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Abstract. Masks obtained using the deep learning model Mask R-CNN may
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objects, and areas with missed segmentation. The more detection objects in the image
and the smaller their size, the more often various types of defects in their masks are
encountered. Examples of such images include aerial photographs of cottage and garden
associations and cooperatives characterized by high building density. To correct these
defects, it is proposed to use a generative adversarial network model that performs
post-processing of the predicted Mask R-CNN masks.

A qualitative assessment of the model formed in the work demonstrated that it is
capable of restoring the integrity of contours at an acceptable level, filling in missing
areas, and separating erroneously merged objects. Quantitative analysis using the IoU,
precision, recall, and F1-score metrics showed a statistically significant improvement
in the segmentation quality compared to the original Mask R-CNN masks. The obtained
results confirmed that the proposed approach allows to increase the accuracy of the
formation of object masks to a level that satisfies the requirements of their practical
application in automated aerial photograph analysis systems. (Linked article texts in
English and in Russian).
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segmentation of segmentation objects

FIGURE 1. Errors in generated object masks

Introduction

Detecting correct property masks in dense aerial images is a challenge
for deep learning models, Mask R-CNN, YOLO, and others. The main
reason is that buildings are located close to each other, which makes it
difficult to accurately separate objects, since their contours may intersect
or merge in the image.

This is especially problematic in high-detail settings, where small
architectural elements such as extensions, balconies, or common walls
between buildings may be perceived by the model as a single object.
In addition, complex building shapes, such as polygonal outlines or
non-standard structures, require deeper analysis and adaptation from the
model, which increases the likelihood of errors in mask generation. Several
examples of such masks are shown in Figure 1.

Another reason is the presence of external factors, such as vegetation
and shadows, which partially obscure objects in images. Trees, bushes,
or even temporary objects such as cars can cover parts of buildings,
creating gaps in the data available to the model. Shadows caused by
different shooting angles or time of day also distort visual information,
reducing contrast and making it difficult to distinguish clear boundaries
of objects. These factors lead to the model either underestimating the
area of an object, ignoring hidden areas, or overestimating it, including
extraneous elements in the mask. As a result, there is an increased need for
additional processing and improving the quality of predictions to ensure
the correctness of the final data.

The problem of refining the boundaries of objects is especially relevant
for the «Roskadastr> PLC information system (IS), where increased
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requirements are placed on the accuracy of spatial data. Traditional
post-processing methods, such as morphological operations or active
contour algorithms, are often not effective enough for complex cases
of dense development. In this regard, there is a need to solve the problem
of automatic correction of segmentation results, while maintaining the
topological correctness of objects.

The presented work proposes one of the possible solutions to this
problem, based on the use of a generative adversarial network (GAN) for
post-processing the segmentation results obtained using Mask R-CNN. The
main idea of the study is that the GAN architecture, properly trained on a
representative sample of development objects, typical for the «Roskadastr»
PLC software package, will be able to effectively restore the integrity
of broken boundaries, eliminate internal gaps in masks, separate erroneously
merged objects and maintain the exact position of corner (turning) points
of buildings.

The research implementation consisted of the following stages:

(1) Formation of a representative and balanced dataset containing
correspondences of the original masks from Mask R-CNN to reference
masks extracted from files with object annotations and masks obtained
as a result of their expert correction.

(2) Development of a GAN architecture that takes into account the
features of dense development in cottage and garden associations
and cooperatives, requirements for the accuracy of boundaries for
cadastral registration and the need to preserve the topology of objects.

(3) Conducting experimental studies with an assessment of the qualitative
characteristics of the resulting masks and quantitative indicators
(IoU, precision, recall, F1-score).

1. Overview of work on using GAN to improve objects detection

There is currently a significant amount of research devoted to the
use of generative adversarial networks (GANSs) to improve the efficiency
of image recognition and transformation.

The paper [3] discusses conditional GAN (cGAN) models that can
be used to transform images of one type into another. For example,
segmentation masks can be transformed into realistic images, or vice versa.
The described models demonstrate high accuracy of object segmentation
and improve the quality of their masks.
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The Pix2Pix model described in [4] and based on ¢cGAN is used to
synthesize high-quality images based on input data such as segmentation
masks. The paper shows that GAN can improve the quality of masks by
training on (mask, exact mask) pairs.

The study [5] presents the MaskGAN model designed for interactive
editing of face images using masks. The model improves the quality
of masks and allows manipulation of segmented areas of images.

In [6], a SegAN model with a multi-level discriminator and L1 loss
is proposed for medical segmentation. The model uses a multi-level
discriminator to improve the quality of masks, especially in tasks with
fuzzy object boundaries. The GAN model improves object boundaries,
reduces noise, and eliminates object detection inaccuracies.

The attention mechanism for generating masks in Attention-GAN
described in [7] is applied to transform objects in wildlife photographs.
The model can eliminate noise and detection inaccuracies while preserving
fine object details.

In [8], an image transformation method is proposed using CycleGAN
and cyclic loss during training. The model can be adapted to improve
segmentation masks, especially in tasks with inconsistent data. It eliminates
noise and detection inaccuracies while preserving fine object details.

The Boundary-Aware GAN model with a multi-level discriminator
described in [9] is designed to improve object boundaries in semantic
segmentation problems. The discriminator is trained to distinguish between
real and predicted boundaries. Improvements in object detection include
identifying clear boundaries, reducing noise, and eliminating inaccuracies.

The paper [10] explores the application of GANs for binary semantic
segmentation on imbalanced datasets. The authors propose a new
architecture and approach to training GANs to improve the quality
of object mask prediction under conditions of strong class imbalance. The
main focus is on the problems of low prediction accuracy for the minority
class, loss of fine object details, noise, and artifacts in the predicted masks.
The authors demonstrate that GAN can improve the quality of masks due
to more accurate modeling of object boundaries and restoration of fine
details.
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The article [11] describes the Power-Line GAN (PLGAN) model for
segmentation of thin and long objects against a background of complex
textures and noise. The main goal is to improve the accuracy of power line
detection, which is important for infrastructure monitoring, mapping, and
environmental analysis. The key ideas proposed in the paper include
adapting GAN for thin object segmentation, improving detail, handling
imbalanced data, and smoothing edges using active contours and spline
interpolation.

The problem of unbalanced data distribution between the source
domain (a set of images) and the target domain in the tasks of semantic
segmentation of aerial photographs is considered in [12]. The authors
propose a method for training a model without using labels for the target
domain. For this purpose, a GAN is used that adapts the stylistic features
of the source domain to the target one. The main goal of this work is to
improve the segmentation accuracy on the target domain, minimizing the
influence of differences between domains, such as changes in lighting,
shooting angles, or object textures. The authors note the following
improvements achieved using the proposed approach: better generalization
of the model, eliminating the influence of differences between domains,
preserving fine details, and reducing noise.

In [13], the application of cGAN to the task of semantic segmentation
of medium-resolution satellite images is investigated. The authors focus
on improving the accuracy of object extraction in such images, which
often suffer from noise, lack of detail, and complex textures. The main
goal of the work is to demonstrate how ¢cGAN can be used to improve
the quality of segmentation compared to traditional approaches such as
U-Net or DeepLab. Particular attention is paid to the tasks of land use
monitoring, urban planning, and environmental change analysis. The
improvements achieved by the proposed approach include high accuracy for
minority classes, sharp object boundaries, preservation of fine details, and
noise removal.

In [14], the authors propose a new approach that uses GAN to
improve the quality of predicted masks by more accurately modeling object
boundaries and restoring fine details. The main focus is on tasks related to
the analysis of high-resolution images such as aerial photographs, medical
images, and urban landscapes. The aim of the work is to show that using
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GAN can significantly improve the accuracy and detail of object instance
segmentation compared to traditional methods such as Mask R-CNN or
DeepLab. Improving the detail and smoothing the contours of masks are
the main results of this work.

2. Dataset generation

The dataset used in the experimental studies is a set of (predicted
mask, exact mask) pairs. The predicted mask is a binary mask of an object
obtained using the Mask R-CNN model. The exact mask is a binary mask
formed from a polygon of the same object extracted from a json file.

The types and quantities of objects presented in the dataset, as well as
the features of forming json files for image files, are described in [1]. For
polygons of objects missing from the json files, the corresponding exact
masks were formed (corrected) manually. This made it possible to create
a representative and consistent dataset, including both automatically
generated and manual masks. All masks in the dataset were reduced to
a size of 256 x 256 pixels. Larger mask sizes lead to a sharp increase
in computational load and, accordingly, computation time, smaller ones
lead to uneven contours of predicted masks, after increasing their size.
Increasing to the size of an image with real estate objects is necessary
at the stage of visualization of the result in order to combine the mask
of the object and the image containing it.

3. Model creation and exploration
3.1. GAN architecture features

GANS consist of two main components, a generator and a discriminator,
which operate in an adversarial mode. The main goal of a GAN is to train
the generator to produce data that is indistinguishable from real data.

The generator takes random noise (usually from a normal distribution)
as input during training and transforms it into some data, such as an
image. The generator’s task is to produce data that looks real. To do this,
it learns to minimize the losses that occur when the discriminator tries to
detect a fake. The main generator architectures are the following:
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DCGAN (Deep Convolutional GAN) [15] is simple and effective, but
may produce less detailed results on complex data. The generator uses
transposed convolutions to gradually increase the image resolution. It
starts with a random vector (latent space) and successively increases
the dimensionality of the data to the target resolution.

U-Net [16] is suitable for tasks where it is important to preserve spatial
details, such as segmentation or mask enhancement. The generator
is based on the U-Net architecture, which includes an encoder for
dimensionality reduction and a decoder for image restoration. It uses
a skip connection mechanism, which allows preserving fine details.

StyleGAN [17] provides high detail and control over style, but requires
large computational resources. Allows control over different levels
of image detail (e.g. overall shape and textures). The generator is
divided into two parts for style matching and synthesis.

