forms, specific examples 

will be shown in the drawings and described in detail in the 15 

specification or the application.  However, it should be 

understood that this is not intended to limit the present 

disclosure to a specific form specifying the examples according 

to the concept of the present disclosure and includes all changes, 

equivalents, and substitutions included within the spirit and 20 

technical scope of the present disclosure. 

[0027] Unless defined otherwise, all terms used herein, 

including technical or scientific terms, have the same meaning 

as commonly understood by those skilled in the art to which the 

present disclosure pertains.  The terms defined in a generally 25 
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used dictionary should be construed as having meanings that 

coincide with the meanings of the terms from the context of the 

related technology and are not construed as an ideal or 

excessively formal meaning unless clearly defined in this 

document. 5 

[0028] Hereinafter, examples disclosed in this specification 

will be described in detail with reference to the accompanying 

drawings, and the same or similar components are denoted by the 

same reference numerals regardless of the drawing symbols, and 

overlapping descriptions thereof will be omitted. 10 

[0029] In the following description of the examples, the term 

“preset” means that a value of a parameter is predetermined when 

using the parameter in a process or an algorithm.  According to 

the examples, the value of the parameter may be set if the process 

or the algorithm starts or set during a section in which the 15 

process or the algorithm is performed. 

[0030] The suffixes “module” and “unit” for components used 

in the following description are given or used interchangeably 

in consideration of ease of preparing the specification and not 

have meanings or roles that are distinct from each other by 20 

themselves. 

[0031] In describing the examples disclosed in the 

specification, if it is determined that a detailed description 

of a related known technology may obscure the gist of the examples 

disclosed in this specification, a detailed description thereof 25 
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will be omitted.  In addition, the accompanying drawings are only 

for easy understanding of the examples disclosed in the 

specification, and it should be understood that the technical 

spirit disclosed in the specification is not limited by the 

accompanying drawings, and all changes, equivalents, or 5 

substitutes included in the spirit and technical scope of the 

present disclosure are included in the accompanying drawings. 

[0032] Terms including ordinal numbers such as first or second 

may be used to describe various components, but the components 

are not limited by the terms.  The terms are used only for the 10 

purpose of distinguishing one component from another. 

[0033] If a first component is described as being “connected” 

or “coupled” to a second component, it should be understood that 

the first component may be directly connected or coupled to the 

second component or a third component may be present therebetween.  15 

On the other hand, if the first component is described as being 

“directly connected” or “directly coupled” to the second 

component, it should be understood that the third component is 

not present therebetween. 

[0034] The singular expression includes the plural expression 20 

unless the context clearly dictates otherwise. 

[0035] In the specification, it should be understood that 

terms such as “comprise” or “have” are intended to specify that 

a feature, a number, a step, an operation, a component, a part, 

or a combination thereof described in the specification is present, 25 
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but do not preclude the possibility of the presence or addition 

of one or more other features, numbers, steps, operations, 

components, parts, or combinations thereof. 

[0036] The present disclosure proposes that a training system 

for a computer vision model according to one example of the 5 

present disclosure may augment images of a dataset and provide 

data for the training of the computer vision model, thereby 

improving the performance of the computer vision model without 

additional data collection or labeling. 

[0037] In particular, therefore, the present disclosure 10 

proposes that the apparatus according to one example of the 

present disclosure may improve instance segmentation performance 

even in an occlusion instance scenario in which multiple instances 

overlap each other within an image. 

[0038] Here, the instance may be an individual object within 15 

an image, and a class (e.g., person or dog) representing each 

type or classification may be assigned to each instance.  The 

present disclosure proposes that the apparatus according to one 

example of the present disclosure may effectively perform 

instance segmentation, particularly, in a case in which instances 20 

of the same class overlap each other in occlusion instance 

scenarios. 

[0039] In addition, in the following description, the 

instance recognition may be used as meaning including instance 

segmentation. 25 
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[0040] FIG. 1 shows an example of a configuration of a 

training system for a computer vision model according to one 

example of the present disclosure. 

[0041] Referring to FIG. 1, the apparatus according to one 

example of the present disclosure may include a dataset 10, an 5 

extraction unit 100, an augmentation unit 200, a training data 

processing unit 300, and a computer vision model 20.  However, 

FIG. 1 is a view mainly showing components related to the 

description of one example of the present disclosure and it goes 

without saying that a real system may include a larger or fewer 10 

number of components.  Hereinafter, each component will be 

described. 

