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Introduction

The restoration of images and building contours from aerial photographs
for creating up-to-date terrain maps and cadastral assessment of capital
construction objects is one of the main tasks addressed by the PLC
«Roscadastr». Effective solution of this problem is of significant interest for
cartography, urban infrastructure monitoring, and urban planning [1,2].
However, in practice, aerial photographs often contain defects caused by
atmospheric factors (cloudiness, fog), temporary objects (construction
equipment, vehicles, tree canopies), or technical limitations of imaging
(sensor noise, low resolution). The quality of restoration directly affects
the accuracy of subsequent automated analysis, including semantic and
instance segmentation, 3D model construction, and condition assessment
of capital construction objects.

Traditional image restoration methods, such as Navier-Stokes inpainting
[3] and patch-matching based on similarity search [4], demonstrate limited
effectiveness when dealing with complex roof structures. These approaches
rely predominantly on low-level features (pixel intensity, color and structure
gradients) and do not account for object semantics, leading to blurred
boundaries, distortion of geometric shapes (roof slopes, ridges, valleys), and
the appearance of unnatural texture artifacts. When reconstructing large
damaged areas, such methods cannot generate fundamentally new content,
which is critical for aerial photographs with large defects.

Modern deep learning methods offer three main directions for solving
this problem: generative adversarial networks (GANs), diffusion probabilistic
models, and their hybrid combinations.

Generative adversarial networks remain in demand due to their high
inference speed and robustness to limited training data. The foundations
of adversarial training were presented in [5], and conditional GANs (cGANs)
for image-to-image translation have become a basic approach to restoration.
However, classical architectures such as Pix2Pix [6] and ESRGAN [7] show
degraded quality when processing large masks due to the limited capacity
of the discriminator and insufficient penalty for high-frequency distortions,
which is particularly noticeable on roofing material textures.
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Diffusion probabilistic models demonstrate high generation quality.
The base DDPM architecture [8] and its development for restoration tasks
[9] achieve high realism but require thousands of inference iterations and
large amounts of data. In 2025, specialized adaptations for remote sensing
appeared: SatDiff [10] based on Stable Diffusion provides high-quality
satellite image restoration; the KAO method [11] introduces kernel-adaptive
optimization, outperforming previous approaches on structural tasks;
the Image Characteristic-Guided method [12] accounts for low-rank
image properties. Despite superior metrics, these models retain high

computational complexity and low inference speed.

Hybrid methods combine the advantages of GANs and diffusion.
Modern hybrid GAN implementations, such as DeGAN [13], BD-VITGAN
[14], and TAMGAN [15], integrate transformers, dense connections, and
multi-level attention, significantly improving structural consistency and
perceptual quality in remote sensing tasks. Other approaches, such as
DSEPGAN [16], achieve a balance between speed, determinism, and
restoration quality, which is particularly important for specialized aerial
roof imaging tasks.

The current state of the field is characterized by fragmentation: most
methods are developed for general datasets; diffusion models require
excessive resources; and hybrid approaches are insufficiently adapted to the
specific characteristics of aerial roof images. There is no specialized method
that combines robustness to small sample sizes, deterministic inference,
high perceptual quality, and moderate computational complexity. The
present work aims to address these shortcomings and continues the research
described by the author in [17,18]. A hybrid approach is proposed for
restoring damaged roof areas in aerial photographs, based on a conditional
generative adversarial network DeGAN with transformer blocks in the
generator and a multi-level discriminator with cross-level attention. The
composite loss function combines adversarial components, pixel-wise
comparison, perceptual features, and diffusion enhancement, achieving
a balance between geometric reconstruction accuracy and naturalness of

roofing material textures.
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Section 1 presents a formal problem statement for the restoration
of missing roof areas. Section 2 describes the architecture of Roof-DeGAN,
including the structure of the generator with transformer blocks (equipped
with a dynamic attention sparsification mechanism) and a multi-scale
discriminator, as well as the composite loss function. Section 3 presents
the datasets used (ZRG for pre-training and the target dataset with
synthetic damage), data preprocessing methods, as well as details of the
two-stage model training (pre-training for segmentation and fine-tuning
for restoration) and a list of quantitative evaluation metrics (PSNR,
SSIM, LPIPS, FID). Section 4 analyzes the training dynamics and model
convergence. Section 5 provides a quantitative comparison of the proposed
approach with state-of-the-art methods. Section 6 presents an ablation
study to evaluate the contribution of each component of the loss function,
as well as the impact of pre-training on ZRG. Section 7 analyzes the
restoration quality as a function of the damage area size. Section 8 discusses
the limitations and promising directions for future research. The paper
concludes with Section 9 and a list of references.

1. Problem Statement

The problem of restoring damaged or occluded areas of building
roofs in aerial photographs can be formulated as a conditional image
generation task. Let I, € RE*W>3 be the original undamaged RGB
image of a building roof of size H x W pixels. A binary mask of the
damaged region M € {0,1}7*W defines the pixels to be restored: M;; = 1
corresponds to a damaged pixel, M;; = 0 corresponds to intact regions.
The damaged image is formed as I;, = I, © (1 — M), where ® denotes
element-wise multiplication.

The objective is to adjust the parameters 6 of a parametric function
Gy(-) such that, for the pair ([;,, M), it restores the complete image
Liec = Go(Iin, M), minimizing the generator loss function Lg. A key
feature of the problem is the need to generate new content while strictly
preserving the geometric integrity of roof architectural elements (slopes,
ridges, valleys) and the semantic consistency of roofing material textures
(tiles, metal tiles, slate) with the surrounding context. This distinguishes
it from general image inpainting tasks and requires specialized hybrid
approaches (e.g., GANs with diffusion that account for geometric and
semantic features).
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Ficure 1. Example of restoring a damaged roof area

Figure 1 presents a sequence of three images illustrating the restoration
process of an occluded roof area— the original damaged image, the damage
mask (tree canopy), and the restoration result.

The necessity of solving this problem is driven by the practical needs
of the PLC «Roscadastr». In the mass processing of aerial photographs
for cadastral registration and updating of cartographic materials, a key
step is the extraction of building contours and the formation of digital
maps. However, the presence of damaged or occluded areas in the images
(e.g., covered by tree canopies, cloud shadows, or temporary objects)
causes standard segmentation and contour extraction algorithms to fail to
correctly determine roof boundaries. An unreconstructed, noisy image does
not allow obtaining a reliable binary object mask, which directly affects:

« the accuracy of contour maps— at the location of an occluded roof
fragment, the contour is either broken or erroneously drawn along the
boundary of the overlapping object (e.g., a tree canopy);

« the formation of digital elevation and terrain models— the height
reference of building corners is distorted;

« cadastral registration — the area of the object is incorrectly calculated,
leading to legal and economic consequences.

Manual processing of thousands of images with such defects is extremely
labor-intensive and time-consuming. Developing an effective image
restoration model allows automatic filling of occluded areas with semantically
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consistent content while preserving roof geometry. As a result, mapping
algorithms receive a complete image as input, ensuring correct contour
extraction, area calculation, and the formation of reliable cartographic
products. At the same time, processing time is reduced from several
minutes per image to fractions of a second, which is critically important
when working with regional and federal aerial photography archives.

2. Roof-DeGAN Architecture

The proposed model is a hybrid generative adversarial network in
which the generator restores occluded image regions while the discriminator
evaluates the plausibility of the resulting fragments. To improve restoration
quality, modern components are employed: transformer blocks for capturing
global context, dense connections for better feature propagation, and
a diffusion enhancement component for increased stability and naturalness
of textures.

The generator is built upon an architecture combining transformer
blocks and dense convolutional connections, specifically adapted for
satellite and aerial image restoration tasks. It consists of three main parts:
a contracting path (encoder), a bottleneck layer, and an expanding path
(decoder). Skip connectors between corresponding levels of the contracting
and expanding paths transmit low-level features.

The contracting path consists of a sequence of blocks, each including
a self-attention mechanism, a fully connected layer for capturing long-range
dependencies in the image, and a dense convolutional block that performs
the transformation:

y = LeakyReLU (BN (Convsxs(z))) + x,
where
Convsys(-) is a 2D convolution with a 3 x 3 kernel,

BN is batch normalization,

LeakyReLU(:) is an activation function with a negative slope.

The number of feature channels increases from 64 to 1024 (in the bottleneck),
while the spatial resolution is halved at each level by using a convolution
stride of 2.
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The expanding path is symmetric to the contracting path and uses
transposed convolutions to increase resolution. At each level, the following

transformation is performed:
y = TransposeConv,, 4 ;_o (Concat (Zgec, Tene)) + ResidualBlock(x),
where

TransposeConv,, 4 ._o(-) is a transposed convolution with a 4 x 4
kernel and stride 2,

Concat (T gec, Tene) 18 the concatenation (channel-wise joining) of
features from the current level of the expanding path and the
corresponding level of the contracting path via a skip connector,

ResidualBlock(z) is an additional residual block for stabilizing training.

Skip connectors transmit detailed low-level features (boundaries, local
textures), which prevents blurring of restored regions.

The generator’s output layer consists of a 1 x 1 convolution with
a tanh(-) activation function, which maps pixel values to the range [—1,1]:

T = tanh (Convyxi(2)),

where I is the restored image and z is the output of the last block of the
expanding path.

The discriminator is designed as a multi-level network with a cross-scale
attention mechanism. It evaluates plausibility not on the entire image
at once, but simultaneously at several levels of detail (from small fragments
to large regions), linking information across different feature scales for more
accurate assessment of restored fragment consistency. The discriminator’s
input is the concatenation of the damaged image and the damage mask.
Its output is a set of probability maps at different resolutions. Each
level includes a convolutional backbone with a LeakyReLU(-) activation
function and spectral normalization, as well as a cross-scale attention
module that links information between levels of detail. This approach
provides accurate assessment of high-frequency details (roofing material
textures) and roof geometric elements, while also improving training

stability through gradient diversity.
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Standard transformer blocks in the generator have quadratic computa-
tional complexity O(n?) and do not account for the specific characteristics
of aerial roof images, which contain large homogeneous areas (flat slopes)
alongside fine details (tiles, joints). To address this problem, Roof-DeGAN
introduces a Dynamic Sparse Attention (DSA) mechanism. At each encoder

level, for each patch, a local variability measure is computed:
v; = Var(p;) + Var(Vp;),

where p; are the pixel values in the i-th patch and Vp; is the gradient. For
patches with low variability, attention is computed on a combination of:

« predictable neighboring patches (e.g., within a 3 x 3 window);

« 30% of randomly selected patches across the entire image.

Patches with high variability (v; > 7) are processed fully. The threshold 7
is dynamically adjusted as a percentile of the distribution {v;} at the
current level (with 7 = Pyg, the 50th percentile, i.e., the median of the {v;}
distribution). DSA reduces computational complexity from O(n?) to
O(n - k), where k < n is the effective attention size, and enables processing

of higher-resolution images without quality loss on textured regions.
The organization of Roof-DeGAN is shown in Figure 2.

The overall loss function of the model L consists of several components:
(1) EG = Apim»cpia: + )\advﬁadv + )\percﬁperc + )\dsz»cdsz + Acolorﬁcolm"

The pixel-wise component (L£,;,) is responsible for accurate brightness
matching of each pixel in intact regions and ensures the geometric integrity
of the image. This component (the £; loss function) guarantees that
the model does not arbitrarily alter the brightness and shape of objects

in undamaged parts of the image [6].

The adversarial component (L,4,) forces the generator to create
fragments so realistic that the discriminator cannot distinguish them from

real ones. It is responsible for texture realism and edge sharpness [5].

The perceptual component (Lper) compares images not pixel-wise but
in the space of high-level features extracted by a pretrained convolutional
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F1cUurE 2. Main components of the Roof-DeGAN model

network, e.g., VGG-16 [19]. This component allows the model to capture
object structure and material texture (tiles, slate, metal), ignoring minor

pixel shifts that do not affect human visual perception.

The diffusion component (Lg;¢5) uses a pretrained DDPM denoising
model [8] as a realism expert. It forces the restored image to behave like
the ground truth during the diffusion noising and restoration process. This
approach is based on ideas presented in [9,12] and effectively suppresses
high-frequency artifacts typical of GANs, while also stabilizing training.

The color consistency component (L.o0-) penalizes the model for
producing unnatural hues by comparing color distributions in the restored
and ground truth images. The implementation is based on a differentiable
histogram loss [20]. This component preserves the overall color palette

characteristic of a specific roofing material type (e.g., terracotta tile color
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or gray slate shade), preventing the appearance of «acidic» or faded tones
[12].

The optimal values of the coeflicients A were determined experimentally
during the loss function study (see Section 6).

3. Training Details and Evaluation Metrics
3.1. Pretraining on ZRG (Segmentation Stage)

To form initial representations of roof geometry and textures, the
private Zeitview Rooftop Geometry (ZRG) dataset was used [21]." The
dataset contains 22,334 annotated RGB images of residential buildings
captured by unmanned aerial vehicles at an altitude of 3-5 meters above
the roofs. The image resolution is <1 cm/pixel, allowing fine roof elements
(individual tiles, joints, ventilation outlets) to be distinguished. Each image
is accompanied by:

« a roof segmentation mask (binary roof/background mask);
+ a 3D wireframe (polygonal model of roof faces);

« information about overhanging vegetation and shadows (natural
occlusions).

The choice of ZRG is justified by the following advantages over classical
aerial image datasets (Inria [22], ISPRS Potsdam [23]). Unlike Inria
and ISPRS Potsdam, which contain only binary building/non-building
annotations, ZRG provides detailed roof segmentation masks and 3D
wireframes. The resolution of ZRG (<1 cm/pixel) significantly exceeds that
of Inria (30 cm/pixel) and ISPRS Potsdam (5 cm/pixel), enabling the
distinction of fine roof elements. Furthermore, ZRG includes natural
occlusions (shadows, overhanging trees) absent in classical datasets, focuses
on residential and suburban development (in contrast to the urban focus
of Inria), and comprises over 22,000 annotated objects compared to 38
patches in ISPRS Potsdam.

IPLC «Roscadastr» uses the dataset on a legal basis
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The Roof-DeGAN generator was pretrained on the ZRG dataset in
binary roof segmentation mode. The architecture at this stage included an
encoder-decoder with transformer blocks and dense skip connections (as
in the target model), but without the adversarial component. The loss

function at the pretraining stage:
Lpretrain = Apiszix + )\perchercv
where

L iy is the £; loss (pixel-wise comparison with the roof mask),

L pere is the perceptual loss on VGG-16 features [19].

The coefficients were \,i; = 1.0, Apere = 0.05.

Training continued for 65 epochs using the Adam optimizer (Ir = 1074,
B1 = 0.5, B2 = 0.999), with a mini-batch size of 16 images. The
discriminator weights were not initialized at this stage.

3.2. Weight Transfer and Fine-Tuning (Restoration Stage)

After pretraining, the encoder and decoder weights were copied into
the generator of the target Roof-DeGAN model. The generator’s output
layer was replaced: instead of a single channel (binary mask), three
channels (RGB) were set, and its weights were randomly initialized. The

discriminator was randomly initialized.