The discriminator evaluates the quality of the generated data. The
goal of the discriminator is to help the generator generate more reliable
data (images) by providing correct error signals. The main discriminator

architectures are:

PatchGAN [3] is effective for tasks where object boundaries and fine
details are important. It analyzes the image by small local areas
("patches") instead of the entire image. Each patch is classified as
real or fake, which allows focusing on local details.

Multi-level discriminator [18] improves the quality of generation due
to a more comprehensive assessment of the data. It uses multiple
discriminators, each operating at different levels of resolution. This

allows evaluating both global and local image characteristics.

Conditional GAN (cGAN) [19] is the most effective for tasks that
require directed generation, such as translating images between
groups. The discriminator accepts additional information (such
as class labels or conditional data) along with the image, allowing
control over the type of data generated.
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Considering the features of the above-described generator and discrimi-
nator architectures, the U-Net and PatchGAN architectures were chosen to

improve the accuracy of small real estate masks, respectively.

3.2. Model creation

The generator, implemented on the basis of the U-Net architecture,
implements two main stages: compression (downsampling) and expansion

(upsampling).

The compression stage reduces the spatial resolution of the data. Each
of the 5 groups of elements reduces the image size by 2 times and consists
of a convolutional layer (Conv2d) with a kernel size (kernel size) of 4x4,
a stride (stride) of 2 and a padding (padding) of 1. Then a BatchNorm2d
layer can follow with the activation function LeakyReLU and a coeflicient
of 0.2.

Dilation elements, on the contrary, increase the spatial resolution
of the data. There are also 5 expansion elements in the proposed generator.
Each such element increases the image size by 2 times by performing
a transposed convolution (ConvTranspose2d) with a kernel size of 4x4,
a stride of 2, and a padding of 1. Then a BatchNorm2d layer follows
(except for the last block) with the activation function ReLU (except for
the last block, which uses Tanh to limit the output to the range [-1, 1]).

The organization of the GAN generator is shown in Figure 2.

The expansion element combines its output data with the data from
the corresponding image compression element via skip connectors. This
allows preserving details and improving the quality of generation. The
generator output is a single-channel image of the same size as the input.
The compression and expansion elements of the level 1 generator described

above are shown in Figure 3 and Figure 4, respectively.


https://pytorch.org/docs/stable/generated/torch.nn.Conv2d
https://pytorch.org/docs/stable/generated/torch.nn.Conv2d
https://pytorch.org/docs/stable/generated/torch.nn.Conv2d
https://pytorch.org/docs/stable/generated/torch.nn.Conv2d
https://pytorch.org/docs/stable/generated/torch.nn.BatchNorm2d
https://pytorch.org/docs/stable/generated/torch.nn.LeakyReLU
https://pytorch.org/docs/stable/generated/torch.nn.ConvTranspose2d
https://pytorch.org/docs/stable/generated/torch.nn.ReLU
https://pytorch.org/docs/stable/generated/torch.nn.Tanh
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FiGure 2. GAN generator

As noted above, the discriminator based on the PatchGAN architecture
analyzes the image by small local regions (patches). Each patch is classified
as real or fake, which allows focusing on local details. The discriminator
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F1GURE 4. GAN generator extension elements

takes two input images: the predicted image (generated by the generator)
and the real image (in our case, they are accurate object masks). Then
these images are concatenated by channels. The next few convolutional
layers (Conv2d) with a kernel size of 4x4, a stride of 2, and a padding of 1
reduce the spatial dimensions of the data.
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FiGure 5. GAN discriminator

Starting from the second layer, BatchNorm2d is applied with the
activation function LeakyReLU and a coefficient of 0.2. The last layer with
the activation function Sigmoid calculates the probability that the input

data is real. The structure of the discriminator is shown in Figure 5.


https://pytorch.org/docs/stable/generated/torch.nn.Sigmoid
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The generator uses the standard loss function for binary classification
problems BCEWithLogitsLoss and L1 Loss to minimize the pixel difference
between the generated and real masks. The first of these functions is used
to “fool” the discriminator, the second helps the generator create masks
that are close to the real ones in pixel values. An important parameter
for L1 Loss is Ar1, which controls the importance of the pixel difference
between the generated and real masks. This allows you to balance between
“fooling” the discriminator and the accuracy of detail reproduction. The

generator loss function is BCEWithLogitsLoss.

Training GANs is associated with certain problems, such as instability
of the training process, mode collapse, and low generation quality, which
require the use of special methods to address them. One such approach is
spectral normalization, which limits the spectral norm of the weights
in the generator and discriminator layers, thereby stabilizing training and
preventing gradient explosion [20]. Another method is to use a gradient
penalty, which adds regularization to the discriminator outputs, providing
a smoother distribution of values and improving model convergence
[21]. Self-attention, which allows the model to take into account global
dependencies in the data, is also widely used, which is especially useful when
working with high-dimensional images [22]. However, since restoring simple
binary masks is a relatively simple task, and as the results of the study
of the GAN model described above showed, the use of these approaches

in this case is redundant.

3.3. Model Study Results

The GAN model was developed and studied using the PyTorch
framework in Google Colab Pro. The Jupyter notebook (MIT License) is
available at this link— =Jupyter, The main accuracy metrics were studied for
different values of learning rate, number of epochs, and batch sizes. The

accuracy metrics of the GAN generator were studied at Ap; = 100, since


https://pytorch.org/docs/stable/generated/torch.nn.BCEWithLogitsLoss
https://pytorch.org/docs/stable/generated/torch.nn.L1Loss
https://pytorch.org
https://colab.research.google.com/drive/1igt6a635oLyULkqBtCcbEOLVyCC8CQ_S
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FI1GURE 6. GAN generator accuracy metrics for \p1=80

at this value their curves have a sufficient degree of smoothness, which
indicates the absence of explosive or decaying gradients. In Figure 6,
Figure 7, and Figure 8 show the accuracy metrics curves for Ar; = 80, 100
and 120.

Table 1 present the results of studies of the main accuracy metrics IoU,
I0U0.5-95, Precision, Recall and F1-Score. As the studies have shown,
the use of GAN can significantly improve the accuracy of real estate

segmentation masks obtained using the Mask R-CNN [1] model.

Let’s look at some examples of improving real estate masks obtained
using the Mask R-CNN model. Figure 9 shows masks predicted by the
Mask R-CNN model and improved masks generated by GAN. Based
on the accuracy metrics, it can be concluded that using GAN can
significantly improve the quality of masks by correcting errors such as

contour discontinuities, noise, and inaccuracies in the boundaries of objects.
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Ficure 8. GAN generator accuracy metrics for Ap1=120
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TaBLE 1. Evaluation of accuracy metrics for predicted GAN masks under different values of model

training parameters

Learning | Batch | Learning TIoU Precision | Recall | F1-Score | IoU0.5-95 (Pred) | IoU0.5-95 (Pred)
Speed Size Epochs | (Pred) (Pred) (Pred) (Pred) (Mask R-CNN) (GAN)
le—6 10 500 0.87 0.92 0.91 0.91 0.67 0.90
5e—6 10 400 0.85 0.90 0.89 0.90 0.65 0.88
5e—6 20 350 0.84 0.89 0.88 0.88 0.64 0.87
le—5 10 300 0.83 0.88 0.87 0.87 0.63 0.86
le—5 20 250 0.84 0.89 0.88 0.88 0.64 0.87
5e—5 8 200 0.79 0.84 0.83 0.83 0.59 0.81
5e—5 10 300 0.82 0.87 0.86 0.86 0.62 0.85
5e—5 16 250 0.81 0.86 0.85 0.85 0.61 0.84
4e—5 8 150 0.80 0.85 0.84 0.84 0.60 0.82
4e—5 16 200 0.78 0.83 0.82 0.82 0.58 0.80
le—4 8 100 0.75 0.80 0.78 0.79 0.55 0.78
le—4 16 150 0.77 0.82 0.81 0.81 0.57 0.80
le—4 20 200 0.78 0.83 0.82 0.82 0.58 0.81
2e—4 8 80 0.70 0.75 0.73 0.74 0.50 0.73
2e—4 16 100 0.72 0.78 0.76 0.77 0.52 0.76

MAE=NG;

SMSVIN NOILVLNANDHS J0 ADVHNDDOV HHL HAOUdNI OL NV ONIS)

qcl
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F1GURE 9. The results of GAN enhancement are shown under
the Mask R-CNN predicted real estate object masks

An example of improving object masks on an aerial photograph, where
the complexity of the task increases due to the high density of objects and
their diversity, is shown in Figure 10.

When generating masks using GAN, the problem of uneven and
stepped edges often arises, see Figure 9. This is due to the specifics of GAN
operation, which is associated with the discreteness of pixels when forming
images and the complexity of accurately reproducing small details of object
boundaries. To improve the contours of segmentation masks, various
morphological smoothing functions can be applied, which allow you to
eliminate noise, fill in gaps and make object boundaries smoother.

One of the basic approaches is to use morphological opening and
closing operations with a given structuring element (for example, a square
matrix (5 X 5). Opening helps to remove small noise artifacts, and closing
fills small gaps inside the mask. For additional smoothing of contours, you
can apply Gaussian blur (GaussianBlur), which softens sharp transitions
between the background and the object.


https://docs.opencv.org/4.x/d9/d61/tutorial_py_morphological_ops
https://docs.opencv.org/4.x/d9/d61/tutorial_py_morphological_ops
https://pytorch.org/vision/main/generated/torchvision.transforms.GaussianBlur
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(b) The masks are improved by GAN generator

Ficure 10. Improvement of objects masks
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(a) Real estate (b) Jagged edges (c) Aligned edges (d) Resulting mask

Ficure 11. Eliminating mask aliasing using the Douglas-
Peucker algorithm

Another effective method is to use active contours (snakes), which
adaptively adjust to the shape of the object by minimizing the elastic energy
and smoothness. To achieve even smoother contours, spline interpolation
can be used, which approximates the original contour using cubic splines,

ensuring uniform distribution of points and smooth boundaries.