[0042] First, the dataset 10 may include various images, and 

each image may include at least one instance.  The dataset 10 may 

be implemented by storing collected data in a memory or the like, 15 

and in one example of the present disclosure, an already existing 

open-source dataset may be used. The dataset 10 also contains 

ground-truth masks (labels) for each of the images. Ground-truth 

masks comprise of instance-level segmentation mask and object 

class of each instance in an image. In one example of the present 20 

disclosure, it may also contain ground-truth key point 

information for each instance. 

[0043] The extraction unit 100 may extract at least one source 

instance from at least one image included in the pre-stored 

dataset 10 and for example, sample at least one source image from 25 
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the dataset 10 and then extract source instances from the at least 

one sampled source image. 

[0044] In this case, since the extraction may be implemented 

by a method of copying the source instance on the target image, 

source instances on the source image and the copied source 5 

instance may coexist. 

[0045] The augmentation unit 200 may perform the augmentation 

of a target image including at least one target instance included 

in the dataset 10 based on the extracted at least one source 

instance. 10 

[0046] Here, the ground-truth mask of the target instance may 

be an original value or real value of the target instance and may 

be a result expected to be derived if the computer vision model 

20 performs the recognition of the target instance.  In other 

words, if an image recognition result of the computer vision model 15 

20 matches with the ground-truth mask, the recognition may be 

considered to be successfully performed, and the ground-truth 

mask may function as a hyper parameter for the training of the 

computer vision model 20 in that an instance recognition reference 

of the computer vision model 20 may be changed depending on the 20 

ground-truth mask of training data input to the computer vision 

model 20. 

[0047] Meanwhile, the source instance is an instance used to 

process the target image for training the computer vision model 

20, the target instances are original instances that are present 25 
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on the target image, and it may be understood that both source 

and target instances are targets to be recognized through the 

computer vision model 20. 

[0048] In particular, it may be determined that the source 

instance for the augmentation of the target image belongs to the 5 

same object classification, for example, the same class as the 

target instances, and for example, both the source instance and 

the target instance may have “human” class. 

[0049] Meanwhile, the augmentation unit 200 may not always 

provide an augmented target image, but may provide a mixture of 10 

the augmented target image and a non-augmented target image to 

the training data processing unit 300.  In this case, since the 

augmentation unit 200 may perform the augmentation of the target 

image based on a preset probability, the augmentation effect may 

be regularized, thereby improving training performance. 15 

[0050] In addition or alternative, instead of using all 

extracted source instances for augmentation, the augmentation 

unit 200 may randomly sample a subset of the source instances and 

also use only source instances that are suitable for the training 

of the computer vision model 20 for augmentation to derive higher 20 

quality training data.  In other words, the augmentation unit 200 

may perform filtering by determining whether a source instance 

satisfies at least one preset filtering condition and use only 

the source instance passing through the filtering to augment the 

target image. 25 
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[0051] For example, at least one preset filtering condition 

may include a first filtering condition that is satisfied if the 

ratio of the size of the source instance to the size of the target 

image is larger than a preset ratio, a second filtering condition 

that is satisfied when the number of ground-truth visible key 5 

points of the source instance may be observed to be a preset 

number or more, a third filtering condition that is satisfied if 

the number of connected components of the source instance is 

smaller than a preset number, and the like. 

[0052] Since an source instance that is too small makes it 10 

difficult to bring the context information of the source image 

to the target image, the augmentation unit 200 may apply the first 

filtering condition and uses only the source instance having a 

size suitable for training to augment the target image. 

[0053] If the source instance includes only a portion of the 15 

entire component required for the corresponding class, the source 

instance is likely to be occluded by other objects on the source  

image and in this case, may not be suitable for augmentation for 

training because the occlusion context may not be copied over 

also. Such partial source instance may be determined by checking 20 

the number of ground-truth visible key points of the instance, 

if key point information is labelled and available in the dataset. 