Fine-tuning was performed on the target dataset (1600 images with
synthetic damage masks) using the full loss function (1). The optimal
coefficients were Ap;; = 1.0, Aggy = 0.1, Apere = 0.05, Agig = 0.01,
Acolor = 0.05. Training continued for 30 epochs with early stopping
(training was halted if the loss on the validation set (200 images) did not
decrease for 5 consecutive epochs). According to the training dynamics
(Figures 4 and 6), the best metrics were achieved at epoch 25, after which a
sharp degradation was recorded at epoch 26 (adversarial training collapse).
Therefore, the weights corresponding to epoch 25 were saved as the final
model.


https://docs.pytorch.org/docs/stable/generated/torch.optim.Adam.html
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The mini-batch size was 32 images. Thanks to the use of mixed
precision (FP16) and the Flash Attention mechanism, training ran stably
on an NVIDIA A100 80 GB GPU. Choosing a batch size of 32 provides
a balance between computational efficiency and gradient smoothness

necessary for adversarial training.

3.3. Target Dataset and Synthetic Damage Mask Generation

The target dataset was formed from the aerial photography archives of
PLC<«Roscadastr»? and includes 2000 RGB images of building roofs (1600
for training, 200 for validation, and 200 for testing). All images were
captured by unmanned aerial vehicles (UAVs) at an altitude of 30-50 m
above roof level, which for typical garden plots (=8x8 m) provides a spatial
resolution of ~3 cm/pixel. The size of each image after preprocessing
is 256 x 256 pixels, corresponding to one entire building with a small
surrounding background. The dataset covers the following roofing material
types: metal tiles (about 35%), ceramic tiles (25%), slate (20%), bituminous
shingles (10%), and other coverings (roll roofing, flat roofs, copper)— 10%.
By development type, the images are distributed as follows: dense urban
(10%), suburban (15%), and garden/dacha (75%). All images undergo
manual verification for the absence of global defects (gaps exceeding 50% of
the area, strong atmospheric distortions such as haze or glare), ensuring
the purity of the ground truth data.

Since obtaining real aerial photographs with precise «occluded area»
masks (e.g., under a tree canopy or construction equipment) is labor-
intensive and expensive, synthetic damage mask generation is used.
In image restoration tasks, this approach is standard and allows control over
the shape, size, and position of defects. The damage mask M € {0, 1}7*W
is generated for each training example according to the following algorithm.
First, with specified probabilities (40%, 30%, and 30% respectively), one
of three damage types is selected: rectangular/polygonal (simulating
occlusion by construction equipment or temporary structures), realistic tree
crown, or irregular composite (modeling cloud shadows or tangled objects).

Particular attention is paid to generating tree crown masks, which,
unlike primitive geometric shapes (ellipses or rectangles), reproduce
characteristic features of real tree vegetation. The developed method
includes the following crown types (examples are shown in Figure 3):

2Property of PLC «Roscadastr»
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(¢) Spreading crown

Ficure 3. Examples of synthetic tree crown masks

+ Branchy (old oak, elm)— crowns with prominent large branches
extending beyond the main mass;

» Pyramidal (spruce) — classic cone-shaped crowns with a characteristic
form and «fluffy» texture;

+ Spreading (pine) —irregular, asymmetric crowns with uneven branch
growth.
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For each crown type, the following parameters are specified: the area
A, is chosen from a uniform distribution within one of three ranges —
10-15%, 20-25%, or 30-35% of the total image area, allowing evaluation
of model robustness to varying degrees of occlusion (see Section 7). For
branchy forms, the number and length of branches are additionally adjusted;
for pyramidal forms — the trunk inclination angle and degree of «fluffiness»;
for spreading forms— the degree of asymmetry and the number of crown
growth centers. The mask location is chosen with equal probability at the
center, edge, or corner of the roof, so that the model learns to restore both
isolated defects and edge discontinuities.

After shape generation, the mask undergoes post-processing: first,
morphological opening with a 3 x 3 kernel is applied to remove isolated
spurious pixels at mask boundaries; then Gaussian blurring with o =1 is
applied, followed by binarization at a threshold of 0.5. This creates smooth
but sharp transition boundaries between damaged and intact regions,
preventing the appearance of sharp brightness steps that the model could
use as a «shortcut» to bypass learning. Additionally, for tree crown masks,
internal gaps (simulating spaces between branches) are generated with 50%
probability, and protruding branches with 40% probability, which increases
realism and complicates the restoration task.

The damaged image is formed as I;, = I © (1 — M), i.e., pixels
corresponding to the mask are zeroed out, while intact regions remain
unchanged. Mask generation is performed on-the-fly during data loading
(with a batch size of 32 images). For the validation and test sets, masks
and damaged images are fixed and saved once, ensuring reproducibility
of comparison across different models and configurations.

The proposed mask generation approach reflects the most common
occlusion cases encountered in practice: tree vegetation (realistic tree
crowns of various types covering 15-35% of the area), equipment and
temporary objects (rectangular masks covering 10-20%), and clouds and
shadows (large irregular masks covering 20-35%). Limitations of the
method include the absence of halftone and gradient occlusion simulations
(e.g., dappled shadows from foliage), as well as masks with occlusion
exceeding 50% of the area (such cases require generation «from scratch»
rather than restoration and are beyond the scope of this task). Nevertheless,
as shown in Section 7 (Figure 9), even at 35% occlusion the restoration
quality can become unacceptable, which justifies the choice of the specified
damage area ranges.
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3.4. Quality Evaluation Metrics

For quantitative assessment of restoration quality, the following metrics
were used: Peak Signal-to-Noise Ratio (PSNR) [24], Structural Similarity
Index (SSIM) [25], and Learned Perceptual Image Patch Similarity
(LPIPS) [26] based on features of a pretrained VGG-16 network. All
metrics were calculated exclusively on the pixels defined by the damage
mask M, ensuring correct comparison of methods in restoration tasks.
LPIPS was chosen due to the high correlation of deep VGG-16 features
with human perception of roofing material textures and shapes [27].

Additionally, the Fréchet Inception Distance (FID) [28] between
distributions of restored and ground truth images on the test set was used
to evaluate texture generation quality. A low FID value indicates that the
generated fragments are not only pixel-wise similar to the originals but also
statistically indistinguishable from real roof images.

To evaluate the accuracy of restoring roof geometric contours (slopes,
ridges, valleys), the Boundary F1 metric was used [1]. Boundaries are
extracted using the Canny edge detector (thresholds 50, 150), after
which the Fl-score is computed with a tolerance of 3 pixels. The metric
is calculated only within the damage region M and characterizes the
suitability of the restored image for automatic contouring in cadastral
systems.

To assess the reliability of the quality metrics, the bootstrap method
was used (1000 resampling iterations with replacement on the test set
of 200 images). Results are presented as mean + standard deviation; for
the FID metric, 95% confidence intervals are additionally provided.

For visual validation of the results, an expert evaluation method was
also used: three specialists in the field of cadastral registration performed a
comparative analysis of restored images on a scale from 1 to 5, evaluating
geometric accuracy and texture realism. The averaged Mean Opinion Score
(MOS) confirmed the correlation of objective metrics with subjective
quality perception. All metrics were calculated both on the entire test set
(200 images) and separately for three damage groups (10-15%, 20-25%,
30-35%), allowing evaluation of model performance for various degrees
of roof occlusion.
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The experiments were conducted on a computing cluster with the
following configuration: NVIDIA Tesla A100 SXM GPU (80 GB memory),
Intel Xeon Gold 6248R CPU (24 cores), 128 GB DDR4 RAM. The software
used was Python 3.12 and PyTorch 2.5 with CUDA 12.x support. For
reproducing basic functionality and experiments with small datasets
(pretraining on Inria), a simplified version of the model is also provided as
an interactive Jupyter notebook in the Google Colab cloud environment.

4. Training Dynamics and Model Convergence

Figure 4 presents the curves of the main loss components on the
validation set during model training.

8 —— Generator loss

—— Discriminator loss (real)

7 —— Discriminator loss (generated)

@ Generator loss minimum (epoch 25)
6 @ Overfitting start (epoch 26)

- saved best weights (epoch 25)

Loss

]

—

5 10 15 20 25 30
Epoch

FIGURE 4. Dynamics of generator and discriminator loss
functions on the validation set during Roof-DeGAN training

In the first 10 epochs, a rapid decrease in generator loss is observed
(from 7.82 to 3.94), corresponding to the initial training phase when the
model learns the coarse structure of images and general roof geometric
features. The discriminator loss on real images decreases monotonically
(from 0.89 to 0.58), indicating an improved ability to distinguish ground
truth samples. Simultaneously, the discriminator loss on generated images
increases (from 1.12 to 1.45), reflecting the intensification of gradients
against the generator typical of adversarial training.

In the 10-20 epoch interval, the rate of generator loss decrease slows
down, and the model begins to refine roofing material textures and
architectural element boundaries. The discriminator loss on real images
continues to decrease smoothly (to 0.41 by epoch 20), while on generated



ENZRY Roor-DEGAN: A HYBRID GAN FOR ROOF INPAINTING 207

images it increases (to 1.62), indicating that the balance between generator
and discriminator is maintained.

In the 20-25 epoch interval, further quality improvement is observed:
generator loss decreases to a minimum value of 1.32 by epoch 25, discrimi-
nator loss on real images stabilizes at 0.37, and on generated images at
1.60. Quality metrics reach peak values: PSNR—34.5 dB, SSIM — 0.972,
LPIPS—0.052, FID—17.6.

At epoch 26, a sharp degradation occurs: generator loss increases to
2.38, and quality metrics show a decline (PSNR drops to 33.42 dB, LPIPS
increases to 0.058, FID —to 18.7). Further training up to 30 epochs does
not lead to quality recovery: generator loss fluctuates in the range of
2.35-2.41, metrics remain at worse values. This served as the basis for
applying early stopping at epoch 26, saving the best model obtained at
epoch 25. Common GAN stabilization techniques (R1 regularization and
spectral normalization) were not used in this work. Stability was achieved
primarily through architectural solutions (DSA, multi-scale discriminator)
and the composite loss function. The application of these methods is a
promising direction for future work.

Figure 6 shows the dynamics of the quality metrics PSNR, SSIM,
LPIPS, and FID on the validation set during model training. Analysis of
this figure confirms the conclusions drawn from the loss curves. The PSNR
and SSIM metrics actively increase until epoch 20, after which the growth
rate slows. Maximum values are achieved at epoch 25: PSNR = 34.5 dB,
SSIM = 0.972. The LPIPS metric decreases to 0.052, and FID to 17.6,
indicating a significant improvement in perceptual quality and naturalness
of roofing material textures. At epoch 26, a deterioration of all metrics is
recorded: PSNR drops to 33.42 dB, SSIM to 0.970, LPIPS increases to
0.058, FID to 18.7.

In the 27-30 epoch interval, a plateau at degraded values is observed,
indicating the onset of overfitting— the model begins to over-adapt to the
textures of the training set at the expense of generalization ability on new
images.

The obtained results confirm the effectiveness of the chosen stabilization
techniques (early stopping, label smoothing) and demonstrate that the
proposed hybrid Roof-DeGAN approach achieves a balance between
convergence speed, perceptual quality, and robustness to limited training
data.
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FIGURE 5. Dynamics of geometric (PSNR, SSIM) and per-
ceptual (LPIPS, FID) metrics on the validation set during
Roof-DeGAN training

5. Quantitative Comparison with State-of-the-Art Methods

To objectively evaluate the effectiveness of the proposed approach,
a comparison was conducted with a number of state-of-the-art image
restoration methods, including traditional algorithms, pure diffusion
models, and hybrid GAN architectures. Testing was performed on an
identical test set of 200 images with the same synthetic and natural damage
masks covering 15-25% of the area. All methods were investigated in their
standard configurations on the same hardware (NVIDIA A100 SXM GPU
and Intel Xeon Gold 6248R CPU). The results are presented in Table 1.
The symbol 1 in the table header indicates that higher values are better,
while | indicates that lower values are better. Inference time is reported for

images of size 256 x 256 pixels.
Analysis of this table allows the following conclusions to be drawn.

Superiority over traditional methods. Roof-DeGAN significantly
outperforms the classical Navier-Stokes and PatchMatch algorithms across
all metrics: the gain in PSNR is 8.0-9.7 dB, and FID is reduced by a factor
of 8-10. Visually, this corresponds to the transition from artifact-ridden
and blurry reconstructions to detailed images with preserved roof geometry

and textures.



TABLE 1. Comparison of Roof-DeGAN with state-of-the-art methods on the test set (N = 200)

Methods psNRT sstm T LPIPS] FID| Pt t?
Traditional

Navier—Stokes [3] 24.18 0.742 0.312 187.3 — 038

PatchMatch [4] 25.92 0.801 0.245 142.8 — 23
Diffusion-based

DDPM (8] 28.45 0.873 0.118 78.6 112 28.5

SatDiff [10] 30.45 0.941 0.065 38.2 189 41.3

KAO [11] 31.12 0.952 0.058 32.7 205 38.9
GAN-based

Pix2Pix [6] 28.92 0.885 0.142 92.5 54  0.12

ESRGAN [7] 29.34 0.902 0.098 67.3 67 0.18

DeGAN [13] 31.85 0.958 0.082 29.4 62 0.14
New method

Roof-DeGAN 33.7£1.2 0.971+0.008 0.0484+0.011 17.8+2.4 48 0.15

1 P— the number of model parameters in millions;
2 t— the inference time per image in seconds
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Comparison with diffusion models. Pure diffusion models (DDPM,
SatDiff, KAO) demonstrate high quality but require tens of seconds
for inference and significant amounts of training data. The proposed
hybrid method outperforms them in PSNR by 2.8-5.5 dB and achieves
substantially better FID (17.8 vs. 32.7-78.6) with an inference time
250-270 times smaller (0.15 s vs. 3841 s). This makes the approach
practically applicable for real-time processing of large aerial image archives.

Comparison with GAN architectures. Compared to baseline GAN
models (Pix2Pix, ESRGAN) and other hybrid approaches such as DeGAN,
the proposed method shows a PSNR gain of up to 5.0 dB and a significant
improvement in FID (by a factor of 1.7-5.2 times). The LPIPS value
of 0.048 confirms the high perceptual quality of restored textures, surpassing
those of the compared GAN architectures (in our case, Pix2Pix = 0.142,
ESRGAN = 0.098, DeGAN = 0.082) — an improvement of 41-66% relative
to the closest competitor. Moreover, the model has fewer parameters (48M
vs. 54-205M), providing computational resource savings. The superiority
of Roof-DeGAN over the closest competitors is statistically significant: the
95% confidence intervals of the metrics do not overlap. For example, the
difference in PSNR between Roof-DeGAN (33.7 £+ 1.2 dB) and KAO
(31.1 £ 1.8 dB) is 2.6 dB with non-overlapping intervals, confirming the
robustness of the proposed method’s advantage.

The obtained results demonstrate that the integration of transformer
blocks, multi-level attention, and diffusion enhancement allows the proposed
method to achieve the best balance between restoration quality and
computational efficiency among the considered approaches.

6. Impact of Loss Function Components

To quantitatively assess the contribution of each component of the
composite loss function, a comparative analysis of five model configurations
differing in the set of optimized criteria was conducted. The five model
configurations were trained with different component combinations until
the optimal epoch according to the early stopping criterion. The results are
presented in Table 2, with the best values highlighted in red.