Another effective way to eliminate aliasing is to use the Douglas-Peucker
algorithm, which specializes in simplifying polylines and smoothing contours
[23]|. The peculiarity of this algorithm is its ability to analyze each point
of the mask boundary and evaluate its significance for the overall shape
of the object. Points that make a minimal contribution to the contour
configuration are removed, which allows you to get smoother and more
natural boundaries without losing key geometric features. An example

of using the Douglas-Peucker algorithm is shown in Figure 11.

These methods or their combinations allow in some cases to improve
the quality of masks, making them more suitable for subsequent analysis or
visualization. As studies have shown, the use of morphological smoothing
methods and improvement of mask boundaries using the Douglas-Peucker
algorithm in post-processing of masks makes it possible to increase the
accuracy of their formation by an average of 5-7%, which is especially
important for computer vision tasks and segmentation of objects on aerial

photographs in particular.


https://en.wikipedia.org/wiki/Active_contour_model
https://docs.opencv.org/4.x/d3/dc0/group__imgproc__shape
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Conclusion

In this paper, a GAN model was proposed and investigated to improve
the accuracy of segmentation masks obtained using the Mask R-CNN
model. Experiments have shown that the use of GAN can significantly
improve the quality of detected real estate masks by correcting errors such
as gaps in masks, noise artifacts, and jagged edges. The improvement is
achieved by using the L1 loss function to minimize pixel differences between
the target and generated masks, as well as by using a discriminator that
contributes to more realistic mask generation.

The results of the studies demonstrate an improvement in accuracy
metrics such as IoU, Precision, Recall, and F1-Score for the improved
masks compared to the original Mask R-CNN predictions. The average
I0U0.5-95 value increased by an average of 30-35%, which confirms the
effectiveness of the proposed approach. It was additionally noted that the
use of morphological operations and contour smoothing methods will
further improve the smoothness and accuracy of mask boundaries.

The obtained results are of great practical importance and will be used
in the «Roskadastrs PLC IS for automatic conversion of raster images with
real estate objects into vector maps. This will improve the accuracy and
speed of digital map generation, which is especially important for cadastral
registration and territory management tasks. The proposed approach can
be adapted for other applications related to image processing and computer
vision, where high accuracy of object segmentation is required. The study
conducted in the work confirms the prospects of using GAN to improve
the quality of real estate masks, which allows it to be effectively used to
automate the processes of data analysis and transformation in geographic
information systems. Further research can be aimed at optimizing the
model parameters, introducing new methods of mask post-processing and
expanding the scope of GAN.
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Bsepenne

BoisiBiierre TOUHBIX MACOK 0ObEKTOB HEABUKUMOCTH Ha, a9POMOTOCHIMKAX
C TJIOTHOM 3aCTPOUKON TPEJICTABIIAET ONPEJIETIEHHYIO CJIOKHOCTD IS MOJeseit
rirybokoro obydenusi, Mask R-CNN, YOLO u npyrux. OcHOBHOIT TpUYUHOMN
SIBJISTETCSI OJIM3KOE PACIIOJIOXKEHNE 3JAaHU JIPYT K JAPYTY, 9TO 3aTPYyIHSIET
TOYHOE pa3jiesieHne 00bEKTOB, IIOCKOJIbKY UX KOHTYPBI MOTYT ME€PECEKATHCS
I CJIMBATHCS Ha M300PaKEHUN.

DT0 0COGEHHO TTPOHIEMATHIHO B YCJIOBUSAX BBICOKON JIETATU3AINHT, T
HeDOOJIBININE JIEMEHThI apXUTEKTYPbI, TAKHE KaK IIPUCTPONKH, OAIKOHBI
i o0Iue CTEHbI MEXKLYy CTPOEHUSIMU, MOT'YT OBITh BOCIIPUHSTHI MOJIEJIBIO
KaK eIUuHbI 00bekT. Kpome Toro, cioxuasa ¢opma 3JaHUil, HaIIpuMep,
MHOT'OYTOJIBHBIE OYE€PTAHUS UM HECTAHAAPTHBIE KOHCTPYKIUNA TpedyeT oT
MoJiesu 6oJtee TIIyOOKOTO aHAJIN3a U aalTAINN, YTO YBEJIUINBAET BEPOITHOCTH
omuboK 1pu (GOPMUPOBAHUN MacOK. HeCKOJIbKO MPUMEPOB TAKUX MACOK
IIPUBEJIEHBI HA PUCYHKE 1.

(a) Herounas cermenrtarus (6) YacTudaHoe OTCyTCTBHE (6) CousiHre MacoK
CerMeHTaInn 00BEKTOB

Pucynok 1. Ommbku npu GpopMUPOBaHUHM MAacOK OObEKTOB

Emgé onmoit npuunnoii sBiIs€TCA HAJIMYRE BHENTHUX (DAKTOPOB, TAKUX KAK
PACTUTEJIBHOCTD U TE€HH, KOTOPbIE YACTUYHO CKPBIBAIOT OOBEKTHI HA CHIMKAX.
JlepeBbsi, KyCTApDHUKHI WA J1a’Ke BPEMEHHbIE OO'bEKThI, TAKHE KAK aBTOMOOWJIN,
MOI'yT IEPEKPBIBATh YaCTU 3JaHUN, CO3/1aBasd Pa3PBIBbI B JAHHBIX, JOCTYIIHBIX
Mozenu. TeHu, BbI3BAHHBIE PA3IUYHBIMY YIVIAMU ChEMKU WU BPEMEHEM
CYTOK, TaKKe MCKAXKAIT BU3yaJbHYI0 NH(MOPMAIUIO, CHUXKAasi KOHTPACT U
3aTPYHSS BbIJE/JICHIE YeTKIUX IPAHUI] O0BEKTOB. ITU (DAKTOPHI IIPUBOJIAT
K TOMY, YTO MOJEJIb MOXKET JIMOO HE[OOIEHUBATDH ILIONIAlb OObEKTA, HTHOPUPYS
CKDBITBIE YYACTKH, JIHOO II€PEOIIEHNBATE €€, BKJII0Yas TOCTOPOHHUE SJIEMEHTHI
B MacKy. B pesy/ibraTe moBbImaeTcsi IOTPEOHOCTH B JOMOTHATEIBHON 00paboTKe
U yJIYyYINEHUN KA9eCTBa MIPeACKa3aHnil, 9To0bl 00eCIeInTh KOPPEKTHOCTD
HUTOT'OBBIX JIAHHBIX.



134 1. B. BUHOKYPOB RUmEN;

[Ipobiiema yrounenus: rpanui; 00beKTOB OCOOEHHO aKTYaJbHA JJId HHGMOP-
manponnoii cucrembl (UC) TIIK «Pockagacrps, rue K TOYHOCTU MPOCTPAH-
CTBEHHBIX JAHHBIX IIPEIbsIBJISIOTCS OBBIMIEHHbIE TPeboBaHMst. 1 pauinoHHbIe
MEeTO/IbI TOCTOOPADOTKH, TaKHe KaK MOP(MOJOTHIECKUe OMEPAIINN WA AJITOPUT-
MBI AKTUBHBIX KOHTYPOB, YaCTO OKA3BIBAIOTCS HEIOCTATOIHO F(PMOEKTUBHBIMU
JJIsT CJIOXKHBIX CJIyYaeB ILJIOTHOM 3aCTPOUMKU. B CBsI3W ¢ 9TUM BO3HHKAET
HEOOXOIMMOCTD B PEIIEHNN 33/a9i aBTOMATUIECKOTO KOPPEKTUPOBAHUST
PE3yJIbTATOB CEIMEHTAINN, COXPAHSISI IPU TOM TOIIOJIOTHIECKYO IIPABUILHOCTH
00HEKTOB.

B mpejicraBiienHoit pabore mpearaeTcs 0J{HO U3 BO3MOXKHBIX DereHui
9TOH 3aJa9u, OCHOBAHHOE HA IMPUMEHEHWHU I'€HEePATUBHO-COCTI3aTeTbHOMN
cern (GAN) 1151 mocTo6paboOTKU Pe3yIbTATOB CErMEHTAINH, TI0JIy T€HHBIX
¢ nomoursio Mask R-CNN. OcHoBHast uznes ncciieI0BaHus 3aKJII0YAETCS B TOM,
qr0 GAN-apxuTekTypa, JOJKHBIM 00pa30M 00yUeHHAs Ha Pelpe3eHTaTHBHON
BBIOOPKE 00DHEKTOB 3acTpoiiku, xapakrepuoit mis [ITIK «Pockamactps, cMmoxker
3¢ PeKTUBHO BOCCTAHABIMBATD IIEJIOCTHOCTDh HAPYIIEHHBIX I'PAHMUIL, YCTPAHATH
BHYTPEHHUE Pa3PbIBbI MACOK, Pa3/Ie/isiTh OMMO0YHO CAUBIINECS OOBEKTHI 1
COXPaHATH TOYHOE II0JIOYKEHUE YIVIOBBIX (IIOBOPOTHBIX) TOUEK 3IAHMIA.

Peanuzarusa ucciaenoBanmit cocTosiia u3 CAEIYIONUX ITAIIOB:

(1) PopmupoBaHmE PEIIPE3EHTAOETHLHOTO U COATAHCUPOBAHHOTO JATACETA,
COJIEPZKAILETO COOTBETCTBHA MCXOAHBIX Macok oT Mask R-CNN srajioHHBIM
MaCKaM, U3BJIEIEHHBIM U3 (DANIOB ¢ aHHOTAIIUSIMEI 00HEKTOB U MaCKaM,
[OJIyYEHHBIE B PE3YJIbTATE UX FKCIEPTHON KOPPEKIHH.

Paspaborka apxurektypbl GAN, yunThiBaiorieil 0COGEHHOCTH TJIOTHOM
3aCTPONKM B KOTTEJ?KHBIX U CAJIOBBIX TOBAPHUIIECTBAX U KOOIEPa-
TUBaX, TPeOOBAHUS K TOYHOCTHU I'PAHMUIL JIJIs KAJACTPOBOIO yUeTa U
HEOOXOIMMOCTb COXPAHEHUS TOIIOJIOIUU OOBEKTOB.