Here, the ground-truth visible key points may mean a feature that 

appears in an image or an instance included in it, and may be 

used to confirm the ground-truth mask of an instance included in 25 
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the image. In this case, if the ground-truth visible key points 

are observed, it may be helpful in confirming the ground-truth 

mask and if the ground-truth visible key points are not observed, 

it may be difficult to confirm the ground-truth mask.  Therefore, 

the augmentation unit 200 may apply the second filtering condition 5 

and use only the source instance if the number of ground-truth 

visible key points is observed to be the preset number or more 

to augment the target image. 

[0054] In addition or alternative, if the number of connected 

components of the source instance is large, for example, a whole 10 

mask is broken into several connected parts, the source instance 

is likely to be occluded on the source image and in this case, 

may not be suitable for augmentation because once again, the 

context of the source image may not be carried over to the target 

image during pasting.  Therefore, the augmentation unit 200 may 15 

apply the third filtering condition and use only the source 

instance in which the number of connected components of the source 

instance mask is smaller than the preset number to augment the 

target image. 

[0055] Meanwhile, a specific augmentation method of the 20 

target image will be described below with reference to FIGS. 2 

and 3. 

[0056] Firstly, FIG. 2 shows an example of the image 

augmentation for the training of the computer vision model 

according to one example of the present disclosure. 25 



 

16 

 

[0057] Referring to FIG. 2, first, the extraction unit 100 

may randomly sample and extract a source image S, including a 

source instance I1, from the dataset 10 and extract the source 

instance I1 from the sampled source image S. 

[0058] The augmentation unit 200 may perform augmentation by 5 

arranging at least one source instance I1 on a target image T so 

that at least a portion of the target image T having a target 

instance I2 is occluded by the source instance I1, and thus induce 

an occlusion instance scenario within the target image T.  For 

example, the augmentation may be performed by a method of pasting 10 

the source instance I1 copied from the source image S on the 

target image T. 

[0059] According to the augmentation, since the number of 

target images T having the occlusion instance scenario increases, 

it is possible to improve the instance recognition performance 15 

for the occlusion instance scenario of the computer vision model 

20 performing training through the augmented target image T. 

[0060] If the target image T augmented by applying the source 

instance I1 is input to the computer vision model 20, as the 

target instance I2 is initially occluded by the source instance 20 

I1, a recognition result R2’ in which only a portion of the target 

instance I2 is recognized may be derived, but a recognition result 

R2 close to a ground-truth of the target instance I2 may be 

derived according to repeated training through the input of the 

augmented target image. 25 



 

17 

 

[0061] Meanwhile, if the target image T is input to the 

computer vision model 20, the computer vision model 20 may also 

recognize the source instance I1, and as the source instance I1 

is disposed above the target instance I2 on the target image, the 

source instance I1 may have the recognition result R1 close to 5 

the ground-truth from the beginning of training. 

[0062] In addition or alternative, the augmentation unit 200 

may perform the augmentation by adjusting the size of the source 

instance I1 based on a size of the target instance I2 and then 

arrange the augmented source instance I1 on the target image T. 10 

[0063] Therefore, the augmented target image T may have a 

more natural shape, and the source instance I1 may be aligned on 

the target image T to fit the context of the target image T, and 

thus high-quality training data may be provided for the training 

of the computer vision model 20. 15 

[0064] In addition or alternative, the augmentation unit 200 

may arrange the source instance I1 at any arbitrary point on the 

target image T, or arrange the source instance I1 in the vicinity 

of the target image T so that at least a portion of the target 

instance I2 is occluded by the source instance I1, thereby 20 

increasing the probability of occurrence of the occlusion 

instance scenario.  As the probability of occurrence of the 

occlusion instance scenario of the target image T increases, it 

is possible to improve the instance recognition performance of 
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the computer vision model 20 in response to the occlusion instance 

scenario. 

[0065] In addition or alternative, the augmentation unit 200 

may transform the source instance I1 and then arrange the source 

instance I1 on the target image T, and in this case, the 5 

transformation may include color transformation and geometric 

transformation.  Due to the transformation of the source instance 

I1, it is possible to increase the diversity of the training data. 

[0066] Meanwhile, referring back to FIG. 1, since the 

augmentation unit 200 may perform the augmentation of the target 10 

image according to a preset training difficulty level, various 

augmentation results of the target image may be derived. By 

dynamically adjusting the augmentation training difficulty level 

as the training progresses from easy to hard, it may be possible 

that the computer vision model 20 may learn better, in a 15 

curriculum learning setting.  