TABLE 2. Ablation study of the main loss function components on the validation set

Configuration psNrRT  ssiMT LPIPS|  FIDJ Visual characteristics
(components from (1))
No pretraining Noticeable artifacts,
(all components from (1)) 28.34 0.912 0-112 342 smoothed textures
Blurred textures,
B (ApicLpiz) 29.84 0.931 0.098 87.4 smoothed boundaries
Sharp boundaries,
A (MpizLpic + XadvLadv) 31.12 0.952 0.082 48.2 local texture artifacts
Natural textures,
P (MpizLpiz + ApercLpere) 31.45 0.958 0.068 39.7 excessive smoothing
D (ApizLypiz + XadvLadv Good geometry and texture,
e Lpere + Aair Laiss) 32.18 0.965 0.058 28.9 minor color shifts
C ()\pizl:piz + )\advﬁadv L
S Npers Lpere + Naip Lot s 345 0.972 0.052 17.6 Most realistic textures,

+ Acolorﬁcolor)

geometry, and color consistency

IES
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Analysis of Table 2 reveals the following. The baseline pixel-wise
configuration B ensures geometric integrity (position of slopes, ridges,
valleys) but leads to characteristic blurring of roofing material textures
(PSNR = 29.84 dB, LPIPS = 0.098).

Adding the adversarial component A significantly improves boundary
sharpness and adds high-frequency details, but without perceptual and
diffusion components, local artifacts arise (LPIPS = 0.082, FID remains
high).

Including the perceptual component P without the adversarial part
achieves LPIPS = 0.068, but visually the images appear overly smoothed
due to the absence of high-frequency details that the adversarial component
provides.

The best LPIPS value (0.058) among incomplete configurations is
achieved with the combined use of adversarial, perceptual, and diffusion
components D. Adding diffusion enhancement significantly improves
structural consistency and reduces FID (to 28.9), though minor color shifts
are observed.

The full configuration C, including all five components, combines their
advantages and achieves the best geometric and perceptual metrics on the
validation set: PSNR = 34.5 dB, SSIM = 0.972, LPIPS = 0.052, FID =
17.6.

Comparison of the «No pretrainings configuration and the full
configuration C shows that the proposed two-stage approach (pretraining
on ZRG followed by fine-tuning) provides a PSNR gain of 6.16 dB, an
LPIPS reduction of 0.060, and an FID reduction of 36.6 compared to
training from scratch. This confirms the effectiveness of transfer learning
from the roof segmentation task to the image restoration task.

The ablation study (Table 2) confirmed the necessity of using all five
loss function components. To achieve the best balance between geometric
accuracy and perceptual quality, the weight coefficients A were tuned.
The optimal values obtained during hyperparameter optimization on the
validation set were:

*» A\piz = 1.0 (baseline pixel correspondence),
e Aady = 0.1 (realism),

* Apere = 0.05 (texture correction),

* Adigg = 0.01 (geometry preservation),

* Acolor = 0.05 (color balance).
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FIGURE 6. Dynamics of geometric (PSNR, SSIM) and percep-
tual (LPIPS, FID) metrics on the validation set

Figure 6 show the dynamics of metric changes on the validation set.

Pizel-wise component (Api; = 1.0). This component serves as a basic
regularizer, ensuring the preservation of unchanged image regions and
approximate brightness correspondence of restored fragments to the ground
truth. The value Ap;; = 1.0 was chosen as the reference because L,;,
(L4 loss) has a natural scale comparable to the total contribution of the
remaining components. Reducing Ap; to 0.5 leads to noticeable blurring
of architectural element boundaries (PSNR decreases by 1.2 dB), while
increasing it to 2.0 suppresses the adversarial and perceptual components,
making textures overly smoothed.

Adversarial component (Aggy = 0.1). GAN training tends to be
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unstable at high adversarial component values. Experimentally, it was
found that at Agqy > 0.2 the discriminator converges too quickly, generating
vanishing gradients for the generator and leading to mode collapse after just
10-12 epochs. At Aiq» < 0.05 the influence of the adversarial component
becomes negligible: the model generates geometrically correct but overly
smooth textures (LPIPS > 0.07). The value Ay4, = 0.1 ensures a stable
adversarial equilibrium where the discriminator remains sufficiently «strong»
to provide informative gradients but does not suppress the generator. It
should be noted that increasing Aqq, from 0.05 to 0.1 improves Boundary F1
from 0.89 to 0.93, confirming the importance of the adversarial component

for sharp geometric boundaries.

Perceptual component (Aperc = 0.05). The perceptual loss, computed
on VGG-16 features, has a substantially larger scale compared to the
L7 loss. Direct use of A\pere = 1.0 leads to dominance of this component
and the appearance of characteristic artifacts — excessive texturing and
«hallucination» of fine details absent in the ground truth. Reducing the
coefficient to 0.05 preserves the positive effect of perceptual learning
(naturalness of tile and slate textures) without biasing the overall loss
function. The ablation study (Table 2) confirms that removing Lperc
increases LPIPS by 0.030, while doubling Ape. to 0.1 does not yield

significant improvement but slows convergence.

Diffusion component (Ag;y = 0.01). Diffusion enhancement is based
on a pretrained DDPM model acting as a «realism expert». The scale
of the diffusion loss varies substantially depending on the noise level
and current state of the generator. The value Ag;z = 0.01 was chosen
so that the component exerts a stabilizing influence (suppression of
high-frequency GAN artifacts, FID reduction) without dominating the
pixel-wise and adversarial components. At Agyr > 0.05 the model begins
to copy texture features of the pretrained diffusion model, leading to
excessive smoothing of fine roof details. At Mgz < 0.005 the positive effect

of diffusion enhancement becomes statistically insignificant.

Color consistency component (Acoior = 0.05). The color loss, based on
a differentiable histogram, has a scale sensitive to image size and the
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number of histogram bins. For 256 x 256 pixel images, a coefficient of
0.05 is optimal: it effectively suppresses unnatural color shifts (e.g., the
appearance of «acidic» hues when restoring terracotta tiles) but does not
lead to averaging of color clusters. At A0 = 0.1, slight «fading» of
saturated roofing material colors is observed (reduction in color diversity
according to the Colorfulness Index metric [29] by 12%).

Resulting balance. Thus, the chosen coefficients provide a balanced
contribution of each component to the overall loss function, as confirmed
by the ablation study results: the full configuration achieves PSNR = 34.5
dB, SSIM = 0.972, LPIPS = 0.052, and FID = 17.6 on the validation
set, outperforming all incomplete configurations (Table 2) across the
combination of geometric and perceptual metrics.

7. Analysis of Restoration Quality as a Function of Damage Area

To assess the model’s robustness to varying damage scales, the test set
of 200 images was divided into three groups: small damage (10-15% of
area), medium damage (20-25%), and large damage (30-35%). Small
damage accounts for approximately 85% of all images in the test set, while
medium and large damage account for 10% and 5%, respectively.

The comparison results with state-of-the-art methods are presented in
Table 3. The best values are highlighted in red. As can be seen from the
table, Roof-DeGAN consistently outperforms all compared approaches
across all damage ranges. For small damage (10-15%), the gain in PSNR is
1.5-9.7 dB compared to traditional methods and 1.5-2.1 dB relative to
modern diffusion models (SatDiff, KAO). Meanwhile, SSIM improves to
0.986 versus 0.742-0.958 for competitors, and FID decreases to 18.2 versus
32.7-187.3.

For medium damage (20-25%), the advantage increases: PSNR
improvement reaches 2.0-8.3 dB, SSIM rises to 0.971 versus 0.718-0.952,
LPIPS decreases to 0.059 versus 0.058-0.328 for competitors, and FID
decreases to 22.5 versus 35.8-192.6.



TABLE 3. Restoration quality as a function of damage area

Methods

10-15%

20-25%

30-35%

PSNR' SSIM! LPIPS| FID/|

PSNRT SSIMT LPIPS| FID|

PSNR' SSIM! LPIPS| FID/|

Traditional methods
Navier-Stokes (3]
PatchMatch [4]

24,18 0,742 0,312 187,3
25,92 0,801 0,245 1428

23,45 0,718 0,328 192,6
25,12 0,778 0,262 1485

22,10 0,682 0,356 2054
23,85 0,741 0,289 162,1

Diffusion models
DDPM [8]
SatDiff [10]
KAO [11]

28,45 0,873 0,118 78,6
31,78 0,949 0,068 38,2
32,41 0,958 0,061 32,7

27,80 0,852 0,132 824
30,45 0,941 0,065 41,5
31,12 0,952 0,058 35,8

26,15 0,814 0,158 89,7
28,92 0,912 0,092 52,3
29,67 0,923 0,085 44,1

Hybrid and GAN-based methods

Pix2Pix [6]
ESRGAN [7]
DeGAN baseline [13]

28,92 0,885 0,142 92,5
29,34 0,902 0,098 67,3
31,85 0,958 0,082 29,4

28,15 0,865 0,156 98,2
28,65 0,882 0,112 72,1
31,02 0,948 0,088 33,7

26,78 0,828 0,182 110,6
27,40 0,845 0,138 84,9
20,78 0,922 0,102 41,2

New method
Roof-DeGAN

33,87 0,986 0,045 182

3342 0,971 0,059 225

31,25 0,948 0,074 29,8
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Ficure 7. Comparison of geometric (PSNR, SSIM) and
perceptual (LPIPS, FID) metrics of Roof-DeGAN with the
best competitors

KAO DcGAN Roof-DeGAN

Particularly revealing is the behavior under large damage (30-35%):
the proposed method maintains high quality (PSNR = 31.25 dB, SSIM =
0.948, LPIPS = 0.074, FID = 29.8), whereas traditional methods drop to
22.10-23.85 dB (FID up to 205.4), and pure diffusion models drop to
28.92-29.67 dB (FID up to 44.1-89.7). The PSNR gain over the best
competitors (KAO, DeGAN) is 1.6-2.3 dB, SSIM improves by 0.025-0.026,
LPIPS is comparable (0.074 vs. 0.058-0.085 for competitors), and FID
decreases by 11.3-14.4 units. The comparison results of geometric and
perceptual metrics of the Roof-DeGAN model with the best competitors
are shown in Figure 7.

Table 4 presents a comparison of methods using the Boundary F1
metric. The best result is highlighted in red.
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TABLE 4. Comparison of methods using the Boundary F1
metric (averaged over all damage types)

Methods Boundary F1 1

" Navier-Stokes (3] 0.38
Tradit I method

adutionat methoas PatchMatch [4] 0.46

DDPM (8] 0.62

Diffusion models SatDiff [10] 0.79

KAO [11] 0.82

Pix2Pix [6] 0.54

Hybrid and GAN-based methods ESRGAN |[7] 0.58

DeGAN baseline [13] 0.81

New method Roof-DeGAN 0.91

(b) Successful restoration results

FiGUuRrE 8. Garden house roofs before and after successful
restoration using the proposed method

Examples of successful roof restoration on the PLC «Roscadastr» test
dataset are shown in Figure 8.
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(a) Original image (b) Unsuccessful restoration results

Ficure 9. Example of unsuccessful roof image restoration
using the proposed method

For each of the three examples, the original image (partially occluded
by tree canopies) and the result produced by the proposed model are
shown. The degree of restoration complexity increases from left to right:
10% occlusion (multi-slope roof) — minimal restoration; 20% occlusion
(gable roof ) — texture and slope geometry restoration; 35% occlusion
(multi-slope roof) — significant reconstruction of corners and texture.

For small and medium damage (10-20%), the restoration quality is
more than acceptable: slope geometry is preserved, and roofing material
texture is reproduced faithfully. For large damage (35% and above),
significant distortions of roofing texture and roof shape may be observed in
the restored image. The proportion of completely unsuccessful results does
not exceed 3-5% of the total number of processed images; in these cases,
the quality remains unacceptable for subsequent automated cadastral
processing (Figure 9).

8. Limitations and future work

Despite the high quantitative and qualitative results, the Roof-DeGAN
model has a number of limitations that open up directions for further
development.

Dependence on mask quality. The model requires a binary mask M of
the damaged region. In real-world conditions, automatic segmentation
of occlusions (tree canopies, shadows, equipment) rarely achieves ideal



220 Icor V. VinokURrRov, GEORGY M. Larankov, GEOrRGY D. UmarovV ENZRY

quality. Qualitative analysis shows that with minor segmentation errors
(IoU € [0.85;0.95]), the model maintains high robustness— artifacts are
primarily localized at mask boundaries and do not affect the internal
geometry of slopes due to skip connections and the multi-level discriminator.
With substantial mask distortions (IoU < 0.8), degradation of restoration
quality is observed: «double contour» effects appear, along with local
texture distortions and disruption of ridge geometry, as the generator either
attempts to restore already visible areas or leaves part of the occlusion
untouched.

Image resolution. For processing high-resolution aerial photographs
significantly exceeding 256 x 256 pixels, a promising direction is the
integration of the proposed Roof-DeGAN architecture with patched
inference frameworks such as SAHI (Slicing Aided Hyper Inference).
This approach involves splitting the original image and corresponding
damage mask M into overlapping patches of fixed resolution, independently
processing each patch with the trained model, and then aggregating the
results using weighted averaging in overlap regions to minimize boundary
artifacts. This strategy preserves inference computational efficiency when
working with images of size 1024 x 1024 and larger, ensuring continuity of
roofing material textures and geometric consistency of roof architectural
elements. As an alternative scaling path, transitioning to more efficient
transformer blocks with linear attention complexity (Swin Transformer v2
[30], EfficientViT [31], etc.) may be considered.

Representation of rare classes and scenarios. The dataset covers
the main types of roofing materials (tiles, metal tiles, slate, bituminous
shingles), but inadequately represents rare materials (thatch, copper,
slate, green roofs, membrane coverings) and complex weather conditions
(snow, rain, shadows from neighboring buildings). Expanding the dataset
with synthetic images and applying domain adaptation methods will
significantly improve the model’s generalization capability.

Training computational complexity. At the inference stage, the model
demonstrates high efficiency (0.15 s per 256 x 256 image on an NVIDIA
Tesla A100 SXM GPU). However, training requires approximately 6 hours
of compute time on the same hardware. The significant resource intensity
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of training limits scaling to larger datasets and high-resolution images.
Promising optimization directions include knowledge distillation, weight
quantization, and replacing the base architecture with lighter convolutional
networks [28|.

Limitations of diffusion enhancement. The diffusion component
increases generation stability and texture realism, but also increases
computational load and in some cases leads to slight smoothing of fine
details with very dense masks. Further optimization (working in latent space

or reducing the number of diffusion steps) will eliminate this drawback.

Sensitivity to damage localization. Although the model demonstrates
high average boundary restoration accuracy according to the Boundary
F1 metric (Table 4), this result is achieved under conditions where
damage masks are predominantly located in central areas of slopes (which
corresponds to 85% of the test set). With large damage (30-35%) affecting
roof boundaries, accuracy drops to 0.68-0.74 (Figure 9). This limitation is
related to the fact that skip connections and cross-scale attention cannot
convey geometry if the entire boundary is damaged. A promising solution
is the integration of 3D roof wireframes from the ZRG dataset into the

training process.