[TpoBenenme IKCIEPUMEHTATLHBIX UCCIEIOBAHNUIT C ONEHKON KAIeCTBEHHBIX
XapaKTEePUCTUK MOy IaeMbIX MaCOK M KOJUIECTBEHHBIX MMOKa3aTeei
(IoU, precision, recall, Fl-score).

—
N
—

—
W
~

1. O630p pabot no ucnonszosanuto GAN gns ynyudwenus
pe3ynbLTaToB pacno3HaBaHUA 00bHEKTOB

B nacrosimiee Bpemsi cyIecTByeT 3HAUUTEIBHOE KOJIUIECTBO HAY IHBIX
WCCIICIOBAHUN, TIOCBANIEHHBIX TPUMEHEHUIO TeHEPATUBHO-COCTI3ATEbHBIX
cereil (GAN) st nosbimenus 3pGEKTUBHOCTE PACIIO3HABAHMS U300DAKEHUI
7 UX TPaHC(POPMAIHH.

B pa6ore [3] paccMaTpuBarOTCS MOIENN YCIOBHO-COCTSI3ATENBHBIX Ce-
reii (conditional GAN, ¢cGAN), KoTOpbIe MOI'YT OBITH IIPUMEHEHBI JIJIst
peobpa3oBaHusl N300paKeHNil OJTHOrO TUlla B Apyroii. Hampumep, macku
CErMEHTAIMN MOTYT OBITH MPeoOpa30BaHbl B PEAJTUCTUIHBIE H300PAZKEHNSI,
nnu Haobopotr. OnucanHble MOJIEIN JIEMOHCTPUPYIOT BBICOKYI TOYHOCTH
CerMeHTaInn OObEKTOB M YJIYUIIAOT KAYeCTBO UX MAaCOK.
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Mogens Pix2Pix, onucannas B [4] u ocnoBannas Ha ¢cGAN, ucmosnb3yercs
JUIsl CHHTE3a BBICOKOKAYIECTBEHHBIX M300DasKeHNH Ha OCHOBE BXOAHBIX JAHHBIX,
TAKIX KaK MACKU cerMeHTanuu. B crarse nmokasano, 1o GAN MoxeT yirydmuTs
Ka4eCTBO MACOK IIyTeM O0yJIeHHsI Ha apaX «MaCKa-TOYHAsi MACKay.

B uccaenosanuu [5] upencrasiena momesnsr MaskGAN, npennasnadennast
JIJISI MHTEPAKTUBHOTO PEIAKTUPOBAHNSA M300PaKeHUl JIUI] C UCIOJIH30BAHIEM
Macok. MojiesIb yaydmaeT KadecTBO MacOK U MO3BOJIIET MAHUITYTUPOBATH
CEIrMEHTHPOBAHHBIME O0JIACTAMY N300PaKEHUIl.

B [6] upemnaraercs mozens SegAN ¢ MHOrOYpPOBHEBBIM JIUCKPUMUHATOPOM
u L1-orepsiMu 71t MeIUIMHCKOM cermenTanyu. Mozenb ucmoib3yer MHOTO-
YPOBHEBBIN JUCKPUMUHATOD Il YJIYUIIIEHNS KA1eCTBA MACOK, OCOOEHHO
B 3aJla9aX C Pa3sMBIThIMU rpanuriamMu 06bekToB. GAN-Mozens yiydmaer
rpaHuIlbl OObEKTOB, CHUKAET YPOBEHDb IIyMa U YCTPAHSIET HETOYHOCTU
JIETEKTUPOBAHUsT OObEKTOB.

Mexanu3m BHUMAHUST JJis TeHepann Macok B Attention-GAN, omucannbii
B [7], mpumensiercs nuis Tparcdopmanum 06beKTOB Ha (hoTorpadusax TUKOM
pupoisl. Mojiesb TI03BOJISIET YCTPAHATH IIYMBI U HETOYHOCTH JIETEKTHPOBAHMS,
COXPAaHsisl MEJIKUE JIeTaji OO'bEKTOB.

B crarbe 8] npesaraerca meTo npeobpa3oBanus U300PAKEHUHi ¢ UCIOIb-
goBanueM CycleGAN u nukmaeckux noreps npu o0ydennu. Mojesnb MoxKer
OLITH AJIAITHPOBAHA, VI YIIYUIIEeHNsT MACOK CEIMEHTAIINH, OCOOEHHO B 3a/a9ax
C HECOOTBETCTBYIOIIIUMU JJTaHHBIMU. OHa ycrpaHsAeT NIyMbl 1 HETOIYHOCTHU
JIETEKTUPOBAHUSA O0BEKTOB, COXPAHAS UX MEJIKUE JIEeTAJIH.

Monens Boundary-Aware GAN ¢ MHOrOypOBHEBBIM JINCKPUMHHATOPOM,
onmcaHHasa B [9]|, NpeqHASHAUEHA NI YIIy9IIeHNs] TPAHUT, OOBEKTOB B 33aTaxX
CEeMaHTUIECKOl cerMeHTaryu. JIucKkpuMuHATOp 00y9aeTcss pasiniarTh peaJib-
HBIE U [IPEJICKA3aHHbIE TPAHUIILI. YJIydIIeHUs JeTeKTUPOBAHNS 00 bEKTOB
3aKJII0YAIOTCA B BBISIBJICHUN YETKUX I'PAHUIL, CHUYKEHUM YPOBHS IIyMa U
YCTPaHEHUU HETOYHOCTENA.

B craree [10] uccnenyeres npumenerne GAN jist GuHAPHOI ceMaHTHIECKO#H
CEerMEHTAITNN Ha HecOAJTaHCHPOBAHHBIX JaTacerax. ABTOPBI IpeJIaraioT
HOBYIO apXHUTEKTYPy U Moaxon K o0ydenuio GAN s yaydIlnenns: KadecTBa
[pe/ICKa3aHnsT MaCOK OObEKTOB B YCJIOBHSIX CHJIBHON pa3baaHCHPOBKHU KJIACCOB.
OCHOBHOE BHUMAHUE YJeJIsieTCsl TPobJIeMaM HU3KOW TOYHOCTH MPEJICKA3aAHUS
JIJIsl MUHOPUTAPHOIO KJIAcca, MOTepe MEJKUX JieTajiell 00beKTOB, NIyMy U
apredakTaM B IPEJICKA3aHHBIX Mackax. ABTOPBI geMoucTpupyior, yro GAN
MO3BOJISIET YJIYUIIUTH KAYeCTBO MACOK 3a CUET 60jIee TOYHOTO MOJIEIMPOBAHUS
rpaHuI, 00bEKTOB U BOCCTAHOBJIEHUSI MEJIKUX JeTaJlel.
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B pabore [11] omuceiBaercst Mogens PLGAN (Power-Line GAN), npen-
Ha3HaYEeHHAs JIjIsT CETMEHTAIINN TOHKUX W JJIUHHBIX 00bEKTOB Ha (hoHe
CJIOXKHBIX TEKCTYp u IryMma. OCHOBHAS IeJb — YJIyYIIUTh TOYHOCTD BbIIEJCHUS
JIMHUHA 3JI€KTpoIiepead, ITO BaXKHO IS MOHUTOPHUHTA UHQPPACTPYKTYPHI,
KapTorpadpupoBaHus W aHAIIN3a OKPYXKAoIeit cpeapl. B cTaThe mpeIIoXKe bl
KJ04eBble uien, Briodas aganrannio GAN s cerMeHTanuy TOHKHX
00BEKTOB, YIyUIIeHNE AeTaJIN3aIIN, 00pabOTKy HecOaTaHCHPOBAHHBIX JaH-
HBIX U CIJIA2KHBAHUE KOHTYPOB C MCIOJIb30BAHUEM aKTUBHBIX KOHTYPOB U
CILJTAH-UHTEPIIOIAIINN.

IIpobema mHecHaIaHCHPOBAHHOTO PACIIPEIC/ICHNAS JAHHBIX MEXKIY UCXOI-
HBIM JIOMEHOM (COBOKYIIHOCTH M300DarKeHuii) U IeJeBbIM JIOMEHOM B 3a/a4ax
CeMaHTHYIECKOW CerMeHTanuu aspodOTOCHUMKOB paccMarpusaeres B [12].
ABTOpHI npejgiararoT MeTo 00ydeHus MOJIe U 6e3 UCIOIb30BaHUsT PA3METKU
JUIs TiesieBoro goMena. st aroro ucnoabsyercs GAN, koropas agamnrupyer
CTHJIMCTUYECKHE OCOOEHHOCTH MCXOJHOTO JOMeHa K IejieBoMy. OcHOBHas
LIeJIb 3TOH PabOThI— YIyUIIUTh TOYHOCTH CETMEHTAINN Ha LEJIEBOM IOMEHeE,
MHUHUMU3NUPYS BJIMSHAE PA3INYUil MKy JOMEHAMM, TAKMX KaK M3MEHEHUs
B OCBEIIEHNN, PAKYPChl ChbeMKH UJIM TEKCTYPhI 0ObeKTOB. ABTOPBI OTMEUYAIOT
CJIETYTOIIHE YIIYUIIIeHUsI, JOCTUTHYTHIE C TIOMOIIBIO TPEII0KEHHOTO TOIX0IA:
Jrydrne 0O600IIeHnsT MOIEIH, YCTPAHEHNEe BINSHIS PA3TTINi MEKIY JTOMEHAMI,
CcOXpaHeHne MEeJIKUX JeTajeil U CHUKEHNE IIyMa.