[0067] In this case, the preset training difficulty level may 

be changed depending on a preset cycle, and the preset cycle may 

be set based on the training epochs of the computer vision model 

20 trained after receiving target images from the training data 20 

processing unit 300. 

[0068] For example, the training difficulty level may be 

changed each time all target images of the dataset 10 are input 

to the computer vision model 20 once. 
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[0069] In addition or alternative, the training difficulty 

level may be changed in an increasing direction, from easy to 

hard, if a preset raising condition is satisfied, thereby 

improving the training efficiency of the computer vision model 

20.  In this case, it may be determined whether the raising 5 

condition is satisfied based on a comparison of a training loss 

of a previous training epoch and a training loss of a current 

training epoch of the computer vision model 20 trained after 

receiving target images from the training data processing unit 

300, and for example, if the training loss of the current training 10 

epoch is smaller than that of the previous training epoch, a 

training difficulty level of a next stage may be applied. 

[0070] However, if the training difficulty level exceeds a 

specific threshold, the augmented target image may instead hinder 

the training efficiency, and thus an upper limit of the training 15 

difficulty level may be set, and as a result, the augmentation 

unit 200 may perform the augmentation according to the training 

difficulty level changed in an increasing direction up to the 

preset upper limit if the preset raising condition is satisfied. 

[0071] The adjustment of the training difficulty level 20 

through augmentation will be described below with reference to 

FIGS. 3A to 3D. 

[0072] FIGS. 3A to 3D show examples of the adjustment of a 

training difficulty level through augmentation according to one 

example of the present disclosure. 25 
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[0073] FIGS. 3A to 3D are graphs each having the entire 

training loss as a vertical axis against elements related to the 

adjustment of the difficulty level of augmentation as a horizontal 

axis.  Here, the entire training loss may be reflective of the 

difficulty level of augmentation, and it may be understood that 5 

as the entire training loss increases, augmentation has been 

performed at a higher difficulty level. 

[0074] Firstly, referring to FIG. 3A, a graph showing the 

relationship between the probability of occurrence of the overall 

occlusion and the entire training loss is shown.  As the 10 

probability of occurrence of the overall occlusion increases, the 

probability that the target image provided as the training data 

has the occlusion instance scenario increases as much as it 

increases, and the augmentation may be considered to be performed 

to have a higher training difficulty level.  As may be seen from 15 

the graph, as the probability of occurrence of the overall 

occlusion increases, the entire training loss corresponding to 

the training difficulty level may increase. 

[0075] Next, referring to FIG. 3B, a graph showing the 

relationship between the range of number of source instances to 20 

be pasted per target image and the entire training loss is shown.  

The eventual number of source instance to be pasted on each target 

image is randomly sampled between this range. As the number of 

source instances per target image increases, the occlusion 

worsens, the number of instances to be recognized by the computer 25 
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vision model 20 increases, and the probability of occlusion 

between instances may increase, thus raising the training 

difficulty level.  As may be seen from the graph, as the upper 

limit of the range of the number of source instances per target 

image increases, the entire training loss corresponding to the 5 

training difficulty level may increase. 

[0076] Next, referring to FIG. 3C, a graph showing the 

relationship between the probability that the source instance is 

disposed near target existence instances and the entire training 

loss is shown.  As the source instance is disposed near the target 10 

instance, the probability of occurrence of occlusion may increase, 

and thus the training difficulty level may be raised.  As may be 

seen from the graph, as the probability that the source instance 

is disposed near the target instance increases, the entire 

training loss corresponding to the training difficulty level may 15 

increase. 

[0077] Next, referring to FIG. 3D, a graph showing the 

relationship between a non-overlapping degree between the source 

instance and the target instance and the entire training loss is 

shown.  As the non-overlapping degree between the source instance 20 

and the target instance decreases, the probability of higher 

overlaps in occlusion may increase, and thus the training 

difficulty level may be raised as much as it increases.  As may 

be seen from the graph, as the non-overlapping degree between the 

source instance and the target instance decreases, for example, 25 
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an overlapping degree therebetween increases, the entire training 

loss corresponding to the training difficulty level may increase. 