Limited applicability. Experimental validation of the model was
conducted exclusively on PLC «Roscadastr» data. The obtained results
may not generalize to aerial photographs taken under different conditions.
To expand the model’s applicability domain, additional validation on other

datasets is required, along with model fine-tuning if necessary.

In the current version of the study, the target dataset is limited to
2000 images. To further improve the model’s generalization capability,
expansion of the sample to 5000+ images is planned, including rare types
of roofing materials and natural occlusions (cloudiness, seasonal vegetation
changes). Future development directions also include the use of aerial
photograph time series (restoration across multiple dates) and the transition

to three-dimensional roof geometry restoration.
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9. Conclusion

In the course of this work, a hybrid generative model Roof-DeGAN
was developed for restoring occluded areas of building roofs in aerial
photographs. The proposed architecture combines transformer blocks for
capturing global context, dense convolutional connections for improved
feature propagation, and a cross-scale attention mechanism in a multi-level
discriminator to enhance training stability.

The main results of the work are as follows:

« An encoder-decoder generator architecture was developed with
transformer blocks featuring dynamic sparse attention, which reduces
complexity from O(n?) to O(n-k) by adaptively skipping homogeneous
image regions.

A multi-level discriminator was created that evaluates the plausibility
of restored fragments at different scales, improving training stability
and texture quality.

A two-stage training method was proposed and experimentally
validated: pretraining on the ZRG dataset in roof segmentation mode
followed by weight transfer to the restoration task. It was shown that
this approach provides a PSNR gain of 6.16 dB compared to training
from scratch (Table 2).

The high effectiveness of the proposed approach was experimentally
confirmed: on the test set, PSNR = 33.7 dB, SSIM = 0.971, LPIPS
= 0.048, and FID = 17.8 were achieved, surpassing state-of-the-art
methods on the PLC «Roscadastr» dataset (Table 1). On the test set,
the average Boundary F1 metric was 0.91. For damage areas of
10-15%, the value reaches 0.96; for 20-25%, it reaches 0.88; and for
30-35%, it decreases to 0.74 (Table 4). This confirms that the model
reliably restores roof geometry under moderate damage, although
boundary accuracy predictably decreases with extensive occlusions.

The obtained results can be used in automated Earth remote sensing
data processing systems, in updating cartographic materials, in urban
development monitoring and building roof condition assessment tasks,
as well as in related fields requiring the restoration of occluded image

fragments.
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Future research will focus on adapting the developed model to account
for temporal vegetation dynamics, integrating data from other spectral
ranges, and applying the proposed approach to related tasks: shadow
removal, restoration of damaged archival images, and improving the quality

of images captured under adverse weather conditions.
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Boccranosiienne n3obpakeHuilt 1 KOHTYPOB 37aHUI HA a3POPOTOCHUMKAX
JIUTsl CO3JIAHUS AKTYAJbHBIX KAPT MECTHOCTH U KAJ[AaCTPOBOI OIEHKH O0HEKTOB
KAIIMTAJIBHOIO CTPOUTEIHCTBA, ABJISIETCS OIHOW M3 OCHOBHBIX 38,144, PEIIaeMbIX
B IITIK «Pockagactps. DddekTuBHOE pemreHne 3Toi 3aa91 TPEJICTABIIET
3HAYUTE/IbHBII WHTEPEC I KapTorpaduu, MOHUTOPUHTA TOPOJICKON nHbPa-
CTPYKTYDBI U TPAJ0CTPOUTENILHOrO IIaHupoBanus [1,2]. OjHako Ha HpakTUKe
a’pOMOTOCHUMKH 9aCTO COJEPKAT JTeEKThI, BhI3BAHHBIE ATMOChEPHBIMA
dakropamu (0671a9HOCTD, TYMAaH ), BPEMEHHBIMEI OOBEKTAMHU (CTPOUTEIbHAS
TEXHUKA, TPAHCIOPT, KPOHBI JE€PEBbEB) UM TEXHUIECKUME OrPAHUYCHUAMA
CbhEMKH (IIyMbI CEHCOPOB, HU3Koe paspernenue). Kauecrso BoccraHOBIIEHUS
HAIPSIMYIO BJIMSET Ha TOYHOCTD IIOC/IEIYIOINEro aBTOMATH3NPOBAHHOIO AHAJII3A,
BKJIOYAs CEMaHTUYIECKYIO U MHCTAHC-CEIMEHTAIUIO, TOCTPOEHNE TPEXMEPHBIX
MOJIeJIell U OIEHKY COCTOSIHUSI OObEKTOB KAIMTAJIbHOI'O CTPOUTEIHLCTBA.

TpaaunuonHble METOIBI BOCCTAHOBJIEHNST M300paKEHM, TaKne KakK Jiud-
dysus no Habbe—Crokcy [3] 1 maTd-MaTIiHr HA OCHOBE HOUCKA [O00MSs
[4] memoHCTPHDYIOT OrpaHrUYeHHYIO 3(DdOEKTUBHOCTD IIpU paboTe €O CIIOK-
HBIMU CTPYKTYPAMU KPbIII. JTU ITOIXOAbI OIMMPAIOTCS TPEUMYIIIECTBEHHO
HA HU3KOYPOBHEBbIE IPU3HAKU (MHTEHCUBHOCTD IIMKCEJIEl, [PaJINeHTHI [IBe-
TOB M CTPYKTYP) U HE YUUTHIBAIOT CEMAHTUKY OOBEKTOB, UTO IIPUBOJUT
K Pa3MBbIBAHUIO IPAHMUI], HCKA’KEHUIO TeOMeTPHIecKuX (hopM (CKATHI, KOHBKH,
€HJIOBBI) ¥ TIOSIBJIEHUIO HEECTECTBEHHBIX TEKCTYDPHBIX apTedarTos. [Ipn
PEKOHCTPYKIIUH ITPOTSI?KEHHBIX TTOBPEXKJAEHHBIX 00/1acTel TaKMe METOIbI He
CHOCOOHBI TeHEPUPOBATH IPUHIUIINAIBLHO HOBOE COJIEPKAHIE, IYTO KPUTUIHO
JI7ISI a9POMPOTOCHUMKOB ¢ KPYIHBIME JTIe(DEeKTAMU.

CoBpeMeHHbIE METOIbI IJIyDOKOr0 00YYeHHUsl IPeJIaratoT TPU OCHOBHBIX
HAIIPABJIEHUsI PEIIeHNs] 3a/Ia91: [eHepaTHBHO-cocTsa3aTenbble cetn (GAN),
TudOy3nOHHBIE BEPOSITHOCTHBIE MOJIEJIM U UX TUOPHUIHbIE KOMOUHAIINN.

lenepaTuBHO-COCTSI3aTEILHBIE CETH OCTAIOTCSI BOCTPEOOBAHHBIMU OJ1a-
roJiapsi BLICOKON CKOPOCTH MH(EPEHCA U YCTOMUIMBOCTH K OIPAHUIEHHBIM
ob0bEMaM 00yJaroNX JaHHbIX. B pabore [5] 6blIn npecTaBIeHbl OCHOBBI
coctsizaresibHOro 00yvenust, a yciaosuble GAN (conditional GAN, cGAN) st
TPAHCJISINN «U300pakeHne-B-n300parKeHne» CTajm 6a30BbIM ITOIXOIOM K
BoccraHopeHno. OJIHAKO KIIACCHYecKHe apxXUTeKTyphI, Takue Kak Pix2Pix [6],
ESRGAN [7], reMoHCTPUDYIOT TIa/IeHre KauecTBa pu 06paboTKe KPyIHBIX
MaCOK HU3-3a OFpaHI/I‘{eHHOﬁ él\lKOCTI/I JUCKPpUMHWHATOPa U HEJOCTATOYHOT'O
mrpada 3a BEICOKOYACTOTHBIE HCKAYKEHHUsI, ITO OCODEHHO 3aMETHO Ha TEKCTypax
KPOBEJIBHBIX MaTepUaJIOB.
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Huddysnonnble BEpOATHOCTHBIE MOJIEJIHN JIEMOHCTPUPYIOT BBICOKOE
KadecTBO reHeparyu. Basosas apxurektypa DDPM [8] u eé passurue
JUIST 337129 BOCCTAHOBJIEHUs! [9] TIO3BOJISIIOT JIOCTUIATh BBICOKOI'O Pean3Ma,
OIHAKO TPeOYIOT ThICAY UTeparuii Ha uHpepeHce u OOJBIINX 0OBEMOB
naHHbIX. B 2025 rogay MOSBUIINCH CIIENAaIM3UPOBAHHBIE aIAlITAITUN JIJIsT
JucraHoHHoro 3ouaupoanus: SatDiff [10] na 6ase Stable Diffusion
obecredanBaeT BHICOKOKAIECTBEHHOE BOCCTAHOBJIEHUE CITYTHUKOBBIX CHUMEKOB,
meron KAO [11] BBoauT ajanTuBHyIO K APy ONTUMU3BALUIO, IIPEBOCXOASIILY IO
MIPEeIBIIYINNE MOIX0AbI B CTPYKTYPHBIX 3a1adax, meron Image Characteristic-
Guided [12] yuuTbiBaeT HU3KOPAHIOBBIE CBOMCTBA M300paxkenuii. Hecmorpst Ha
[IPEBOCXO/IHbIE METPUKY, STU MOIEJIN COXPAHSIOT BBICOKYIO BBIYUCIUTEIbHYIO
CJIOZKHOCTD U HU3KYIO CKOPOCTH nH(EpPEHca.

T'ubpuaabie MmeTonl 00beauusor npenmyinecrsa GAN u quddysun.
Cospemennbie rubpuuabie peanusanuun GAN, rakue kak DeGAN [13], BD-
VITGAN [14] u TAMGAN [15], unrerpupyior TpancdhopMepbl, ILIOTHbIE CBSI3H
U MHOTOYPOBHEBOE BHUMAaHWE, 3HAYUTEIHHO MOBBIIIAS CTPYKTYPHYIO COTJIACO-
BAHHOCTH W TEPIENTHBHOE KAYeCTBO B 33/a9aX yIAJEHHOTO 30HIMPOBAHMSI.
Hpyrue moxxonpt, Takue kak DSEPGAN [16], mossoasitor goctuas Gastanca
MEKJIy CKOPOCTBIO, JeTePMIUHUPOBAHHOCTHIO M KAYECTBOM BOCCTAHOBJICHMUSI,
4YTO OCOBEHHO BaXKHO JIJIsl Y3KOCHEIMAIN3UPOBAHHBIX 38,184 a9PO(dOTOCHEMKI
KPBIIIL.

CoBpeMenHOe cocTosinre 00JIaCTH XapaKTepusyercs pparMeHTapHO-
CTBIO: OOJIBIITMHCTBO METOJIOB Pa3pabaThIBAIOTC I OOIUX JaTaCETOB,
anddy3nonubie MOIen TPEOYIOT U3OBITOYHBIX PECYPCOB, 8 THOPUIHBIE
IIOJIXO/IbI HEJIOCTATOYHO aJAalTHPOBAHBI K ClienuduKe a3poOTOCHUMKOB KPBIIII.
OrcyTeTByeT crenuan3upOBaHHbIi METO], COUYETAOIII YCTONIMBOCTD K Ma~
JIBIM BBIOOPKAaM, JIETEpPMUHUPOBAHHOCTD NH(EPEHCA, BHICOKOE IEPIENTUBHOE
Ka4eCTBO M YMEPEHHYIO BBIYUC/IUTEIbHYIO CJIOXKHOCTh. Hacrosimas padbora
HaIlpaBJIEHa, HA YCTPAHEHHE STUX HEIOCTATKOB U SIBJISIETCS ITPOIOJIZKEHIEM
HCCJIeIOBAHUI, ONMUCAHHBIX aBTOPOM B paborax [17,18]. IIpemioxeH ru-
OpUHBIN TOIX0/T K BOCCTAHOBJIEHUIO TTOBPEXKIEHHBIX 00JIacTeil KPBITT Ha
a3podOTOCHUMKAX, OCHOBAHHBIN HA YCJIOBHON I'€HEPATUBHO-COCTA3ATETHLHOM
ceru DeGAN c¢ tpancdopmepHbiME BJI0KAME B TeHEPATOPE W MHOI'OYPOBHEBBIM
JIMCKPUMHUHATOPOM C BHUMAHMEM MKy ypoBHsAME jerajusarmu. CocraBHas
byHKIUS 10TEPh 00bEINHSIET COCTA3ATENbHYI0 KOMIIOHEHTY, IIOMUKCEIbHOE
CpaBHeHHe, NepIENTUBHbIE IPMUA3HAKY U TUMDDY3NOHHOE YCHIIEHNE, YTO [I03BO-
JIIeT IOCTUYb DaslaHca MEeXK/1y TOYHOCTHIO T€OMETPUYIECKON PEKOHCTPYKINKA U
€CTECTBEHHOCTHIO TEKCTYDP KPOBEJIBHBIX MATEPUAJIOB.
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B pazzese 1 npusogurcs dhopMasibHast ITIOCTAHOBKA 331241 BOCCTAHOBJIEHIA
CKPBITBIX obJstacteil Kpbirr. Pazmen 2 omuceiBaer apxurektypy Roof-DeGAN,
BKJIFOUasi CTPOEHME TeHepaTopa ¢ TPAHCPOPMEPHBIMHA OJI0KaMK (OCHAIEHHBIMY
MEXaHU3MOM JIMHAMUYECKOIO PA3PE’KEHUs BHUMAHUSI) U MHOI'OYPOBHEBOI'O
JUCKPUMHUHATOPA, a TaK»Ke COCTaBHYIO YHKIMIO 1oTepb. B pasjese 3
LpeJICTaBJIeHbl ucojb3yeMble garacersbl (ZRG mig npegobyuenus u 1eieBoi
JIATACET ¢ CUHTETUYECKUMU IIOBPEXKICHUSIMHE ), METOIbI IPEe0OPabOTKU JIAHHBIX,
a TaKKe JIETAJIU JBYXITAMHOro obydenus Mojesu (1pegobydeHne Ha CerMeHTa-
MIO U JI000yUeHre HA BOCCTAHOBJIEHNE) M II€PEYEHb METPUK KOJIUYECTBEHHOMN
ouenku (PSNR, SSIM, LPIPS, FID). B pasuese 4 anajusupyercs JuHaAMUKa,
00yUeHns U CXOIUMOCTh Mojiesin. Pasen 5 npencraBiseT KOJUIeCTBEHHOE
CpaBHEHHE IIPEJJIO?KEHHOI0 I0/IX0/1a C COBPEMEHHBIME MeTonaMu. B pase-
Jte 6 IpoBOIUTCS aOJIAIIMOHHOE MUCCIIEOBAHNE ISl OIIEHKY BKJIa1a KaXKI0i
KOMIIOHEHTBI (DYHKIINU TOTEPh, & TaKyKe BIUSHUs 1penodydenust na ZRG.
Paznen 7 anasmsmpyer Ka4ecTBO BOCCTAHOBJIEHUS B 3aBUCHMOCTHU OT ILIOIIA/TI
oBpeXKAeHus. B pazjese 8 00CyKIAI0TCS OrPAHNYEHUSI U IIEPCIIEKTUBHBIE
HaIPaBJIEHUs JTAJIbHEHINX UCCAeJ0BaHUIl. 3aBepIIaioT CTaTho pa3en 9 u
CIHCOK JINTE€PATYPHL.