B crarpe [13] uccnenyercst npumenerne cGAN st 38189 ceMaHTHIECKOH
CEerMEHTAINN CIIy THUKOBBIX M300paXkKeHuil cpejiHero pasperiennsi. ABTOpbI
GOKyCUPYIOTCS Ha YJIY4IIEHUH TOYHOCTHU BBIJIEJIEHNST 0O'bEKTOB Ha TAKUX U300-
PasKeHUsIX, KOTOPble YacTO CTPaJaroT OT IIyMa, HeJOCTATOYHOM JeTaJIu3allu 1
CJIOXKHBIX TeKCTyp. OCHOBHAsI 11ej1b pabOThI — IIPOJIEMOHCTPUPOBATE, KaK
¢GAN moxkeT ObITh UCIIOJIL30BAHA JJIS IIOBBIMIEHNS KAYeCTBa, CEIMEHTAIINN
IT0 CPABHEHUIO C TPAIUITMOHHBIME mojxo1aMu, TakuMu kak U-Net nan DeepLab.
Ocoboe BHUMaHNE yAessieTcs 3a1a9aM MOHUTOPUHIa 3€MJIEI0Ib30BaHusd,
FOPOJCKOTO IJIAHUPOBAHUS U aHAJIN3a U3MEHEHUI B OKPY2KAIOIIEH cpese.
ViIydIeHusiME, JOCTUTHY THIME C IIOMOIIBIO PEIJIOXKEHHOIO IIOIX0a, ABJISIOTC
BBICOKasI TOYHOCTH JIJII MUHOPUTAPHBIX KJACCOB, YETKUE IPAHUILI OObEKTOB,
coXpaHeHrne MeJIKUX JleTajieil 1 yCTpaHeHue IIyMa.

B [14] aBropsl npeIaraloT HOBBIH MOAX0J, KOTOPHI ucnoabsyer GAN
JJIsT YJIYYIIEeHUsT KA9ecTBa MPeJICKa3aHHbIX MaCOK 3a CY6T 60jiee TOYHOrO
MOJEJIMPOBAHNUs I'PAHUI] OObEKTOB U BOCCTAHOBJICHUS MEJIKUX JIeTaJjIei.
OcCHOBHOE BHUMaHUE YIEJIAETCST 33/1a9aM, CBSI3aHHBIM C aHAJIM30M U300paskKeHuii
C BBICOKUM pa3peHIeHI/Iel\/I, TaKNX KaK aSpOd)OTOCHI/IMKI/I, MeJUITTHCKHNEe
n300paXkeHust U ropojickue JauamadTol. [legb paboThl — MmoKa3aThb, ITO
ncnonbzoanne GAN MOXKeT 3HAYUTEIHLHO HOBLICUTH TOYHOCTD U JICTAJA3AIIAIO
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CErMEHTAIUN SK3EMILIAPOB O0bEKTOB 10 CPABHEHUIO C TPaIMIIUOHHBIMUI
meromamu, TakuMu Kak Mask R-CNN wuim DeepLab. Yiyumenue neranusanun
U CIVIAYKUBAHUE KOHTYPOB MACOK SIBJISIOTCS OCHOBHBIMU PE3YJILTATAME ITON
paboTHI.

2. ®opmupoBaHue Habopa faHHbIX

Vcnonb30BaHHBIN B 9KCIIEPUMEHTAJIBHBIX UCCJIEJI0BAHUSIX JATACET IIPEeJl-
craBsigeT coboil COBOKYIHOCTD nap (IpejcKa3anHas Macka, TOYHAsd MacKa).
IIpenckazannas Macka 3TO OMHApHAs MacKa 00bEKTa, MOJyIeHHAs C UCIOIB30-
BaruneMm mozenun Mask R-CNN. Tounas macka mnpejcrasjsier coboit OMHapHYIO
MAacKy, ¢(hOPMUPOBAHHYIO U3 HOJMIOHA TOTO 2Ke CAMOT0 O0BEKTa, U3BIEIEHHOIO
u3 json-daitia.

Turbel 1 KoJimyecTBa OOBEKTOB, MIPEJICTABJIEHHBIX B JaTaceTe, a TaK¥Ke
ocoberHoCcTH (hopMUPOBaHUS json-dailioB K daitiaMm ¢ n300paKeHUsIMA,
ormucansl B [1]. st orcyTeTByomux B json-daiiyiax moJuroHoB 06 bEKTOB,
COOTBETCTBYIOIIUE UM TOYHBIE MACKH (POPMHUPOBAJIUCH (KOPPEKTHPOBAJIUCH )
BPYYHYIO. DTO IMO3BOJIIIIO CO3/IATh PEIPE3eHTa0bHBIN U COIVIACOBAHHBIN HAOOD
JIAHHBIX, BKJIIOYAIOMNI KaK aBTOMATUYECKU CT€HEPUPOBAHHBIE, TAK U PYUIHbIE
Macku. Bee Macku maracera ObLIM IPUBEIEHBI K pa3mepy 256 X 256 nukcesieit.
Bospimmit pazmep Macok IPUBOAUT K PE3KOMY YBEJIMYEHHIIO BHIUUC/IATEIbHOM
HAI'PY3KHU U, COOTBETCTBEHHO, BPEMEHU BBIUUC/IEHU, MEHBIITHNA — K HEPOBHOCTSIM
KOHTYPOB TIPEJCKA3AHHBIX MACOK, TIOCJIE YBEJIMIEHUS UX Pa3Mepa. Y BeJIMIeHne
JI0 pa3Mepa m300parKeHust ¢ 00bEKTaMI HEJABUKUMOCTH HEOOXOINMO Ha JTAITe
BU3YAJIM3AINN PE3YJIBTATA C IEJIbI0 COBMEIIEHIsT MACKU O0BEKTa U COJEPIKAIIEr0
€ro M300PaKEHUsI.

3. ®PopmuposaHmne U nccnegoBaHue Moaenu
3.1. OcobenHoctu apxutektypoi GAN

GAN cocrosdT U3 JIByX OCHOBHBIX KOMIIOHEHT: M€HEPATOPa U JIUCKPUMUHA-
TOpa, KOTOpble paboraioT B cocTsizaresibHoM pexkume. OcHoBHas nenb GAN
3aKJIF0YAeTCsI B 0OOYYEeHUN TeHepaTopa CO3JaBaTh JaHHbBIE, HEOTJIMIYUMbIE OT
peabHBIX.

Teneparop B 1polecce 00ydyenus NPUHAMAET CJIyJYaiHbIi 1yM (06BIIHO
U3 HOPMAJILHOIO PACIPEJIE/ICHNs) B KAYeCTBE BXOIHBIX JAHHBIX U IPeobpasyer
€ro B HEKOTOPbIE JaHHbIE, HATIPUMED, U300paskeHusl. 3a/1a9a NeHepaTopa —
chOpMUPOBATH JAHHDBIE, KOTOPBIE BBITJISLIST KaK peasbube. s aroro o
00y4aeTcss MUHUMUA3UPOBATD IIOTEPU, BOSHUKAIOIIHUE IIPU MONBITKE JUCKPUMHE-
HaTOpa OIMPEJIEJIUTH MOJEIKY. OCHOBHBIME ApXUTEKTYPAMU T'e€HEPaTopa
SIBJISIIOTCST CJIE Ty OTINE:
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DCGAN (Deep Convolutional GAN) [15]. IIpocroii u apdekTuBHbBI, HO
MOZKeT BBbIJaBaTh MeHee JeTaJIu3UPOBAHHbIC Pe3yJIbTaThl Ha, CJIOXKHBIX
maHubIX. [eHepaTop UCHOIb3yeT TPAHCIIOHNPOBAHHBIE CBEPTKH JIJTs
[IOCTENEHHOIO YBEJNIEHUsT paspenenus: n3obpaykerust. Hauunaer co
cirydaifHOro BeKTopa (JIATeHTHOIO IIPOCTPAHCTBA) U IIOCIIe0BATEIBHO
YBEJIMIUBAET PA3MEPHOCTD JIAHHBIX JI0 TEJIEBOr0 Pa3penieHusl.

U-Net [16]. oxxonur m1st 384, rje Ba2KHO COXPAHUTD IIPOCTPAHCTBEHHBIE
JleTaJId, HallpuMep, CerMeHTallis WM yJIydiIeHne MacoK. I enepaTop
ocHOBaH Ha apxuTekType U-Net, KoTopast BKIIOYIAET SHKOAEP JJIs
HNOHUKEHUs] PA3MEPHOCTHU U JIEKOJIEP JIJIsi BOCCTAHOBJIEHUS N300PAYKEHUSI.
Hcnonb3yer MexaHu3M npoiryckos (skip connections), 1ro nossosisier
COXPAHATH MEJIKUE JETAJIN.

StyleGAN [17]. Boicokas nerajusaiiys 1 KOHTPOJIb HaJ[ CTUJIEM, HO Tpebyer
GOJILIINX BBIYMCINTEILHBIX pecypcoB. 1103BoJIgeT KOHTPOJUpOBaTh pas-
JIMYHbIE YPOBHU JIETAIU3AIMY U300pazkenus (Hanpumep, oomyo Gopmy
u tekcrypbl). [enepaTop pasiesieH Ha JBe YaCTH JJisd COIOCTABJIEHHS
CTUJIE U JIs CUHTE3A.

JucKpuMUHATOD OIEHMBAET KAYECTBO CrEHEPUPOBAHHBIX JAHHBIX. 3a/1a4a
JIUCKPUMUHATOPA — IIOMOYb T€HEPATOPY T'€HepUpOBaTh OoJiee PaBIONOI00HbIE
JaHHble (M300payKeHNs1), MPEIOCTABIIsIS KOPPEKTHBIE CUTHAJBI OITHOKH.
OcHOBHBIE aPXUTEKTYPHI JUCKPUMUAHATOPA!

PatchGAN [3]. Dddextuen ms 3a1ad, rje BaXKHBI TPAHUIBI OOHEKTOB 1
MeJIKHE JeTasn. AHAIU3UPYeT H300paKeHue IO HEOOJIBIIIM JIOKAIBHBIM
obnacTsaM («Irardam» ) BMECTO Bcero usobpazkenus. Kaxkibiil mard
KJIACCU(MDUIUPYETCA KAK PeasIbHbIi UIH HIOJJE/bHBIN, YTO II03BOJISET
dokycupoBaTbca Ha JOKATIBHBIX JeTaJIAX.