[0078] Meanwhile, referring back to FIG. 1, the training data 

processing unit 300 may adjust the ground-truth masks of target 

instances according to an augmentation state of the target image 5 

and output the target image having the adjusted ground-truth mask 

of the target instance. 

[0079] For example, the training data processing unit 300 may 

modify the ground-truth mask to the remaining parts to exclude 

the part of the target instance which is occluded by the source 10 

instance, so that the computer vision model 20 may recognize the 

target instance even in the occlusion instance scenario. 

[0080] In addition or alternative, if the proportion of the 

part of the target instance that is occluded by the source 

instance, exceeds the preset proportion, the training date 15 

processing unit 300 may remove the ground-truth mask labeled to 

the target instance. In this case, since the target instance is 

rarely observed on the target image, it is possible to mitigate 

the occurrence of recognition errors by removing the ground-truth 

mask. 20 

[0081] In addition or alternative, if the proportion of the 

part of the target instance that is occluded by the source 

instance, exceeds the preset proportion, the training data 

processing unit 300 may remove the target instance completely to 

prevent the use of the target image having the target instance 25 
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with an excessively small observable part due to occlusion as the 

training data. 

[0082] Meanwhile, the computer vision model 20 may be trained 

after receiving the target image output from the training data 

processing unit and may have a process for at least recognizing 5 

an instance on the input image.  For example, if an augmented 

target image is input to the computer vision model 20, the 

computer vision model 20 may perform a task of recognizing the 

source instance and the target instance on the target image.  If 

the purpose is to recognize or identify an instance, various types 10 

of models may be implemented as the computer vision model 20 

according to one example of the present disclosure regardless of 

a specific implementation method. 

[0083] FIG. 4 shows an example of a process of training the 

computer vision model according to one example of the present 15 

disclosure. 

[0084] Firstly, it may be determined whether to perform 

augmentation according to a preset probability, and for example, 

the augmentation may be performed with a 50% probability.  If it 

is determined to perform the augmentation (YES in S410), the 20 

extraction unit 100 may first random sample and extract source 

images from the dataset 10 (S420) and extract source instances 

from the sampled source images (S430). 
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[0085] The augmentation unit 200 may apply the source instance 

passing through filtering (S440) to the target image and perform 

the augmentation of the target image (S450). 

[0086] For example, in the filtering (S440), at least one of 

determining the first filtering condition related to the size of 5 

the source instance (S441), determining the second filtering 

condition related to the number of ground-truth visible key points 

of the source instance (S442), and determining the third filtering 

condition related to the number of connected components of the 

source instance(S443). 10 

[0087] In addition or alternative, in the augmentation (S450), 

at least one of adjusting the size of the source instance (S451), 

adjusting an arrangement position on the target image (S452), and 

transforming the source instance (S453) may be performed. 

[0088] Meanwhile, the training data processing unit 300 15 

receiving the augmented target image may adjust the ground-truth 

mask of the target instance according to the augmentation state 

of the target image (S460), output the target image, which is 

augmented and has the adjusted ground-truth mask. 

[0089] In addition or alternative, the target image, which is 20 

augmented and has the adjusted ground-truth mask, may be input 

to the computer vision model 20 as the training data and used for 

the training of the computer vision model 20 (S470). 
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[0090] FIG. 5 shows an example of a process of adjusting the 

training difficulty level of augmentation according to one 

example of the present disclosure. 

[0091] Referring FIG. 5, the augmentation unit 200 may perform 

the augmentation of the target image according to a preset 5 

training difficulty level “X” (S510). The preset training 

difficulty level “X” may be varied, thus, various augmentation 

results of the target image may be derived. By dynamically 

adjusting the augmentation training difficulty level as the 

training progresses from easy to hard, it may be possible that 10 

the computer vision model 20 may learn better, in a curriculum 

learning setting.  

[0092] In this case, the preset training difficulty level may 

be changed depending on a preset cycle. More specifically the 

training difficulty level may be changed on a condition that the 15 

preset cycle is reached (Yes of S520). 

[0093] The preset cycle may be set based on the training 

epochs of the computer vision model 20 trained after receiving 

target images from the training data processing unit 300. 