1. MocraHoBka 3agaun

3ajada BOCCTAHOBJIEHUSI TOBPEXKIEHHBIX UJIH CKPBITHIX 00JIaCcTel KPBIII
3/1aHnil Ha a9pOodOTOCHUMKAX MOXKET ObITh CHOPMYINPOBAHA KAaK 3a/a4a
yesoBHol reneparuy nsobpaxenus. Ilyers I, € RTXWX3 — yexommoe nenospe-
xéunoe RGB-u306parkenne Kpoiinu 31a0ust pazmepom H X W nukcediei.
Bunapnas Macka nospexkaenmnoit obnactn M € {0, 1}*W onpenenser nukce-
JIM, HOJJIeXKallle BOCCTAHOBJICHIIO: M;; = 1 COOTBETCTBYET HOBPEXKIEHHOMY
nukceno, M;; = 0— coxpannbiM ob1acTsM. Ilospexkaénnoe n3obpazkenue
dbopmupyercs kak I, = Ig; © (1 — M), rie © — 109/I€MEHTHOE yMHOKEHHE.

[esibto siBJisleTcst HACTPOHKa TTapaMeTpoB § mapaMeTpuvecKoil byHKIUN
Gy () rakoii, uro mys napsl (I, M) oHA BOCCTAHABIMBAET MOJHOE U300pasKEHHE
Liee = Go(Iin, M), Munumusupys HyHKIMIO 10Teph rereparopa Lg. Kirogesoit
0CODEHHOCTHIO 33/[a49H SABJIAETCST HeOOXOIMMOCTD MeHepaIii HOBOI'O COEPIKAHMUA
[IPU CTPOIOM COXPAHEHUN M€OMETPUUECKON IEJIOCTHOCTH APXUTEKTYPHBIX
9JIEMEHTOB KPBIIIH (CKATBI, KOHbKH, EHJIOBBI) I CEMAHTHIECKOI COrIACOBAHHOCTU
TEKCTYDP KPOBEJIbHBIX MaTepHaJioB (depemnuiia, Merajuiodepenuia, mmudep)
€ OKPY?KAIOIIIM KOHTEKCTOM, UTO OTJIMYAeT €€ OT OONIHUX 33189 BOCCTAHOBJICHUS
nzobpaxkenuit (inpainting) n Tpebyer cuenMaIM3UPOBAHHBIX THOPUIHBIX
noxxonos (Hanpumep, GAN ¢ nuddyaueil, yaurbBaomeil reoMeTpuyecKie u
CeMaHTHYeCKIe IPU3HAKN).
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Ha pucynke 1 npejicraiieHa 110CJI€0BATENIBHOCTD U3 TPEX M300ParKEHUIT,
UJIJTIOCTPUPYIOIIAs IIPOIECC BOCCTAHOBJIEHUS CKPBITON 00JIACTU KPBIIIIH —
HCXOIHOE MOBPEXKISHHOE M300parkeHne, Macka MOBPeXKIeHns (KpOHa JepeBa)
pe3yIbTaT BOCCTAHOBJIEHUS.

HeobxoauMocTs perrernst TaHHOM 38491 MPOAUKTOBAHA TPAKTUIECKIMA
norpedrocTamu IIITK «Pockamactps. Ilpu maccoBoit 06paboTke aspodoTo-
CHUMKOB [IJIs1 BEJICHUST KQJIACTPOBOIO y4uéTa U OOHOBJIEHHsI KapTOrpadhuiIecKux
MaTepUasoB KJIFOUEBBIM 3TAIOM sIBJISIETCs BBIJEJICHUE KOHTYPOB 3aHUM 1
dopmupoBanne nudposbix Kapt. OIHAKO HAJUYIHE HA CHUMKAX [MOBPEXKIEH-
HBIX WJIM CKPBITBIX objiacreil (Hanpumep, 3aKPbITHIX KDOHAME J[€PEBLEB,
TEHSIMH OT OBJIAKOB MJIM BPEMEHHBIMU O0'bEKTaME) IPUBOJUT K TOMY, 4TO
CTAHAPTHBIE AJITOPUTMbBI CEIMEHTAIMH U TTOCTPOEHUSI KOHTYPOB HE MOTYT
KOPPEKTHO OIPEJIeINTh IPAHUIBI KpbIiii. HeBoccTaHOBIIEHHOE, 3aITy MIIEHHOE
n300pakeHne He MO3BOJIAET TOJIYINTh JOCTOBEPHYIO OMHAPHYIO MACKY OODbEKTA,
YTO HEIOCPEICTBEHHO CKA3bIBAETCS HA:

¢ TOYHOCTU KOHTYPHBIX KaPT — HA MECTE 3aKPBITOr0 (hparMeHTa KPHIITN
KOHTYP JIn0OO paspbIBAETCs, JTUOO OMIUOOYHO IPOBOIMTCS 110 T'PAHUIIE
[EePEKPBIBAIOINEr0 00beKTa (HApUMep, KPOHbI JepeBa.);

 (hopmMupoBaHUM TMIUMPOBLIX MOeeH penbeda U MECTHOCTU — HCKAXKAETCS
BBICOTHAs IIPUBS3KA YIJIOB 3IaHUSI;

* KaJIACTPOBOM YyUETE — HEIIPABUIHLHO BBIUUCIISIETCS IIOMAIb 00bEKTa, ITO
BEJIET K IOPUMIECKIM U SKOHOMUYECKHUM OCTIEICTBHISIM.

Pyumnas o6paboTKa ThICIY CHUMKOB C TAKUMHU JiepeKTaMu Kpaite TpyIoéM-
Ka U 3aHUMaeT 3HadnTe IbHOoe BpeMs. Paszpaborka addexkTuBHol Momge

(a) TIOBpEXIEHHOE (6) MacKa IOBPEXKJICHUSA (8) BOCCTAHOBJIEHHOE
nzobpazkenne [in (fin, M) nzobpazkenue Irec

Pucynok 1. Ilpumep BoCCTaHOBIIEHHUST TIOBPEXKIEHHON 001aCTH
KPBIIIN
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BOCCTaHOBJIEHNsI M300PaKEHUIl TI03BOJISIET ABTOMATHIECKU 3aII0JHATD CKPBITHIE
00JIACTH CEMAHTUYIECKH COTJIACOBAHHBIM COJIEP’KAHUEM C COXPAHEHHEM TeOMeT-
pun Kpeimm. B pesysbrare aaropuTMbl KapTOrpahupOBaHUs MOy IA0T Ha BXO
IIEJIOCTHOE M300pazKeHne, 4TO0 00ECIeINBACT KOPPEKTHOE BhIJIEICHIE KOHTYPOB,
BBIYUCJIEHUE TLJIOMA U U (POPMUPOBAHNE JIOCTOBEPHBIX KapTOrPAPUIECKUX
npoayKToB. IIpw 3TOM Bpemst 06pabOTKM COKPAIAETCS ¢ HECKOJILKUX MUHYT Ha,
O/THO M300pazKeHue 110 J0JIeil CeKYH/IbI, YTO KPUTHIECKNA BaXKHO IpHU padoTe
C PErnOHAJIBHBIMU U (DeIePATHHBIMU aPXUBAMU a3PO(POTOCHEMKI.

2. ApxutekTtypa Roof-DeGAN

IIpennaraemast MojIe/Tb TIPEICTABIIACT COOOit THOPUTHYIO T€HEPATUBHO-
COCTSI3aTENIbHYIO CETh, B KOTOPOIl T€eHEPATOP BOCCTAHABIMBAET CKPBITHIE 00JIACTH
n300paXKeHus, a JUCKPUMUHATOD OIEHUBAET IIPAB/IOIOI00HOCTD TIOJIY 9€HHBIX
dparmenToB. [ljist TTOBBIIIEHNST KAUeCTBa BOCCTAHOBJIEHUS ITPUMEHSTIOTCS
COBPEMEHHbBIE 3JIeMEHTDI: TpaHc(hOpMepHbIe OJOKHU I yIéTa TJI00ATEHOTO
KOHTEKCTA, IIJIOTHBIE CBI3U JJIsl JIydIero PaCIPOCTPAHEHNS IPU3HAKOB 1
KOMIIOHEHT 1 Dy3MOHHOTO YCUJIEHUS JJIsi TIOBBIIIEHNS CTAOMIBHOCTH U
€CTEeCTBEHHOCTU TEKCTYP.

lenepaTop mocTpoen Ha OCHOBE apXUTEKTYDBI, COUETAIONIEN TpaHchopMep-
Hble OJIOKY U IUIOTHBIE CBEPTOYHBIE COEIMHEHNS, CIIEIUAIBHO a[AlITHPOBAHHON
JIJIsT 3aJ1a9 BOCCTAHOBJIEHUSI CIIyTHUKOBBIX U a3podorocHuMKoB. OH cocTouT U3
TPEX OCHOBHBIX 9acCTeil: CKUMAroIIeil BeTBI (SHKOJED), NPOMEKYTOTHOTO CII0ST
(6yTpLI09HOE rOpJIBIIIKO, bottleneck) u pacmmpsiiomeit BerBu (JeKomep).
Mex /1y COOTBETCTBYIOIIAMI YPOBHAMHI CXKUMAIOIIEH U PACIIUPSAIONIE BeTBeil
yCTaHOBJIEHBI SKip-KOHHEKTOPBI, IIepeIalne HI3KOYPOBHEBbIE TPU3HAKM.

CrKkuMaoIasi BeTBb COCTOUT U3 TOCTIEI0BATEIHHOCTH OJIOKOB, KaXK b 13
KOTOPBIX BKJIIOUAET MEXAHU3M CAMOCOIJIACOBAHHOIO BHUMAHUS, TIOJTHOCBA3HBII
CJI0# Jj1st yuéTa JAJbHUX 3aBUCHMOCTEH B M300pakKeHUN U ILJIOTHBINA CBEPTOYHBII
6JI0K, BBIIIOJIHAONIUI IIpeobpa3oBaHue:

y = LeakyReLU (BN (Convsxs(x))) + z,
e
Convsy3() — AByMepHas CBEpTKa C sIIPOM Pa3MepoM 3 X 3,
BN — mnakernast HopMasnzanusi,
LeakyReLU(:) — dbyHKIust aKTHBAIMN ¢ OTPUIIATEIHHBIM HAKIOHOM.
KosmmaecTBo KaHAJIOB IPU3HAKOB yBenuuBaercs: ot 64 10 1024 (8 bottleneck),

a IIPOCTPAHCTBEHHOE Pa3pelleHne YMEHbBIIAETCsI B JBa pa3a Ha KaXKJIOM YPOBHE
3a CYET IIara CBEPTKH PABHOIO 2.
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Pacmupsionasa BeTBb CHMMETPUYIHA C2KIMAIONIEN W UCIOIB3YeT TPAHCIIO-
HUPOBAHHbBIE CBEPTKU JIJIsl yBeJndeHus: pa3perienns. Ha KaxkioM ypoBHE
BBIIIOJIHAETCS CJeyIolee Npeodpa3oBaHue:

y = TransposeConv,, 4 ;_o (Concat (Zgec, Tene)) + ResidualBlock(x),
e

TransposeConv,,, ¢_»(-) — Tpamcnonupopannas cBEPTKa ¢ A1poM 4 X 4
u maroM (stride) 2,

Concat (2 gec, Tenc) — KOHKaTeHaus (0ObEJIMHEHNE MO KaHAJIAM) IPU3HA-
KOB TEKYIIEr0 YPOBHS PACIINPAIONIEH BETBH M COOTBETCTBYIOIIETO YPOBHS
CXKMMAIOIIEH BeTBHU depe3 skip-KOHHEKTOD,

ResidualBlock(x) — monomuurensHbrii 610K ¢ OCTATOYHBIM COCANHEHHEM
JJIsE CTADUITN3AaIUN 00y Ie€HUs.

Skip-KOHHEKTOPBI IIEPEIAl0T JIeTaIN3NPOBAHHBIE HU3KOYPOBHEBBIE IPU3HAKN
(rpaHuIpl, JIOKAJIbHBIE TEKCTYPBI), YTO IPEJOTBPANIAeT PA3MbITUE BOCCTAHOB-
JICHHBIX 00J1acTer.

Borxonmoit coit rerepaTopa COCTOUT U3 CBEPTKHU pasMepoM 1x 1 ¢ dpyHKmeit
akTuBanuu tanh(-), KOTopas NPUBOAUT 3HAYEHUS IUKCEJIEH K IUAIIA30HY OT
—1 o 1:

~

I = tanh (Convi«1(2)),

rae I — BoccTaHOBIEHHOE W300paKeHne, 2 — BBIXOJ, MOCIEeIHero 0I0Ka paciInpsi-
IOIEl BETBU.

JIMCKpUMUHATOP BBIIIOJIHEH B BUJE MHOIOYPOBHEBOI CETU C MEXAHU3MOM
MesRkMacITTabnoro BHuManust. OH OIEHUBAET MPABIOIIOI0OHOCTE HE BCETO
n300paXKeHusl IeJIMKOM, & OJIHOBPEMEHHO Ha, HECKOJIbKUX YPOBHSIX JETaJIN3aIun
(oT MeskuxX PpPArMEHTOB JI0 KPYIHBIX 00JIAaCTel ), CBA3bIBas NH(OOPMAIIUIO
MEXKIy Pa3sHbIMU MacCIITabaMy TPU3HAKOB I O0Jiee TOIHOM OIEHKH CO-
[JIACOBAHHOCTHU BOCCTAHOBJIEHHBIX (pparmenToB. Ha BX0OJl quCKpUMUHATODA
MOIA6TCsT KOHKATEHAIUsI TOBPEXKIEHHOIO M300PaYKEeHMsT ¥ MACKU TIOBPEK JICHMUS.
Ha Bpixome dpopmupyercss HabOP KapT BEPOSTHOCTH PA3HOTO Pa3pEIIeHUs.
Kaxkaprit ypoBeHb BKIIIOUAET CBEPTOUYHYIO OCHOBY ¢ (DYHKITHEH aKTHUBAIN
LeakyReLU(+) n HOpManu3anuei CreKTpa, a Tak:Ke MOLYJIb MEKMACIITabHOro
BHUMAHUS, KOTOPBIA CBsA3bIBAET WH(MOPMAIIUIO MEXKJIY YPOBHSIMU JEeTAJIN3aAIMN.
Takoit moaxom 0becmeInBaeT TOYHYIO OIEHKY BBICOKOYACTOTHBIX JeTaseit
(TeKCTYDP KPOBEJIBHBIX MOKPBITUI) M T€OMETPUIECKUX HJIEMEHTOB KPBIII, a
TaK>Ke IOBBIIIAET YCTONIMBOCTE OOyYeHusl 3a CUET pa3sHOOOpa3Us IPaIUEHTOB.
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Crangaprabie TpanchOpMepHbIe 6JI0KH B TEHEPATOPE UMEIOT KBapa-
THYHYIO BBIYUCIUTEbHYIO c/I0KHOCT O(n?) 1 He yuuTbiBator crienuduky
a3poOTOCHUMKOB KPBIIII, KOTOPbIE COJEePKAT OOJIbIINE OHOPOIHBIE 00JIACTH
(m10CcKme cKaTbl) HAPsAY ¢ MEJKUMHU JerajigaMu (depenuria, croiku). s
perternst 31oit mpobiiemsr B Roof-DeGAN npenjiozkeH MeXaHU3M JIMHAMIIECKOTO
paspexkenus Buumanust (Dynamic Sparse Attention, DSA). Ha kaxom ypoBHe
9HKOJIEPA JIJIS KAXKO0T0 TaT9a BHIYUC/SIETCS JIOKAIbHAS Mepa BAPUATUBHOCTH:

v; = Var(p;) + Var(Vp;),

rjie p; — 3HaUYeHUusl MHUKCceJell B ¢-M TmaTde, Vp; —rpajauent. s nardeit ¢
HU3KOU BapUATHBHOCTHIO attention Beramcisiercs Ha OObEIUHEHNIN:

* IPEJICKA3yeMbIX COCEJHUX mardeli (Hampumep, B oKHE 3 X 3);

« 30% cirydaiino BLIOpAHHBIX ITaTYell 110 BCeMy M306ParKeHuIo.