Mnozoyposneswiti duckpumurnamop [18]. Yiydimaer ka4ecTBo reHepanyuu
3a c4ér 6oJIee KOMILIEKCHOH OIEHKHU JaHHBIX. VICIOAb3yeT HECKOIBKO
JINCKPUMUHATOPOB, KaXKJbIil N3 KOTOPBIX paboTaeT Ha PasHbIX ypPOB-
HSIX pa3penieHnsi. ITO MO3BOJISAET ONEHUBATH KAK IJI0OAJIBHBIE, TAK U
JIOKAJIbHBIC XapaKTePUCTUKU N300pasKeHusl.

Conditional GAN (¢cGAN) [19]. HauGonee acbdpexrusen ms 3a1a4, rie
TpebyeTcs HAITPABJIEHHAS T€HEPAIlrsi, HAIIPUMED, ePEeBO N300parkeHuit
MeX/1y ux rpymnmnamu. JIucKpuMuHaATOp IPUHUMAET JOTOJTHUTETLHYIO
undopManuo (HAIPEMED, METKH KJIACCOB MJIU YCJIOBHBIE JAHHBIE) BMECTE
¢ M300parkeHmeM, 4TO TMO3BOJITET KOHTPOJUPOBATEH TUII T€HEPUPYEMBIX
JIAHHBIX.
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YuurbiBas 0COOEHHOCTHU OIMCAHHBIX BBIIIE aPXUTEKTYD MeHepaTopa u
JAUCKPUMHUHATOPA, AJId IIOBBINICHUA TOYHOCTHU MaCOK MEJIKHUX O6’beKTOB HeaBu-

skumoctr Obun BeIOpanbl apxurekTypbl U-Net u PatchGAN coorBercTBenHO.

3.2. ®PopmuposaHue mogenu

T'eneparop, pean3oBaHHbIl Ha ocHOBe apxuTeKTyphl U-Net, peamusyer

JIBa, OCHOBHBIX sTana: czkarue (downsampling) un pacmupenune (upsampling).

OTall CKATHS yMEHBIIAET IPOCTPAHCTBEHHOE paspelneHne JaHabix. Kaxias
U3 5-TH TPYIIT 3JIEMEHTOB YMEHbBINAET pa3Mephbl n300parkeHusi B 2 paza u
cocronT n3 ceéprounoro ciost (Conv2d) ¢ pasmepom siapa (kernel size) 4x4,
marom (stride) 2 u momosnaernem (padding) 1. 3a HUM MOXKeT CJIeIOBATE CJIOH

BatchNorm2d ¢ ¢pyukuumeir akrusaruu LeakyReLU u koaddunmentom 0.2.

DJiIeMeHTBI pacIIupeHnusi HA0OOPOT, YBEJMUNBAIOT IIPOCTPAHCTBEHHOE
paspellenre JaHHBIX. DJIEMEHTOB PACIIUPEHUs] B IIPEJJIATAEMOM I€HEPATOPE
Toxke 5. KaxXIplif Takoit 9JIeMEHT yBEININBACT pa3dMephbl H300parkKeHnst B 2
pasa 3a CuYéT BbINOJHEeHHs TpaHcnoHuposanHoi ceéprru (ConvTranspose2d)
¢ pasmepoM siipa 4x4, marom 2 u gonojaHerueM 1. 3aTeM ciemayer Cioit
BatchNorm2d (kpome nocsuennero 6ioka) ¢ dyukiueit akruparun: ReLU
(kpome mocsiesiHero GJI0Ka, rje ucrosb3yercd Tanh it orpaHudeHus BBIXOIA

B Jquanas3oH [-1, 1]). Opranusanus reseparopa GAN nokasaHa Ha pucyHKe 2.

DJIeMeHT pacIIUpeHusi OObeUHSIET CBOU BBIXOJIHBIE JIAHHBIE C JIAHHBIMEI
U3 COOTBETCTBYIOIIETO €MY 3JIEMEHTA CXKATHSI N300PAKEHUST [TOCPEICTBOM
CKUI-KOHHEKTOPOB. DTO TO3BOJISIET COXPAHSITEH JETAJIN U YIIyIIIaTh KAIeCTBO
rerepainu. Ha Bbixosie reneparopa popMupyercs: OIHOKaAHAILHOE N300paKeHne
pasmepoM, paBHBIM BxoOHOMY. OINMCAHHBIE BBINIE JEMEHTHI CXKATUS U
paciupennsl reHepaTopa 1-ro ypoBHe!l mpHUBeJEeHBI Ha PUCYHKax 3 u 4

COOTBETCTBEHHO.


https://pytorch.org/docs/stable/generated/torch.nn.Conv2d
https://pytorch.org/docs/stable/generated/torch.nn.Conv2d
https://pytorch.org/docs/stable/generated/torch.nn.Conv2d
https://pytorch.org/docs/stable/generated/torch.nn.Conv2d
https://pytorch.org/docs/stable/generated/torch.nn.BatchNorm2d
https://pytorch.org/docs/stable/generated/torch.nn.LeakyReLU
https://pytorch.org/docs/stable/generated/torch.nn.ConvTranspose2d
https://pytorch.org/docs/stable/generated/torch.nn.ReLU
https://pytorch.org/docs/stable/generated/torch.nn.Tanh
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1x1x256x256

downsamplingl

W(64x1x4x4)

downsampling2

W(128x64x4x4)

downsampling3

W(256x128x4x4)

downsampling4

W(512x256x4x4)

downsampling5

W(512x512x4x4)

upsamplingl

W(512x512x4x4)

upsampling2

W(1024x256x4x4)

Concat

upsampling3

W(512x128x4x4)

skip HeCIE]

upsampling4

W(256x64x4x4)

N Concat

upsampling5
W(128x1x4x4)

1x1x256x256

output

Pucynok 2. T'emeparop GAN

Kaxk y»ke ObLJI0 OTMEYEHO BBIIIIE, JUCKPUMIHATOD HA OCHOBE apXUTEK-
Typbl PatchGAN anajuszupyer nzobpazkenue mo HeOGOIBITUM JIOKATHHBIM
obsactsim (maruam). Kaxkerit nata kiaccudumpyeres UM Kak PeasbHbIH
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1x256x32x32

W(512x256x4x4)
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1x512x16x16

Conv

W(512x512x4x4)

BatchNormalization BatchNormalization BatchNormalization BatchNormalization BatchNormalization

scale(512)

scale(128) scale(512)

scale(64) scale(256)

B(64) B(128) B(256) B(512) B(512)
mean(64) mean(128) mean(256) mean(512) mean(512)
var(64) var(128) var(256) var(s12) var(512)

LeakyRelu LeakyRelu LeakyRelu LeakyRelu LeakyRelu

1x128x64x64 1x512x8x8

(@) (6) (8) (2) (9)

downsamplingl downsampling2 downsamplingd downsamplingd downsamplingb

1x64x128x128 1x256x32x32 1x512x16x16

PucyHok 3. Quementn! cxxatus reneparopa GAN

1x512x16x16 1x1024x32x32 1x512x64x64

1x256x128x128 1x128x256x256
ConvTranspose

ConvTranspose ConvTranspose

W(512x512x4x4) W(1024x256x4x4) W(512x128x4x4)

ConvTranspose

W(256x64x4x4)

ConvTranspose

W(128x1x4x4)

BatchNormalization BatchNormalization BatchNormalization

scale(512) scale256) scale(128) ;
BG512) B256) B(128) BatchNormalization
mean(512) mean(256) mean(128) scale(6d)

var(s12) var(256) var(128) Bl6a

mean(64)
var(64)

1x1x512x512

1x512x32x32

1x64x256x256

Relu Relu
1x256x64x64 1x128x128x128

(output ]
(@) (6) (8) (9)
upsamplingl upsampling?2 upsampling3  (e) upsamplingd  upsamplingb

Pucynok 4. Dnements! pacmupenus reseparopa GAN

WIH TIO/IJIEJIBHBIN, 9TO MO3BOJISIET (DOKYCHPOBATHCS Ha JIOKAJIBHBIX JIETAJISIX.
JMCKpUMUHATOD MTPUHUMAET JBa BXOJHBIX M300PaKEHUS: MPEICKA3AHHOE
n300pakeHne (CreHepIpOBAHHOE TeHEPATOPOM) M peasibHOe M306pakeHue (B
HAIIIEM CJIy4ae OHU IIPEeCTABJSIOT CODOM TOYHBIE MACKH OO'bEKTOB).3aTeM
9Tu n300pakeHnus OObEINHSIIOTCA 110 KaHajaM. [lociiemyromnime HeCKOIBKO
ceéprounbix 106 (Conv2d) ¢ pasmepoM siapa 4x4, marom 2 u jonosiHeHneM 1
YMEHBIITAIOT ITPOCTPAHCTBEHHBIE Pa3MePhI JTAHHBIX.
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Hauwnnas co Broporo cimos npumensiercss BatchNorm2d ¢ dbyuknmeit
aktuBanuu LeakyReLLU u koaddunuenrom 0.2. Tlocieauuit cioit ¢ dpyHKuei
akTUBAIy Sigmoid BBIYUCIISIET BEPOSTHOCTH TOTO, YTO BXOJHbBIE JTAHHBIE
SIBJISIIOTCS peabHbiMu. CTPYKTypa JUCKPUMUHATOPA MPUBEJIEHA HA PUCYHKE 5.