[0094] For example, the training difficulty level may be 20 

changed each time all target images of the dataset 10 are input 

to the computer vision model 20 once. 

[0095] In addition or alternative, the training difficulty 

level may be changed in an increasing direction, from easy to 

hard, on a condition that a preset raising condition is satisfied 25 
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(Yes of S530), thereby improving the training efficiency of the 

computer vision model 20.  In this case, it may be determined 

whether the raising condition is satisfied based on a comparison 

of a training loss of a previous training epoch and a training 

loss of a current training epoch of the computer vision model 20 5 

trained after receiving target images from the training data 

processing unit 300, and for example, if the training loss of the 

current training epoch is smaller than that of the previous 

training, a training difficulty level of a next stage may be 

applied. 10 

[0096] However, if the training difficulty level exceeds a 

specific threshold, the augmented target image may instead hinder 

the training efficiency, and thus an upper limit of the training 

difficulty level may be set. More specifically, the training 

difficulty level may be raised on a condition that current 15 

training difficulty level(“X”) is lower(easier) than the preset 

upper limit (Yes of S540). As a result, the augmentation unit 200 

may perform the augmentation according to the training difficulty 

level changed in an increasing direction within the preset upper 

limit if the preset raising condition is satisfied. 20 

[0097] If all conditions for raising the training difficulty 

level are satisfied (Yes in S520, S530 and S540), the training 

difficulty level “X” may be changed to training difficulty level 

“Y’ which is harder than training difficulty level “X” (S550). 
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[0098] The present disclosure is directed to providing a 

training system for a computer vision model, which may allow 

instance segmentation to be effectively performed in an occlusion 

instance scenario without additional data collection or labeling. 

[0099] The objective of the present disclosure is not limited 5 

to the above-described object, and other objectives that are not 

mentioned will be able to be clearly understood by those skilled 

in the art from the following description. 

[0100] A training system for a computer vision model according 

to one example of the present disclosure for achieving the 10 

objective includes an extraction unit configured to extract at 

least one source instance from at least one image included in a 

pre-stored training dataset, an augmentation unit configured to 

apply the extracted source instances (at least one) to the target 

image containing at least one target instance from the same 15 

training dataset, labeled with ground-truth masks and perform 

augmentation of a target image, and a training data processing 

unit configured to adjust the ground-truth masks of the target 

instances according to the applied source instances. 

[0101] For example, the source instance may belong to the 20 

same object class as the target instance. 

[0102] For example, the augmentation unit may perform the 

augmentation of the target image based on a preset probability. 

[0103] For example, the augmentation unit may perform the 

augmentation based on the source instances satisfying at least 25 
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one filtering condition including a source instance filtering 

condition that is satisfied if the ratio of the size of the source 

instance to the size of the target image is larger than a preset 

ratio. 

[0104] For example, the augmentation unit may perform the 5 

augmentation based on the source instances satisfying at least 

one filtering condition including a second filtering condition 

that is satisfied if the number of ground-truth visible key points 

of the source instance is observable to be a preset number or 

more. 10 

[0105] For example, the augmentation unit may perform the 

augmentation based on the source instances satisfying at least 

one filtering condition including a third filtering condition 

that is satisfied if the number of connected components in the 

mask of source instance is smaller than a preset number. 15 

[0106] For example, the augmentation unit may perform the 

augmentation by arranging the source instances on the target image 

such that at least a portion of the target image is occluded by 

the source instances. 

[0107] For example, the augmentation unit may adjust the size 20 

of the source instance based on the size of the target instance 

and then arrange the source instance on the target image. 

[0108] For example, the augmentation unit may arrange a source 

instance on the target image so that at least a portion of a 

target instance is occluded by the source instance. 25 
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[0109] For example, the augmentation unit may apply color 

transformation and geometrical transformation augmentation on the 

source instance and then arrange the source instance on the target 

image. 

[0110] For example, the training data processing unit may 5 

remove a ground-truth mask associated to the target instance if 

the proportion of its part occluded by the source instance exceeds 

a preset proportion. 

[0111] For example, the training data processing unit may 

output a target image having the adjusted ground-truth mask of 10 

the target instance. 

[0112] For example, the augmentation unit may perform the 

augmentation of the target images with dynamically changing 

training difficulty level. 