ITaTum ¢ BBICOKOIT BApUATUBHOCTBIO (v; > T) 06pabaATHIBAIOTCS [TOJHOCTHIO.
TTopor T AMHAMIYECKY NOJCTPANBAETCSI KAK MEPIEHTIIb PACcIpe/IeeHust {v; }
Ha TekyineM yposHe (bukcupyercs 7 = Psg (50-it neprenTuinb, Meauana
pacnpenenennust {v;})). DSA cHmkaer BoMuCIMTENBHYIO CI0KHOCTE ¢ O(n?)
1o O(n - k), tue k < n—sddeKkTuBHbIl pazMep BHUMaHUS, U IO3BOJISIET
00pabaThIBATh N300parkeHusT OOJIBINETO pa3pelienns 6e3 moTepru KadecTBa Ha,
TEKCTYPUPOBAHHBIX YIACTKAX.

Oprannzanust Roof-DeGAN npusesena Ha pucyHke 2.

Obmas pyHKIMS 10Teph MoJeun LG CKIIAILIBACTCS U3 HECKOJIbKUX
KOMIIOHEHTOB:

(]-) »CG = Apimﬁpim + )\advﬁadv + )\percﬁperc + )\dszﬁdsz + Acolorﬁcolor'

IMuxcenbuas KoMmoHeHTa (Ly;;) OTBEUaeT 38 TOUHOE COBIIAIEHIE SIPKOCTH
KaKJIOT0 IIUKCeJId B COXPAHHBIX 0BIACTAX 1 00€CIednBaeT reOMeTPUIECKYIO
[IEJIOCTHOCTD M300pakeHnst. DTa KOMIOHeHTa (QyHKIus noreps L) rapas-
THUDYeT, 9TO MOJIeJIb He ByJIeT IPOU3BOIBHO U3MEHSITh SPKOCTh U (DOpMY
00'bEKTOB B HELOBPEXKIEHHBIX 9acTaX uzobpazkenus [6].

Cocrsizarenbrast KOMIOHEHTA (Lqq,) 32CTaBIISET TEHEPATOP CO3/ABATH
HACTOJILKO PEAHCTUIHLIE (DPArMEHThI, ITOOBl AUCKPUMHHATOD HE MOT
OTINYNTE X OT HacTosmmx. OHa OTBeYaeT 33 PeATNCTUIHOCTh TEKCTYD I
Pe3KoCTh rpaut [5].

IeprentusHas KoMIOHEHTA (Lperc) CPABHUBAET H300parKeHNsI He I10-
IIIKCEJIbHO, & B IIPOCTPAHCTBE BBICOKOYPOBHEBBIX IIPU3HAKOB, U3BJIEUEHHBIX
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l'eHepaTop OuckpumuHaTop
Bxop: lin, M ?bl:(cmz Irec | Bxoa
(MospexaéHHoe usobpaxkeHue + macka) SR k) Concat(lin: M, I rec)
(BoccTaHoBneHHoe n3obpaxeHue)
—l Macwrab 1
. lekopep L1
OSnkopep L1 A
Convax3 B'fl LsakyReLU 7777777 S 7K1p7 777777 TransposeConv4x4 Conv3x3, LeakyRelLU
e —— ResidualBlock SpectralNorm
- 64 kaHana (LEDITD
Macutab 2
OHkopep L2 skip - ﬂem’qip L42 " Convx3, LeakyReLU
Convax3, BN, LeakyReLU |~~~ | oSN SpectralNorm
128 kaHanos, DSA RedalE Rt cpeaHuii
- 128 kaHanos
Macwra6 3
OHropep L3 skip . J:leKon(e;p Lf4 Convax3, LeakyReLU
Convax3, BN, LeakyReLU [~~~ — -~~~ — - | A SpectralNorm
256 kaHanos, DSA ResidualBlock KPYNHbIA
256 kaHanoB —l—
—] 4 MexaHuam
Owukonep L4 skip . ﬂeKonzp o MeXMacuTaBHOro
Convax3, BN, LeakyReLU |~~~ ~——— — — — - - | ransposetonvax BHUMaHWSA
512 karanos, DSA ResidualBlock (Multi-scale)
. 512 kaHanoB —l—
Bbixoa
Bottleneck KapTbi BEposiTHOCTEN
Vision Transformer AN K&XAOTO YPOBHS

MnoTHble cesAan

MexaHu1am BHUMaHNs

PucvaoKk 2. Ocuosuble KoMmnoHeHTsl Mojgean Roof-DeGAN

pesobyIeHHO CBEPTOUHOM ceThio, Hampumep, VGG-16 [19]. drta xommonenTa
HO3BOJIAET MOJIEIN YJIABIUBATL CTPYKTYPY OOBLEKTa M TEKCTyPy MaTepuaa,
(uepermra, mmdep, METAIT), NTHOPUPYS HE3HAUUTEILHBIE CIBATH TIMKCEJIEH,
KOTODbIe He BIUSAIOT Ha BU3YaJIbHOE BOCIPUSTHE YEJIOBEKOM.

Huddysuomnmnas xommonenta (Lg;f ) UCIOIb3YeT IPen00yIeHHYI0 MOLENDb
mymonoasaernss DDPM [8] B kauecTBe 9KCIepTa M0 PEATMCTUIHOCTH.
Omna 3acTaBisieT BOCCTAHOBJIEHHOE N300parkeHue BeCTH cebsl Tak ¥Ke, Kak
9TAJIOH, B mporecce auddy3nOHHOTO 3aIyMJIeHNs 1 BoccTaHoBeHus. [lomaxon
OCHOBaH Ha WJIesiX, U3JIOKEHHBIX B padorax [9,12], u nozsonser addexTrBHO
moJaBJATh Xapakrepabie 1yist GAN BbICOKOYACTOTHBIE apTedaKThI, & TAKKe
CTaOMIN3NPOBATH O0OyUIEHUE.

KomnonenTa 1seroBoii cornacoBanHoCTh (L color) MITPadyeT MOAeIb 3a
MTOSIBJIEHUE HEeCTECTBEHHBIX OTTEHKOB, CPABHUBAs PaCHpeIeeHUsI IBETOB
B BOCCTAHOBJICHHOM U 3TaJIOHHOM M300parkeHusiX. Peajmsanusi OCHOBaHa Ha
muddepenupyemoii rucrorpammuoil morepe [20]. Dra KOMIOHEHTa COXPAHIET
OOIIY IO IIBETOBYIO FAMMY, CBONCTBEHHYIO KOHKPETHOMY THIY KPOBEJIBLHOI'O
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HOKPBITUs (HAIIPUMED, TEPPAKOTOBBII IIBET Y€PEIUIbl UM CEPbIi OTTEHOK
nmdepa), IpeJoTBpaIas OIBICHIE «KUCAOTHBIX» MU BBIIBETIINX TOHOB
[12].

Jlyuamue 3navenns K03 unueHToB A ObLIH 1000PAHBI IKCIEPUMEHTATIBHO
B XOJle UccyaenoBanus GyHKIMU noTeph (cM. paszedn 6).

3. Oetann obyyeHns n oueHka TOHHOCTU
3.1. Npepobyyenune Ha ZRG (atan cermexTtauun)

st bopMupoBaHusT HAYATBHBIX MTPEJICTABICHUN O TEOMETPUH U TEKCTYpax
KPOBEJIbHBIX IMOKPBITUII UCIIOIB30BAJICS MPUBATHBIN naraceTr Zeitview Rooftop
Geometry (ZRG) [21].! Hatacer comepxur 22 334 annorupopanubix RGB-
n300parkeHusl KUJIBIX JIOMOB, ITOJIyYE€HHBIX C OECIUIOTHBIX JIeTaTeIbHBIX
amnmapaToB Ha BbICOTE 3—-5 MeTPOB HaJ| KpbIIaMu. Pa3perenne CHUMKOB
cocraBisieT <1 ¢M/IUKCeJIb, 9TO [I03BOJISIET PA3/INYaTh MeJKUE JIEMEeHThI
KpoBJu (OTJIe/IbHBIE YEePEIHIIbl, CTHIKH, BEHTU/IANMOHHbIE BbIXO/bI). Kaxkioe
U300parKEHNe COMPOBOKIACTCS:

* CETMEHTAIMOHHON Mackoii Kpbimu (6rHApHAS Macka «Kpbiia,/QoH );
« 3D-kapkacoM (TIOJUrOHAIBHAST MOJIETh TPAHell KPBIIIN );

« uadOpMaImeil 0 HAJMYUU HABUCAIONIEH PACTUTEJLHOCTH U TEHEl
(ecTecTBEHHBIE OKKJIIO3MN).

Bri6op ZRG 00ycJI0BIIeH CIIe/IyIOIMUMEU IPEUMYIIIECTBAMU 110 CPaBHE-
HUIO C KJIACCHYIEeCKUMH jiaraceramu aspodorocunmkos (Inria [22], ISPRS
Potsdam [23]). B ormmane or Inria u ISPRS Potsdam, koropsie comepKar
TOJILKO OUHAPHYIO pa3MeTKy «3jaHue/He 3ianue», ZRG upemocrasiser
JIeTAJIbHYT0 CErMEHTAIMOHHYI0 MacKy Kpbimm u 3D-kapkac. Paspemenne ZRG
(<1 cM/mEKcesIb) 3HAYATENBHO HpeBocxoauT paspemnrenue Inria (30 cm/mmkcens)
u ISPRS Potsdam (5 cM/muKcesnn), 9T0 MO3BOJIAET PA3IUYATh MEJIKUE
aj1eMeHThI KpoBju. Kpome Toro, ZRG BKIIIOYAET €CTECTBEHHBIE OKKJIIO3UN
(TeHM, HABUCAIOIINE JIePEBbsI), OTCYTCTBYIOMINE B KJIACCUIECKUX TATACETAX,
OPUEHTUPOBAH HA JKUJIYIO U IPUIOPOJHYIO 3aCTPOIKY (B OT/IMYKE OT TOPOICKON
B Inria) u macuureiBaer Gouee 22 000 AHHOTUPOBAHHBIX OO'BEKTOB IIPOTUB 38
marueit 8 ISPRS Potsdam.

MK «PockagacTp» ncnonb3yer jaracer Ha 3aKOHHBIX OCHOBAHUAX
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Teneparop Roof-DeGAN mpesipapurenbao obyuascs Ha garacere ZRG
B pexkuMe OMHAPHON CerMEeHTAllnM KPBIII. APXATEKTypa Ha 3TOM 3Tale
BKJIIOYAJIA SHKOJEP-IEKOAEp ¢ TpaHchOpMEepHbIMA OJIOKAMK ¥ IIOTHBIMA SKip-
coesuHeHUAMU (KaK B [[eJEBOIl MOJIeNn), HO 6€3 COCTA3ATEIbHON KOMIOHEHTHI.
OyHKIMS IOTEph Ha dTane Ipego0yIeHust:

Lpretrain = Apiszim + )\percherca
riae

Lpiz — Lq-norepst (IOIHUKCEIbHOE CPaBHEHNE C MACKOil KPBIIIHN),

Lpere — mepnenrusHas morepst Ha npusHakax VGG-16 [19].

Koaddumuentsr: Api; = 1,0, Apere = 0,05.

O6y4enne TPOIOJIZKAIOCH B TeueHre 65 M0X ¢ UCIIOJb30BAHUEM OIITUMU-
zaropa Adam (Ir=10"%, 3; = 0,5, B2 = 0,999), pazmep munu-6aTua— 16
n3obpaxkenuii. Beca QuCKpUMUHATODa Ha 3TOM dTalle He MHUIMAIA3UPOBAJINCE.

3.2. NepeHoc BecoB n pooby4eHne (3Tan BOCCTaHOBAEHUS)

[Tocse 3aBepiienus mpe00yIeHNs Beca IHKOIEPA U AEKOJIePa KOTUPOBAJIICEH
B rerneparop resieBoit Mosiesin Roof-DeGAN. Brrxosmoit cioit reneparopa
3aMeHsIJICS: BMECTO OJTHOrO KaHaja (6MHApHAsI MACKA) yCTAHABJIMBAJIOCH TPH
kanasua (RGB), ero Beca ununuaau3upoBaducey ciaydaitno. Juckpumunarop
VHUTAATU3UPOBAJICS CIyIailHbIM 06pa30M.

Hoobyuenue npoBouiock Ha 1esnesoM paracere (1600 uzobparkenuit
C CHHTETUYECKMMY MACKAMU [TOBPEXKJICHUT) ¢ MCIOJIB30BAHUEM ITOJTHOMN
dyuxmun nmoreps (1). Onrumanbabie KOIGOUIMEHTH: Apiz = 1,0, Agay = 0,1,
Apere = 0,05, Agigr = 0,01, Acotor = 0,05. OBydenne mpoomKaIoch B TedeHNe
30 310X ¢ paHHEll OCTAHOBKOII (0DyUeHue IPeKPaIaIoch, ecian (DYHKIHs 0Teph
Ha BaJMJAIUOHHOM BbIGopKe (200 m300pazkeHuil) He YMEHDIIAJIACh B TEYCHUE 5
[OCJIETOBATENIBHBIX 310X ). CoracHo jauHamMuKe o0ydeHust (pucyHok 4 u 6),
HAWJIydIIne MeTPUKH JIOCTUTHYTHI Ha 25-11 310Xe, mocye 9ero Ha 26-if smoxe
3aUKCHPOBAHO PE3KOe yXy/IIleHne (KOJUIAIIC COCTA3ATENLHOTO 00y YeH s ).
TlosToMy B KadecTBE UTOTOBOI MOJEIN COXPAHEHBI BECa, COOTBETCTBYIOIIIE
25-11 smoxe.