1x1x256x256

1x1x256x256
Concat
Conv
W(64x2x4x4)
B(64)
LeakyRelu
Conv

W(128x64x4x4)
B(128)

LeakyRelu

Conv

W(256x128x4x4)
B(256)

LeakyRelu

Conv
W(512x256x4x4)
B(512)

LeakyRelu

Conv
W(1x512x4x4)
B(1)

Sigmoid

1x1x30x30

Pucvynok 5. Huckpumunarop GAN


https://pytorch.org/docs/stable/generated/torch.nn.Sigmoid
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B reneparope ucnosbsyercs crangapTHasi (QyHKIHsT TOTEPD I 33029
ounapuoit kiraccuduranun BCEWithLogitsLoss u L1 Loss st MuanMuszanun
MMIKCEJIbHON PA3HUITHI MEXK/LY CT€HEPUPOBAHHBIMU U PEAJHHBIMU MACKAMU.
TlepBas u3 sTux QYHKIUNE UCIIOIB3YeTCs Jjid «0OMaHa» JUCKPUMUHATOPA,
BTOpasl IOMOraeT I'eHePATOPY CO3/IaBaTh MACKU, KOTOPbIe OJU3KU K PeasbHbIM
10 TIMKCEJIbHBIM 3HadeHnsM. Bakabim napamerpom npu L1 Loss sBasercs Apq,
KOTOPBIl yIIpaB/isieT BaYKHOCTHIO ITUKCEIbHON PA3HUIBI MEXKJIy CreHEPHUPOBAH-
HBIMHU U PEAJbHBIME MACKAMHU. DTO MO3BOJISIET OAJTAHCHPOBATH MEXKJLY «OOMAH»
JIMCKPUMHUHATOPA ¥ TOYHOCTBIO BOCIIpoU3BeieHus AeTaseit. OyHKIms moTephb

reneparopa— BCEWithLogitsLoss.

Ob6yuenne GAN cBa3aHO € ONPeIEIEHHBIMA TTPOOIEMaMU, TAKUMH KaK
HECTAOUILHOCTD IPOIECCa O0YyJIeHNUsI, KOJIAIC MOJ, U HU3KOE KAJeCTBO I'eHe-
panuun, 9T0 Tpe6yeT OpuMeHeHUs ClIelNaJIbHbIX METO/IOB JIJId UX pelIeHud.
OIHUM W3 TAKHUX MTOIXOJ0B SIBJISETCS CIEKTPAJIbHAS HOPMAJIM3AIHA, KO-
TOpasd OrPAHUYNBACT CIIEKTPAJIbHYIO HOPMY BECOB B CJIOAX IeHepaTropa U
JUCKPUMHUHATOPA, TEM CAMBIM CTAOUIU3UPYs O0yUIeHUe U TIPeIOTBPAIIAs
B3pbIB rpajueToB [20]. JApyroit MeTo 3aKJII0YAeTC B UCIOJIL30BAHUU
mrpada 3a rpaguent (gradient penalty), KOTOpBIil 10GABIISIET PErYIIAPU3AIMIO
K BBIXOJIaM JUCKPUMHUHATOpA, obeciieuanBasi 60Jiee TIaBHOE PAaCIIpeeeHIe
3HAUEHUl U yaydmias cxoaumocTb Mogenn [21]. Takzke mupokoe IpuMeHeHre
HAIIE MEXaHU3M CAMOBHUMAHUS (self—attention), O3BOJISIONINIT MO/IeJIN
VUIATBIBATH [JI00AJbHBIE 3aBUCUMOCTH B JAHHBIX, ITO OCOOEHHO MTOJIE3HO TPH
paboTe ¢ BBICOKOpa3MepHbIME n300pakeHusMu [22]. OHAKO, TOCKOJIBKY
BOCCTAHOBJIEHUE MTPOCTHIX OMHAPHBIX MACOK SIBJISETCSI OTHOCUTEIBHO ITPOCTOR
3a7a4ell, I KaK MOKa3aJl Pe3yJIbTaThl UCCIeJOBAHNS ONNCAHHON BBIIIE MOJIEIN

GAN, HCIIOJIb30BaHUE 9TUX IIOAXOA0B B JAaHHOM CJiy4dae fABJIACTCA UIJIUIITHUM.

3.3. Pe3ynbtatbl uccnegosaHus mogenu

dopmuposanue u nceaenosanune mMonean GAN mpoBoAMIOCH ¢ UCIOIL30Ba-
nueM dpeiimBopka PyTorch B cpesie Google Colab Pro. Jupyter-uoyToyk
(munensus MIT) jioctynien 1o 3moit ceblike: — JUPYter, VceseoBaHrst OCHOBHDIX
METPHUK TOYHOCTH OBLIN BBLIIOIHEHDI JJIS PA3JINYHLIX 3HAYEHUI CKOPOCTH

00yUeHMsI, KOJUIECTBA ST0X U pa3MepoB Oarda. MeTpukyu TOUHOCTH reHepaTopa,


https://pytorch.org/docs/stable/generated/torch.nn.BCEWithLogitsLoss
https://pytorch.org/docs/stable/generated/torch.nn.L1Loss
https://pytorch.org
https://colab.research.google.com/drive/1igt6a635oLyULkqBtCcbEOLVyCC8CQ_S
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GAN wuccniegoasuch 1npu Ar; = 100, IOCKOJIBKY IIPU TAKOM 3HAYEHUU UX
KPHBBIE 00JI3IAI0T JIOCTATOYHON CTEMEHBIO TVIATKOCTH, YTO CBHUJIETEILCTBYET 00
OTCYTCTBUU B3PBIBHBIX UJIM 3aTyXaOIUX rpagueHTos. Ha pucynkax 6, 7 u 8

[TOKa3aHbI KPUBbIE METPUK TOYHOCTH 1yt 3HadeHuit Ar; = 80, 100 u 120.
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Pucynok 6. I'paduru merpux Tounoctu reseparopa GAN mis
Ar1=80

B rabuure 1 npuBeieHbI pe3yIbTaThl UCCIEJOBAHUN OCHOBHBIX METPUK
Tounoctu loU, IoU0.5-95, Precision, Recall u F1-Score. Kak nokaszaJin
IPOBEIEHHBIE MCCeM0Banus, ncnoab3oBanne GAN 1m0o3BoJIsIeT 3HAYUTETHHO
YIYYIIATH TOYHOCTH MACOK CEIMEHTAIMN O0'bEKTOB HEJABUKUMOCTH, TIOJIY Y€HHBIX

¢ ucnosbzoBanueM Mogean Mask R-CNN [1].

PaccmoTpuM HECKOTIBKO TIPUMEPOB YIIYUIIEHNST MACOK OO'bEKTOB HEJIBUKI-
MOCTH, TOJIy9eHHbIX ¢ ucnojb3oBarueM mogenn Mask R-CNN. Ha pucynke 9
MoKa3aHbl MacKu, npejckazanubie Mojenbio Mask R-CNN, u ysy«mnennbre
Macku, crenepupoBanabie ¢ moMorbio GAN. [lo 3HAYeHNSIM METPUK TOYHOCTH
MOXKHO CJIeJIaTh BBIBOJI, 9TO ucnob3oBanne GAN 103BoIsIeT 3HATNTEHHO
YIIy9IIATh KAYeCTBO MACOK 38 CYET KOPPEKIMH OMINOOK, TAKUX KAaK Pa3pPhIBBI

KOHTYPOB, IIIYM U HETOYHOCTU B I'DAHUIAX OOBHEKTOB.
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Tapmuua 1. Ouenka MeTpuk TOYHOCTH Jjis npejacka3anHbix GAN Macok B 3aBUCHMOCTH OT HIapPaMeTPOB

00yYeHUsT MOJIEJIN

Ckopocts | Pasmep Smox IoU Precision | Recall | F1-Score | IoU0.5-95 (Pred) | IoU0.5-95 (Pred)
obyvenusi | Garua | obyuenmsa | (Pred) (Pred) (Pred) (Pred) (Mask R-CNN) (GAN)
le—6 10 500 0.87 0.92 0.91 0.91 0.67 0.90
5e—6 10 400 0.85 0.90 0.89 0.90 0.65 0.88
5e—6 20 350 0.84 0.89 0.88 0.88 0.64 0.87
le—5 10 300 0.83 0.88 0.87 0.87 0.63 0.86
le—5 20 250 0.84 0.89 0.88 0.88 0.64 0.87
5e—5 8 200 0.79 0.84 0.83 0.83 0.59 0.81
5e—5 10 300 0.82 0.87 0.86 0.86 0.62 0.85
5e—5 16 250 0.81 0.86 0.85 0.85 0.61 0.84
4e—5 8 150 0.80 0.85 0.84 0.84 0.60 0.82
4e—5 16 200 0.78 0.83 0.82 0.82 0.58 0.80
le—4 8 100 0.75 0.80 0.78 0.79 0.55 0.78
le—4 16 150 0.77 0.82 0.81 0.81 0.57 0.80
le—4 20 200 0.78 0.83 0.82 0.82 0.58 0.81
2e—4 8 80 0.70 0.75 0.73 0.74 0.50 0.73
2e—4 16 100 0.72 0.78 0.76 0.77 0.52 0.76

ITI

GOdRMOHUY "¢ U
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PucvyHok 9. Pesyaprars! yiaydienns ¢ nomompbio GAN moka-

3aHbI 101 ipeackazanubiMu Mask R-CNN mackamu o6beKTOB
HEeJABUKUMOCTHU

[Ipumep yiaydiienns MacOK 0OOBEKTOB Ha adpOodOTOCHUMKE, Ha KOTOPBIX
CJIOXKHOCTD 3191 BO3PACTAET M3-38 BBICOKON IIJIOTHOCTH OOBEKTOB U UX
pa3Hoobpa3us npuBeeH Ha pucyHkax 10.

IIpu reneparu Macok ¢ momotbio GAN gacTo Bo3HUKaeT mpobiema
CTYIIEHYATHIX KPaéB, CM. PUCYHOK 9. DT0O 00yCI0BI€HO crienuduKoil paboTh
GAN, koropast cBg3aHa € JUCKPETHOCTHIO TUKCeNel mpu (hOPMUPOBAHIT
n300parKeHnii U CJIOKHOCTHIO TOTHOIO BOCIIPOU3BEICHUS MEJIKUX JIeTasIeit
rpanui;, 06beKTOB. JJjist yirydIieHns KOHTYPOB MACOK CEIMEHTAIUU MOIYT
OBITH IPUMEHEHBI PA3IUIHbIE PYHKIIMUA MOPQOJOrNIECKOrO CrIIaXKUBaHUS,
KOTOpBIE TIO3BOJISOT YCTPAHUTD IIIYM, 3aI0JHUTE TPOOESBI M CIENATH IPAHUITBI
00BEeKTOB OoJIee TJIaIKUMMI.