[0113] For example, the training difficulty level may be 15 

changed depending on a preset scheduled cycle. 

[0114] For example, the preset cycle may be set based on the 

training epochs of the computer vision model trained after 

receiving target images from the training data processing unit. 

[0115] For example, the training difficulty level may be 20 

changed in an increasing direction if a preset raising condition 

is satisfied. 

[0116] For example, it may be determined whether the preset 

raising condition is satisfied based on a comparison of a training 

loss of a previous training epoch and a training loss of a current 25 
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training epoch of the computer vision model trained after 

receiving target images from the training data processing unit. 

[0117] For example, the preset training difficulty level may 

be changed in an increasing direction within a preset upper limit 

if the preset raising condition is satisfied. 5 

[0118] For example, the apparatus may further include a 

computer vision model trained after receiving the target image 

output from the training data processing unit and having a process 

for at least recognizing an instance on the input image. 

[0119] According to various examples of the present 10 

disclosure, by training the computer vision model through the 

data processed by using the dataset, it is possible to improve 

instance recognition performance in response to the occlusion 

instance scenario even without additional data collection or 

labeling. 15 

[0120] In addition, since the training system for the computer 

vision model is implemented by the data oriented approach, the 

training system for the computer vision model may be used in 

various manners regardless of various types of computer vision 

models. 20 

[0121] The effects obtainable from the present disclosure are 

not limited to the above-described effects, and other effects 

that are not mentioned will be able to be clearly understood by 

those skilled in the art to which the present disclosure pertains 

from the following description. 25 



 

31 

 

[0122] The operations of the method or the algorithm described 

in connection with the examples disclosed herein may be embodied 

directly in hardware or a software module executed by a processor, 

or in a combination thereof. The processor may be a central 

processing unit (CPU) or a semiconductor device that processes 5 

instructions stored in memory and/or a storage. The memory and 

the storage may include various types of volatile or non-volatile 

storage media. For example, the memory may include a read only 

memory (ROM) and a random access memory (RAM). A software module 

may reside on a storage medium such as a RAM, a flash memory, a 10 

ROM, an EPROM, an EEPROM, a register, a hard disc, a removable 

disk, and a CD-ROM. The exemplary storage medium may be coupled 

to the processor. The processor may read out information from the 

storage medium and may write information in the storage medium. 

Alternatively or additionally, the storage medium may be 15 

integrated with the processor. The processor and the storage 

medium may reside in an application specific integrated circuit 

(ASIC). The ASIC may reside within a passenger terminal. In 

another case, the processor and the storage medium may reside in 

the user terminal as separate components. 20 

[0123] According to various examples of the present 

disclosure, by training the computer vision model through the 

data processed by using the dataset, it is possible to improve 

instance recognition performance in response to the occlusion 
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instance scenario even without additional data collection or 

labeling. 

[0124] In addition or alternative, since the training system 

for the computer vision model is implemented by the data oriented 

approach, the training system for the computer vision model may 5 

be used in various manners regardless of various types of computer 

vision models. 

[0125] Although the specific examples of the present 

disclosure have been shown and described above, it will be 

apparent to those skilled in the art that the present disclosure 10 

may be variously improved and changed without departing from the 

technical spirit of the present disclosure provided by the 

appended claims. 

 

  15 
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WHAT IS CLAIMED IS: 

1. An apparatus comprising: 

a processor; and 

memory storing instructions, that when executed by the 

processor, cause the apparatus to:  5 

extract at least one source instance from at least one 

source image stored in a dataset; 

arrange the at least one extracted source instance on 

a target image stored in the dataset, wherein the target 

image comprises at least one target instance associated with 10 

a ground-truth mask used to recognize the at least one target 

instance; 

perform, based on the arrangement, an augmentation 

process on the target image; 

adjust the ground-truth mask value based on the 15 

performance of the augmentation process; and 

output the target image including the adjusted ground-

truth mask of the target instance. 

 

2. The apparatus according to claim 1, wherein the at least 20 

one source instance belongs to a same object class as the at least 

one target instance. 
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3. The apparatus according to claim 1 or 2, wherein the 

instructions, when executed by the processor, cause the apparatus 

to perform the augmentation process based on a preset probability. 