Pazmep munn-6arya cocrasmt 32 n3obparkenus. Biarogaps ucroap30BaHIIO
cmentanHoit Tounoctu (FP16) n mexanusma Flash Attention, oGyuernue
crabuiibao Bhinostasiock Ha GPU NVIDIA A100 80 I'b. Beibop 6ar4a 32
obecrieunBaeT OaIaHC MEXKJy BBIUUCIUTEIHHON 3P DEKTUBHOCTHIO U [VIAKOCTHIO
IPa/IMEHTOB, HEOOXOUMOIl JIJIsi COCTA3ATEHLHOIO 00y YeHUS.


https://docs.pytorch.org/docs/stable/generated/torch.optim.Adam.html
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3.3. UeneBoii patacer v reHepauunsi CMUHTETUYECKUX MacoK
nospexaeHnii

Ilenesoit natacer cdopMupOBaH HA OCHOBE aPXUBOB a3POMOTOCHEMKI
IIIK «Pockanacrp»? u sxkmodaer 2000 RGB-n306paskennii KPLIIT 312t
(1600 — st oGyaenusi, 200 — must Baduanuu, 200 — 1J1si TECTUPOBAHUSI ).
Bce mzobpakenust mosydeHbl ¢ OECHUIOTHBIX JIETATEILHBIX allapaToB
(BILJTA) ma Boicore 30—50 M HaJi YPOBHEM KPBIIIL, YTO JJisl TUIIOBBIX CaJ0BO-
JIQIHBIX TOCTPOEK (R8X8 M) 00eCIeunBaeT MPOCTPAHCTBEHHOE Pa3pelleHue
~3 cM/muKcesb. PasMep Kaxk1oro n3obpazkeHusl 1Iocse IperoopaboTKu
coctaBiisier 256 X 256 muKcesei, 9T0 COOTBETCTBYET OJHOMY 3JIAHUIO IIEJTMKOM
¢ HeOOJIBIMM OKpYyzKatonmM GoHoM. Jlatacer 0XBATHIBACT CJIELYTONIIE TUIIHI
KPOBEJIbHBIX MaTepuaJson: Merajiouepenuna (okoiao 35%), kepamudueckasi
wepermna (25%), mmdep (20%), 6urymuas gepermua (10%) u npoune moKpeITHS
(pyJroHHbBIE OKPBITUS, TIOCKUE Kpbiiu, Menb)— 10%. Ilo tumy 3acrpoiiku
CHUMKHM PaCIIPEJEJIEHbI CJIELY oMM 00pa3om: ropojckast mioruas (10%),
upuropojHas (15%) u cagoo-gaunas (75%). Bee n3o6paykeHnst IPOXOAT
PYUHYIO BepubUKAIMIO HA OTCYTCTBHE II00ATBHBIX 1e(heKTOB (paspbIiBOB
6osee 50% TIOMAIM, CHIBHBIX ATMOCHEPHBIX NCKAXKEHUH, HAIIPUMED JIBIMKA
un GJIMKOB), 9TO 0OECIeINBAET YUCTOTY ITAJOHHBIX JAHHDIX.

TTockosibKy peasibHBIE a9POMOTOCHUMKHN ¢ TOYHOW MACKON «CKPBITast
o6sacTby (HapUMep, 1107 KPOHOIi JiepeBa WM CTPOUTEILHON TeXHUKOM) HOJLy-
9aTh TPYAOEMKO U JOPOr0, B pabOTe MCIIOJIb3YeTCH CHHTETUIECKAs] TeHEePAIINs
MacoK MoBpexkeHunii. B 3amadax BoccTaHOBIEHNST M300paskeHiT TaKOH TOIXO.
sIBJISIETCSI OOIIEIIPUHSITBIM ¥ [TO3BOJISIET KOHTPOJUPOBATH (DOPMY, pa3sMep u
nostoxkenne gedextos. Macka mospexxenus M € {0, 1}*W dbopmupyercs
JJIS KaXKJIOr0 O0y9aloIiero mpuMepa mo ciemayomeMy agropurMmy. CrHagasta
¢ sazannbMu BepositHocTsiMu (40%, 30% u 30% cooTBeTCTBEHHO) BBHIOUpPAETCs
OJIUH U3 TPEX THIIOB MOBPEXKIEHUST: [IPSIMOYTOJBHOE, MHOTOYTOIbHOE (MMUTA-
sl 3aKPBITUS CTPOUTENbHOI TEXHUKOM MJIM BPEMEHHBIMU COODYKEHUSIMHE ),
peaJlMCTUYHAS KPOHA JePeBa MM HEPEryJISIPHOE COCTaBHOE (MOJEIUPOBAHIE
TeHell 06/JIAKOB WU CILy TAHHBIX OObEKTOB).

Ocoboe BHUMaHUE YIEJEHO TeHePAIM MaCcOK KPOH JIEPEBbEB, KOTOPHIE
B OTJIMYUE OT IPUMHUTUBHBIX T€OMETPUYECKUX (DUTYD (JIIUICOB MIIH IIPSMO-
YTOJIbHUKOB) BOCIIPOM3BOJIAT XapaKTePHble OCODEHHOCTH PEAJHHOIN JIPeBeCcHOl
pacTuTeibHOCTH. B pazpaboraHHOM MeToJle IPe[yCMOTPEHbI CJIe Y IOIIHe THUIThI
KpPOH (IIpUMEPBI IPUBEJIEHBI HA PUCYHKE 3):

2Co6ersennocts IIMTK «PockagacTps
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(B) Packumucras Kpona

PucyHok 3. Ilpumepbl CHHTETHYECKUX MACOK KPOH JIEPEBHE

« BerBucroie (crapbiii i1y6, Bsi3) — KPOHBI C BHIPAYKEHHBIMY KPYIIHBIMU
BETBsAMU, BBICTYIIQIOITUMU 3a IIPEIeJIbl OCHOBHOI1 MaCCBI;

o ITupamunasbHble (€71b) — KIaCCHUecKue KOHYCOBUHBIE KPDOHBI C XapaK-
TepHON (GOPMOI U «IIYIIUCTOH» TEKCTYPOif;

« Packumucrolie (cocHa)— HENPABUWIbHBIE, ACKMMETPUYHbIE KPOHBI ¢ HEPAB-
HOMEPHBIM POCTOM BeTBeI.
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JI1s KazKJ0ro THIIA KPOHBI 33a0TCs CIEIYIOMUe IapaMeTphl: IIOmaib A,,
BLIOUPAETCH U3 PABHOMEPHOI'O PACIPE/IeJICHUs] B OJHOM U3 TPEX JUANa30HOB —
10-15%, 20-25% mmm 30-35% oT obrmedt mIomanu 306pazkKeHHs, 9TO IO3BOJIIET
OIIEHUTDH yCTONIMBOCTH MOJEIN K PA3JIMIHON CTENEHU IIEPEKPBITUSA (CM.
pazzen 7). g BeTBUCTBIX (hOPM JIONOJHUTEIHHO PETYJIUPYETCS KOJIMIECTBO
U JIJINHA BeTBeil; /I MTHPaAMUIAIbLHBIX — yTOJI HAKJIOHA CTBOJIA U CTEIeHb
«ITYTIACTOCTH» ; JIJIsT PACKUIICTEIX — CTETIeHb aCHMMETPHH U KOJUYIeCTBO
IIEHTPOB POCTa KPOHBI. MeCcTomoIoKeH e MACKH ¢ PABHOH BEePOATHOCTHIO
BLIOUpAETCsl B IEHTpe, Ha KPalo WX B YIUIy KPBLIIIHM, 4TOObI MOJIeIh 00ydasach
BOCCTAHABIUBATL KaK M30JUPOBAHHbIC Je(DeKThI, TAK U KPaeBble Pa3PLIBLI.

Tlocste renepariun hopMbl MacKa MOJBEPraeTcss MocToOpaboTKe: cHaYAIIa,
IIPUMEHsIETCHE MOPQOJIOTTIECKOE OTKPBITUE C SAPOM 3 X 3 I YIAJEHUS
M30JINPOBAHHBIX JIOKHBIX [TUKCEJIE HA IPAHUAINIAX MACKH, 3aT€M — I'ayCCOBO
pasMbITHE C TapaMeTpoM ¢ = 1 u mocseayomnias bunapusaius no mopory 0, 5.
DT0 co3MAET IJIABHBIE, HO YETKHE I'PAHUIBI IEPEX0Ia MEXK Ty [TOBPEXKIEHHON 1
COXPaHHOI 00JIACTSMY, IPEJIOTBPAIAs TOSBJIEHNE PE3KUX CTYIIEHEK SPKOCTH,
KOTOPBIE MOJIEJIb MOTJIa OBl UCIIOJIB30BATH KaK «IIPOCTON KJIFOU» JjIst 06X01a
oby4enust. JJoNOTHATEIBHO /1T MACOK KPOH JIEPEBbEB ¢ BepoaTHOCTLIO 50%
[EeHEPUPYIOTCsI BHYTPEHHKE TIPOCBETHI (MMUTAIMST IPOMEXKYTKOB MEXKJ1y BETBsI-
MH), & ¢ BeposaTHOCTBIO 40% — Topyamue BETKH, 9TO IOBBIIAET PEATUCTHIHOCTD
U YCJIOXKHSET 33/1a9y BOCCTAHOBJIEHUS.

IMospexnéunoe uzobpaxenue dpopMupyercs Kak I, = I © (1 — M), To
€CTb MUKCEJIN, COOTBETCTBYIOIIIE MacKe, OOHYJISIFOTCS, & COXpaHHbIE 0DJIACTH
OCTAIOTCS HeM3MEHHBIMU. [ eHepalysi MacoK BBINOJIHseTCs Ha jiery (on-the-fly)
B IIPOIECCE 3arPY3KH JAHHBIX (pasmep 6arua cocrapiser 32 nsobpaxkenust). s
BaJIMJIAIMOHHON U TECTOBOI BBIOOPOK MAaCKM U IIOBPEXKIEHHBIE N300ParKeHUs
bUKCUPYIOTCS U COXPAHSIIOTCA OJMH Pa3, 9TO 00eCIeInBaeT BOCIPOU3BOIUMOCTD
CPaBHEHUS MEXK/Iy PA3HBIMU MOJEISIMU U KOHMUTYPAIHSIMHE.

[IpeyoXKeHHBI TOJX0/I K MeHEPAIINN MACOK OTpaykaeT HamboJiee dacThbie
Ha IPAKTUKE CJIy9ad [ePeKPhITUsl KPBINL: JpeBecHas PaCTUTENbHOCTD (peasiu-
CTWYHBIE KPOHBI JIEPEBBEB PA3JIMIHBIX TUTIOB TLIOmaapio 15-35%), Texauka
U BpeMeHHbIe 00beKThl (IIpsiMoyroibable Macku 10-20%), obsiaka u TeHu
(xpyunbie Heperyssipable Macku 20-35%). K orpannuenusm MeToma cieyer
OTHECTH OTCYTCTBUE MMUTAIUHU IOy TOHOBBIX U I'DAIMEHTHBIX [T€PEKPBITHI
(HarpuMep, a)KypHas TeHb OT JIMCTBBI), & TAKXKE OTCYTCTBUE MACOK C PA3PLIBOM
6osee 50% mwromanu (Takue ciydan TPeOYIOT yXKe HE BOCCTAHOBJICHUS, a
PeHEpALUU «C HyJIsl» U BBIXOIAT 38 PAMKH JAHHON 3a1aqum). Tem He MeHee, Kak
[oKa3aHo B pasjese 7 (pucyHok 9), yzke npu 35% mepekpbITHsi KAUeCTBO
BOCCTAHOBJIEHUsI MOYKET CTAHOBUTHCS HEIIPUEMJIEMBIM, YTO apryMeHTHPYeT
BBIOOD YKa3aHHBIX JMAIA30HOB ILJIOIIJIEH TOBPEXKICHUIA.
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3.4. MeTpukn oueHkn KayecTBa

1151 KOJIMYIeCTBEHHOMN ONEHKN KadeCTBA BOCCTAHOBJICHUSI UCIIOJIB30BAJIICD
CJIeLyIoIe METPUKK: IIMKOBOe OTHOIIeHne curHasta K myMmy (PSNR) [24],
HHJIEKC CTPYKTYypHOro cxozcra (SSIM) [25] u MeTpuka meprenTuBHOro
cxozcrBa (LPIPS) [26] na ocHoBe npusnakos npeo0ydentoii cetn VGG-16.
Bce MeTpuku paccauThIBaINCh UCKJIIOYUTEIBHO O MUKCEISIM, 38 IaHHBIM
Mackoii oBpexkierusi M, 910 06ecrednBaeT KOPPEKTHOEe CPABHEHUE METOJIOB B
3asiadax BoccraHoBjieHus. Beibop LPIPS o6yciioBjieH BBICOKOI KOppesisiiueii
rirybokux npusHakoB VGG-16 ¢ geoBe9eCKUM BOCIPUSITHEM TEKCTYDP U (HPOPM
KDPOBEJIbHBIX MaTepraJios [27].

JIOTIOJTHATEIBHO JIIst ONEHKH KAa9eCTBa MeHEPAIU TEKCTYP IPUMEHSIACH
MeTpuKa guctanimun Ppeme MexKIy pacupeaeNeHusMu inception-BeKTOpoB
(FID) [28], BBIYmC/IsieMasi MeXK/ly PaclpeiesIeHUsIMA BOCCTAHOBJIEHHBIX U
TAJIOHHBIX M300pazKeHnit Ha TecToBOM BbIOOpKe. Huskoe 3nadenne FID
CBUJIETEJILCTBYET O TOM, YTO CreHePUPOBAaHHbLIC (PPArMEHTHI HE TOJBKO MOXOKHU
HA OPUTHUHAJIBI TONAKCEIEHO, HO U CTATUCTUIECKU HEOTJIMIUMBI OT PEATbHBIX
M300paKEHNH KPbIIIL.

JJist OeHKM TOYHOCTU BOCCTAHOBJIEHUS T'€OMETPUIECKUX KOHTYPOB
KPBIII (CKaThl, KOHBKHU, €HJIOBbI) UCIIOIb3yeTcst MeTpruka Boundary F1 [1].
T'panutst Bolgesiorea gerekropom Kanuu (oporu 50, 150), mocie vero
Beruncisiercd Fl-mepa ¢ gormyckom 3 nukcesisi. MeTpruka pacCIuThIBAETCS
TOJIBKO B 0bJ1acTu moBpexaenusi M u xapakTepusyer MPUrOJHOCTh BOCCTAHOB-
JIEHHOT'O M300paKeHNs /I aBTOMATUIECKOI0 KOHTYPUPOBAHUS B K&ACTPOBBIX
CHCTEMAaX.

Jlyist onieHKM HAEXKHOCTH METPUK KadecTBa MCIIOJIB30BAH METOJ OyTcTpama
(1000 urepanuii pecIMILIMHTA ¢ BOIBPAIIEHUEM Ha TeCTOBOH BuIGOpKE 13 200
nz00parkenuit). Pe3yibrarsl peicTaBieHbl Kak cpejiHee £ CTaHIapTHOe
OTKJIOHeHue; 171 MeTpuku FID nononauTensHo npuseaens 95% nosepuTebHbIE
MHTEPBAJIBL.