OnuM 13 6a30BBIX TOAXO/0B ABJISIETCS UCIIOJIb30BAHUE OIEepaluii MOp-
POSTIOTHIECKOTO OTKPBITAA W 3aKPBITUS C 33 JaHHBIM CTPYKTYPUPYIOIIAM
asleMeHTOM (Hanpumep, KBaaparnoit marpuneii (5 X 5). OTKpeiTue moMoraer
Y/IAJIUTh MEJIKUE TIyMOBBIE apTe(AaKThl, & 3aKPLITAE 3AIIOJHSIET MEJIKNE
Pa3pBIBBI BHYTPU MAacKH. JIJIsT JOIOJTHUTEIHHOTO CIJIazKUBAHUS KOHTYDPOB


https://docs.opencv.org/4.x/d9/d61/tutorial_py_morphological_ops
https://docs.opencv.org/4.x/d9/d61/tutorial_py_morphological_ops
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(6) Macku ynyuniensl remeparopm GAN

Pucynok 10. ¥Yayumienune Macok 00b€KTOB HEIBHKUMOCTH
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MOKHO npuMenuTh [ayccoBo pasmbitue (GaussianBlur), koropoe cMsruaer
pe3Kue mepexobl MexK Iy (DOHOM U 0ObEKTOM.

Tak>ke 3 HEKTUBHBIM METOJIOM SIBJSIETCST MCHOJb30BAHNE AKTUBHBIX
KOHTYDOB (snakes), KOTOpbIE aJIAITUBHO MOJCTPAUBAIOTCA 1101, (GOPMY 0ObEKTa
3a CYET MUHUMHU3AIUN SHEPTUU YIPYTOCTH U TIaJKoCTH. JLjisi JTOCTHXKEHUs e1e
boJiee TIaJIKUX KOHTYPOB MOXKET ObITH IPUMEHEHA CILIaiH-UHTEPIIOJISIIIUS,
KOTOpast alllPOKCUMUPYET UCXOMHBIN KOHTYP C TIOMOIIBIO KYOUIECKUX CILIANHOB,
obecrieunBasi paBHOMEPHOE pacipeieeHne TOYeK U IJIaBHOCTb IPaHUIL.

Emié ogaum u3 93¢ dekTuBHBIX c0COO0B yCTPAHEHUS CTYIEHIATOCTH SIBJISE-
eTcs ucnosb3oBanue ajgropurma yrmaca-Ilekepa, KoTopblil criennaan3upyercs
Ha YOPOIIEHNN MOJUJIMHAN U criiaXKuBaHun KOHTYpoB [23]. OcobenHOCTH
JIAHHOTO AJrOPUTMA 3aKJ/IIOYAETCS B €r0 CHOCOOHOCTH AHAJIU3UPOBATEH KAXKIYIO
TOYKY I'DAHUIBI MACKHU U OIEHUBATH €€ 3HAYUMOCTD Jijisd 001Ieit (hopMbl
obbekTa. TOUKM, KOTOPbIEe BHOCST MUHUMAJIbHBIN BKJIAJ] B KOH(MUI'Y PAIIAIO
KOHTYPA, YIAIAIOTCS, YTO HO3BOJIAET HOIYIUTH OoJiee IIJIABHBIE U €CTECTBEHHBIE
rpaHuIlbl 0e3 moTepr KJIIOUEBBIX reoMeTpruiecKux ocobennocreit. [Tpumep
ucroJsib3oBanne aaropurma Jlyrinaca-Ilekepa npusenén na pucynke 11.

(a) O6beKT (6) Macka co (6) YcTpanenue (2) Macka 6e3
HEJBUYKUMOCTH CTYIIEHYATOCTHIO CTYIEHYATOCTH CTYIIEHYATOCTU

PucyHOK 11. VcrpaneHus: CTyIeHIaTOCTH MACKU C UCIOJIH30Ba-
aueM ajropurMa yrimaca-Ilekepa

DT METOJIbI WU UX KOMOMHAINS [TO3BOJISIIOT B Psjie CJIydaeB yJIydIlnTh
Ka4IeCcTBO MACOK, Jiesiast UX 00Jiee IPUTOHBIME JIJIST TIOCJIETYIOIEro AHAIN3a U
Busyasm3anun. Kak mokasajin IpoBeIEHHbBIE UCCIEI0BAHNUS, UCIOIH30BaAHUS
METOJIOB MOP@OJIOTUIECKOIO CIVIAXKUBAHUST U YJIyUIIeHUs] TPAHUI] MaCOK
¢ ucnob3oBanueM ajropurMma lyriaca-Ilekepa B mocTobpaboTKe MacoK, mTaéT
BO3MOXKHOCTD IIOBLICATH TOYHOCTH UX (POPMHUPOBAHMSA B CpeIHeM Ha H—7%, 9To
0CODEHHO BayKHO JIJIsI 33129 KOMIILIOTEPHOTO 3PEHUS U CerMEHTAIN OO'beKTOB
Ha a3pOPOTOCHUMKAX B YaCTHOCTH.


https://pytorch.org/vision/main/generated/torchvision.transforms.GaussianBlur
https://en.wikipedia.org/wiki/Active_contour_model
https://en.wikipedia.org/wiki/Active_contour_model
https://docs.opencv.org/4.x/d3/dc0/group__imgproc__shape
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3aknoyeHne

B mannoit pabore ObLIa npemjioxkKeHa u ucciaegopana mogeab GAN,
IpeIHA3HAYEHHAST /)T OBBIIMIEHUsT TOYHOCTU MACOK CErMEHTAINH, MOJIY YeHHBIX
¢ ucnosszoannem mozesn Mask R-CNN. DkcrepumeHTs IOKa3a/M, 9TO IPU-
verenrie GAN 1103BoJIsIET CYIIECTBEHHO YIIyYIIUTh KAYECTBO JETEKTHPOBAHHBIX
MaCOK OObEKTOB HEJIBUKMMOCTHU 32 CYET KOPPEKIIUU OIMNOOK, TAKUX KaK
Pa3pbIBBI B MacKaX, MIyMOBbIe apTedaKThl 1 HEPOBHBIE KOHTYPBI. YJIydIlIeHHe
JIOCTUTAETCS 33 CUET MCHOIB30BaHus (DYHKIMU moTeph L1 st MUHUMHA3AIIH
MMAKCETbHBIX PA3IHIUil MKy TeJIeBBIMU ¥ CTeHEePUPOBAHHBIMU MACKaMM,
a TakrKe 3a CIET paboThl JUCKPUMHUHATOPA, KOTOPHIH CIIOCOOCTBYET Oostee

PEAIMCTUYHON MeHepaIlii MacCOK.

PesysbraTsl MpoBEIEHHBIX UCCIEIOBAHUIT JEMOHCTPUPYIOT YJIydIIIeHAE MeT-
puk tounoctu, tTakux Kak loU, Precision, Recall u F1-Score, qys yimydmenmsix
MacCOK 10 cpaBHeHmto ¢ ucxomgabiMu npeckaszanansamu Mask R-CNN. Cpennee
saagenne [0U0.5-95 ysesmamiocsk B cpeanaem Ha 30-35%, 9To moaTBepKIaeT
3 HEKTUBHOCTD TPEJIOKEHHOTO ToaX0a. JOMoTHUTETBHO OBLIO OTMEYEHO,
9TO UCIOJIb30BaHUE MOPMOJOrHIECKUX OMEPAIil 1 METOIOB CrJIAXKUBAHUSI
KOHTYPOB ITO3BOJIUT JIOIOJHATEIBHO YIIYYIIUTh TJI3JIKOCTh U TOYHOCTH TPAHUIY

MaCOK.

[TosryueHHble pe3y/IbTATHI MMEIOT BaXKHOE MTPAKTHYECKOEe 3HAYEHNE U OyIyT
ncnoas3oanbl B IC ITIIK «PockagacTp» s aBTOMaTHYECKOr0 Ipeobpa3oBa-
HUSL PACTPOBBIX N300parKeHN ¢ 00bEKTAMHU HEJBIKUMOCTH B BEKTOPHbIE KaPTHI.
DTO MO3BOJIUT MOBBICUTH TOYHOCTh U CKOPOCTH (POPMUPOBAHUST UMD POBBIX
KapT, 9TO OCOOEHHO BaXKHO JJIsl 33/1a9 KaJACTPOBOI'O yYeTa U yIPABJIEHUS
teppuropusimMu. [IpeyioxKeHHbIN TOAX0I MOYXKET OBITH aIAIITHPOBAH JJIsA IPYTHX
[IPUJIOXKEHU, CBA3AHHBIX ¢ 00pabOTKOM M300paKeHMT N KOMIIBIOTEPHBIM 3pe-
HHeM, Tae TpeOyeTcst BHICOKas TOTHOCTh CerMeHTaIn 00 beKToB. [IpoBenénmoe
B paboTe UCCIIeJOBAHNE MTOTBEPK AT NepCHeKTUBHOCTEL npuMenenns GAN
C TEJIbIO YITydIleHus] KA9eCTBA MACOK OObEKTOB HEIBMXKUMOCTH, 9TO TO3BOJISIET
ero 3HEeKTUBHO UCHIOJIB30BATH IJIs aBTOMATU3AINY [IPOIECCOB aHAJIN3a 1
peobpa30BaHusi JAHHBIX B NeOMH(MOPMAIMOHHBIX cucTeMax. JlabHeiie
UCCJIEI0OBAHUSI MOI'YT OBITh HAIIPABJIEHBI Ha ONTUMHU3AIIUIO APAMETPOB MOJIEJIH,
BHEJIPEHME HOBBIX METOJIOB IIOCTOOPabOTKU MACOK W paclIupeHre 06JiacTi

npumenenust GAN.
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