 

4. The apparatus according to any one of claims 1 to 3, 5 

wherein the instructions, when executed by the processor, cause 

the apparatus to perform the augmentation process based on a 

source instance satisfying at least one filtering condition, 

wherein the at least one filtering condition comprises a filtering 

condition that is satisfied based on a ratio of a size of the 10 

source instance to a size of the target image being larger than 

a preset ratio. 

 

5. The apparatus according to any one of claims 1 to 3, 

wherein the instructions, when executed by the processor, cause 15 

the apparatus to perform the augmentation process based on a 

source instance satisfying at least one filtering condition, 

wherein the at least one filtering condition comprises a filtering 

condition that is satisfied based on a number of ground-truth 

visible key points of the source instance being at least a preset 20 

number. 

 

6. The apparatus according to any one of claims 1 to 3, 

wherein the instructions, when executed by the processor, cause 

the apparatus to perform the augmentation process based on a 25 
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source instance satisfying at least one filtering condition, 

wherein the at least one filtering condition comprises a filtering 

condition that is satisfied based on a number of connected 

components of a source instance being smaller than a preset number. 

 5 

7. The apparatus according to any one of claims 1 to 6, 

wherein the instructions, when executed by the processor, cause 

the apparatus to perform the augmentation process by arranging 

the at least one source instance on the target image so that at 

least a portion of the target image is occluded by the source 10 

instance. 

 

8. The apparatus according to claim 7, wherein the 

instructions, when executed by the processor, cause the apparatus 

to perform the augmentation process by: 15 

adjusting a size of the at least one source instance based 

on a size of the at least one target instance; and  

arranging, based on the adjusted size, the at least one 

source instance on the target image. 

 20 

9. The apparatus according to claim 7, wherein the 

instructions, when executed by the processor, cause the apparatus 

to perform the augmentation process by arranging the at least one 

source instance on the target image so that at least a portion 
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of the at least one target instance is occluded by the at least 

one source instance. 

 

10. The apparatus according to any one of claims 7 to 9, 

wherein the instructions, when executed by the processor, cause 5 

the apparatus to: 

transform the at least one source instance; and  

arrange the at least one transformed source instance on the 

target image. 

 10 

11. The apparatus according to any one of claims 7 to 10, 

wherein the instructions, when executed by the processor, cause 

the apparatus to remove the ground-truth mask associated with the 

at least one target instance based on a proportion of a part of 

the at least one target instance, which is occluded by the at 15 

least one source instance, exceeding a preset proportion. 

 

12. The apparatus according to claim 7, wherein the 

instructions, when executed by the processor, cause the apparatus 

to remove the at least one target instance from the target image 20 

based on a proportion of a part of the at least one target instance, 

which is occluded by the at least one source instance, exceeding 

a preset proportion. 
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13. The apparatus according to any one of claims 1 to 12, 

wherein the instructions, when executed by the processor, cause 

the apparatus to perform the augmentation process according to a 

preset training difficulty level. 

 5 

14. The apparatus according to claim 13, wherein the preset 

training difficulty level is changed based on a preset cycle 

value. 

 

15. The apparatus according to claim 14, wherein the preset 10 

cycle value is set based on training epochs of a computer vision 

model trained based on target images stored in the dataset. 

 

16. The apparatus according to claim 14 or claim 15, wherein 

the preset training difficulty level is changed in an increasing 15 

direction based on a preset condition being satisfied. 

 

17. The apparatus according to claim 16, wherein the preset 

condition being satisfied is determined based on a comparison of 

a training loss of a previous training epoch and a training loss 20 

of a current training epoch of a computer vision model trained 

based on target images from the dataset. 

 

18. The apparatus according to claim 16 or claim 17, wherein 

the preset training difficulty level is changed in an increasing 25 
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direction up to a preset upper limit based on the preset condition 

being satisfied. 

 

19. The apparatus according to any one of claims 1 to 18, 

wherein the instructions, when executed by the processor, cause 5 

the apparatus to  

train a computer vision model to determine another target 

image comprising the at least one target instance, wherein the 

at least one target instance is associated with the adjusted 

ground-truth mask; 10 

track, based on a machine learning process, a target 

instance; and 

output, based on the tracked target instance, a signal to 

control operation of a device.  