JLj1s1 BU3yaJIbHOM BaJIMIAIUN PE3YJIBTATOB UCIIOJIb30BAJICS TaK?Ke MEeTOI,
9KCIIEPTHBIX OINEHOK: TPHU CIENUAINCTa B OOJIACTH KaJacTPOBOrO yUéTa
MIPOBO/IMJIN CPABHUTEJILHBIN aHAJIM3 BOCCTAHOBJIEHHBIX N300parKeHUil 110
mKaJje oT 1 J1o 5, oleHnBast TEOMETPUIECKYIO TOYHOCTD U PEATTUCTUIHOCTD
TeKCTyp. YcpenuéHHas skcuepruas onenka (Mean Opinion Score, MOS)
ITO3BOJIAJIA TIOITBEPAUTH KOPPEJISIIIUI0 OObEKTUBHBIX METPUK C CYO'beKTUBHBIM
BOCIPHUSATHEM KadecTBa. Bce METPUKU BBIYUC/ISJINCH KAK Ha BCEH TECTOBOM
BeIGOpKe (200 n306pazkeHnii), Tak U OTAEJIBHO JJIsl TPEX IPYII MOBPeXK IeHu
(10-15%, 20-25%, 30-35%), 4ro 1103BOJIMIO OLEHUTH 3DDEKTUBHOCTD PAGOTHI
MOJIEJIH JIJIsT PA3JIUIHBIX CTEIeHeH TePEeKPBITHS KPBIIIL.
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DKCIEPUMEHTDI TPOBO/IIIINCEH Ha BHIYUCIUTETHLHOM KJIACTEPE CO CIIEYIONei
koudwurypanueii: GPU NVIDIA Tesla A100 SXM (80 I'B namsitu), CPU
Intel Xeon Gold 6248R (24 saupa), oneparusnas namars 128 I'B DDRA.
Wcnonszyemoe nporpammuoe obecrieuernne: Python 3.12, PyTorch 2.5 ¢ mox-
nepxkkoit CUDA 12.x. ljist BocpounsseieHust 6a30B0i (HYHKIMOHAJBHOCTH U
9KCIIEPUMEHTOB ¢ HeboubIuMu Jaraceramu (pegobydenre Ha Inria) Takzke
[OZINOTOBJIEHA YITPOINEHHAST BEPCUS MOJIEJIN B BUJE WHTEPAKTUBHOTO OJIOKHOTA
Jupyter B obiaunoit cpene Google Colab.

4. NnHamuka oby4eHUs1 N CXOQUMOCTbL MOAENN

Ha pucynke 4 npesicraBiensl KpUBble U3MEHEHHsT OCHOBHBIX KOMIIOHEHTOB
GbYHKITUHT TTOTEPh Ha BAJIHIAIIMOHHON BBIOOPKE B IIPOIEcce 0OyIeHUs MOJIEIH.

8 —— Motepy reHeparopa

—— [MOTepy AVCKDUMUHATOPA (PeasbHbIE)

—— [MOTepH AVCKPUMUHATOPA (TEHEPUPOBAHHbIE)
@ MuHumym notepb reHeparopa (25 anoxa)
@ Hauano nepeobyuenus (26 anoxa)

————— CoxpaHéHHble nyuluve Beca (25 anoxa)

Onoxa

PucyHok 4. Jlunamuka mameHeHnusi (pyHKIHH TOTEPh T€HEPATOPA
¥ JUCKPUMHUHATOPA Ha BAJIUIAIMOHHON BBIOOPKE IPU 00y YEHUN

Roof-DeGAN

B nepsoie 10 smox HabromaeTcst OBICTPOE CHUZKEHHE [TOTEPh IeHEPATOPa
(¢ 7,82 mo 3,94), uro cooTBeTCTBYET HavdaJbHON dase 00ydUeHUs, KOIrjIa
MOJIESTb OCBAWBAET IPyOyI0 CTPYKTYPY M300pakeHuil u obIme reOMeTpuIecKne
ocobennoctu Kpbirr. [lorepn nuckpuMmuHATOPA HA PEATHHBIX N300PaKEHUIX
MOHOTOHHO yMenbInaorca (¢ 0,89 1o 0,58), 9T0 yKasbIBaeT Ha YLy dIICHAE
CIIOCOOHOCTH Pa3IMIaTh STaJOHHBIE 00pa3bl. OJHOBPEMEHHO MOTEPH JUCKPUMU-
HATOPA HA CreHEePUPOBAHHBIX M300pakeHusax BozpacraroT (¢ 1,12 mo 1,45),
oTpazkasl TUIIMIHOE JIJIsi COCTSI3aTe/IbHOIO 00yUeHnsl yCuIeHne IPpaueHTOB
IIPOTUB I'e€HEPATOPA.

B unarepsase 10-20 smox TeMIl CHUXKEHHS IIOTEPDH I'€HEPATOPa 3aMe I~
€TCsl, MOJIEJIb HAYNHAET YTOUYHATH TEKCTYPhl KDOBEJIbHBIX MaTEPUAJIOB U
TPAHUIIBI APXUTEKTYPHBIX 371eMeHTOB. [loTepn muCKpUMUHATOPA HA PEATHHBIX
300parkeHns X MPOJIOJIZKAIOT IIABHO CHUZKAThes (10 0,41 k 20-i smoxe), a Ha


https://colab.research.google.com/drive/1sTXiC2yI1e7GAqrt1P_ayAEd5Dij_HTG#scrollTo=qAroIVnBmX0i
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CreHepUPOBAaHHBIX — pacTyT (10 1,62), 9T0 CBUIETENBCTBYET O COXPAHEHUU
baJlanca MeXK/1y T€HepaTOPOM U IUCKPUMHUHATOPOM.

B untepase 20-25 smox HabI0aeTCA JANbHENTIIIee YIydieHne KadecTBa:
[IOTEPH M'eHEPATOPA CHIKAIOTCS JI0 MUHUMAJIBHOTO 3HavYeHus 1,32 K 25-it 31oxe,
OTepH JUCKPUMUHATOPA HA PEAJIbHBIX M300PaXKEeHUSIX CTAOMIN3UPYIOTCS Ha,
yposue 0,37, Ha crenepupoBanubix — 1,60. Merpuknu kagecrBa mocturaior

nukoBbIX 3Hadenuii: PSNR— 34,5 n1b, SSIM— 0,972, LPIPS— 0,052, FID—17,6.

Ha 26-it smoxe nmpoucxouT pe3koe yXy/IlIeHHe: IOTEPH [eHePATOPa BO3Pac-
TaoT 10 2,38, a MeTpuku KauecTsa gemMoHcTpupyior cian (PSNR camxkaercs
z0 33,42 1B, LPIPS Bospacraer jo 0,058, FID — o 18,7). JanbHeiinee
obyuenne 10 30 310X HE MPUBOIUT K BOCCTAHOBJIEHUIO KAUECTBA: MOTEPHU
rerepaTopa KoyiedroTest B quanasone 2,35-2,41, MeTpuKy OCTAIOTCS HA XYIIIITIX
3HAYEHUSX. DTO MOCTYKUIO OCHOBAHUEM JIJIsI IPUMEHEHUsI PAHHEH OCTAHOBKU
(early stopping) na 26-if s10Xe ¢ COXpAHEHHUEM JIydIlIeii MOJEJIH, II0JLY YeHHOM
Ha 25-it snoxe. B pabore He NMPUMEHSJINCHh PACIIPOCTPAHEHHBIE TEXHUKH
crabummzarmuu GAN (Rl-perynsipusanus U ClieKTpaJibHAsT HOPMAJIAZAIHSA ).
CTabuIbHOCTD JOCTUTAJIACH TPEAMYIIECTBEHHO APXUTEKTYPHBIMU PEIIEHUSIMU
(DSA, mexmaciiTabHbIH UCKPUMUHATODP) M KOMIIO3UTHON (DYHKIMENR H0Teph.
IIpumenenne yKa3aHHBIX METOJOB — IEPCIIEKTHBHOE HAIIPABJICHNE JTAJIbHEHIIEi
paboTHI.

Ha pucynke 6 mokasaHa jJjMHaMUKa M3MeHeHUsI MeTpuK KadectBa PSNR,
SSIM, LPIPS u FID Ha BajmiaioHHON BHIOOPKE B IIpoIiecce 00y9IeHMsT MOJIEJIH.
AHaJin3 3TOTO PUCYHKA IOJTBEPXKIAET BBIBOJIBI, TOJYUYEHHBIE HA OCHOBE
kpuBbix orepb. Merpuku PSNR u SSIM akTusHO pactyT mo 20-it smoxmu,
[IOCJIe Yero TEMII POCTa 3aMeisieTcsi. MakcnMasibable 3HA9eHUs TOCTUTAIOTCS
Ha 25-it snoxe: PSNR = 34,5 a1B, SSIM = 0,972. Merpuka LPIPS cuuxaercs
gm0 0,052, a FID— 10 17,6, uTo yKa3bIiBaeT HA 3HATUTEIHHOE YJIyUIIIeHIe
[IEPIENTUBHOIO KAYEeCTBA M €CTECTBEHHOCTU TEKCTYP KPOBEJIbHBIX TOKPBITHUIA.
Ha 26-it stoxe dukcupyercst yxymaienue Bcex merpuk: PSNR cumxkaercs 10
33,42 nb, SSIM — no 0,970, LPIPS Bospacraer o0 0,058, FID— 1o 18,7.

B unrepnase 27-30 smox HabI0qaeTCA IJIATO HA YXY/AIIEHHBIX 3HAYCHUAX,
9TO CBUJIETEIHCTBYET O HaJaJse IepeodydeHus — MOJIE/Ib HAYNHAET IPEIMEPHO
TIOJICTPAUBATLCS IO/, TEKCTYPhI 00ydarotieit BLIOOPKU B yIiepb obob1aroreit
CIIOCOOHOCTY Ha HOBBIX M300DarKEeHUSIX.

ITosryuennbie pe3ysibTaThl MOATBEPKIAIOT 3(PPDEKTUBHOCTH BHIOPAHHBIX
TeXHUK crabuin3anuu (paHHsis OCTAHOBKA, CIIA’KUBAHUE METOK) U JIEMOHCTDH-
PYIOT, 94TO TpeIosKeHHbIH TubpuaubIii moaxox Roof-DeGAN nocruraer b6anamca
MEXKJIy CKOPOCTBIO CXOJMMOCTH, TIEPIEINITHBHBIM KAYeCTBOM M YCTOUIMBOCTHIO K
OI'PAHUYIECHHOMY O0BHEMY OOYUIAIONINX JTAHHBIX.



244 U.B. BunokyproB, I'. M. Jlanaubkos, I'. /1. YMAPOB \RUmEN;

[— LriPs
0.97 014 @ Munumym LPIPS (25 anoxa)

— FID

=
S

@ Munumym FID (25 anoxa) s
—————— CoxpaHéHHble nyuluve Beca (25 anoxa) ‘

0.12

PSNR (365)
©
8

PN E) ‘ 008

SSIM
Maxevmym SSIM (25 snoxa) 0.92 0.06

—————— CoxpaHéHHble nyywve seca (25 anoxa)

[—

‘ @ Makcumym PSNR (25 anoxa)
&
L 4

26 ‘

0 5 10 15 20 25 30 0 5 10 15 20 25 30
3noxa 3noxa

PucyHOK 5. Tunamuka m3meHenus: reomerpudeckux (PSNR,
SSIM) u nepuenrusabix (LPIPS, FID) merpuk Ha BaiuanuoHHOR
BbIOOpKE B mporecce obydenust Roof-DeGAN

5. KonunuecrseHnHoe CpaBHeéHune C coBpeMeHHbIMU MeTogamm

st 06 beKTUBHOM OTleHKN YD PEKTUBHOCTH IIPEJJIOKEHHOIO TTOIX0Ia,
IIPOBEJIEHO CPAaBHEHUE C PsiJIOM COBPEMEHHBIX METOJIOB BOCCTAHOBJIEHUS
M300paKeHn, BKJIFOUas TPAIUIMOHHBIE aJTOPUTMbI, YUCThIE 1u(dy3HOHHBIE
mogesin u Tubpuanabie GAN-apxuTekTypbl. TecTupoBaHue BBIOJIHSIOCH
Ha UJIEHTUIHON TecToBOIl BhIOOPKE 3 200 M306parkeHuii ¢ OJIMTHAKOBBIMI
CHHTETHYECKIMH W €CTECTBeHHBLIMU MAaCKaMM MOBPEXKIeHUi mromaapio 15-25%.
Bce merompr ncciemoBasinch B CTaHAAPTHBIX KOH(MUTYPAIUSIX HA OIHOM
o6opynosannu (GPU NVIDIA A100 SXM u CPU Intel Xeon Gold 6248R).
Pesynbrarer npesgcrasiensr B Tabauie 1. CuMmBos T B 3arojIOBKe TaOJIATIHI
0603HavIAET, YTO OOJIbINIee 3HAYEHHE JIYUIle, CHMBOJI | — MEHbIIeE 3HAUCHUE
gyqrie. Bpems nadepenca ykazano s n3odpaxkeHuit pazmepom 256 x 256

OHUKCeJIe.
Anajn3 T0il TabJIMIBI TTO3BOJISIET CIEIATH CJIEIYIONNE BHIBO/IHI.

IIpesocxodcmeo nad mpaduyuornvimy memodamu. Roof-DeGAN 3znaxn-
TeJILHO OllepexkaeT Kiaaccmaeckue ajaroputmbl Navier-Stokes n PatchMatch mo
BceMm Merpukam: Bemrpeim B PSNR cocrasnsier 8,0-9,7 1B, a FID camkaercs
B 810 pa3. 9To BU3yaJbHO COOTBETCTBYET IIEPEXO/LY OT apTedaKTHBIX U Pa3-
MBITBIX PEKOHCTPYKITHIT K JIETAJIN3UPOBAHHBIM M300DaKeHUIM € COXPAHEHUEM

reOMeTPHUHU U TEKCTYP KPOBEJIbHBIX HOKPBITUN.



TabuuA 1. Cpasuenne Roof-DeGAN ¢ coBpeMeHHBIMM MeTOJaMK Ha TeCTOBOl BeIGOpKe (N = 200)

Meroapbl | psnrl | ssim T | weies] | el [ @] ¢
TpaduyuorHvie
Navier—Stokes [3] 24,18 0,742 0,312 187,3 — 0,8
PatchMatch [4] 25,92 0,801 0,245 142,8 — 2,3
Hugpdysuorroe
DDPM (8| 28,45 0,873 0,118 78,6 112 | 28,5
SatDiff [10] 30,45 0,941 0,065 38,2 189 | 41,3
KAO [11] 31,12 0,952 0,058 32,7 205 | 38,9
GAN-memodo
Pix2Pix [6] 28,92 0,885 0,142 92,5 54 | 0,12
ESRGAN [7] 29,34 0,902 0,098 67,3 67 | 0,18
DeGAN [13] 31,85 0,958 0,082 29,4 62 | 0,14
Hogwiii memod
Roof-DeGAN | 33,7+1,2| 0,971 40,008 | 0,048 +0,011 | 17,8 +2,4 | 48 | 0,15

! T1— xomraecTBO TAPAMETPOB MOJEIN B MUJIIHOHAX;

2 t— BpeMs uH(EPEHCA Ha OIHO U300paKEHNe B CEKYHIaX.

pEI
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ave



246 U.B. BunokyproB, I'. M. Jlanaubkos, I'. /1. YMAPOB RUmEN;

Cpasrnenue ¢ duddyzuonnoimu modeasmu. Jucrore muddy3nonabie
mogziesiu (DDPM, SatDiff, KAO) neMOHCTPUDYIOT BBICOKOE KAYECTBO, OJHAKO
TpeOYIOT JEeCATKOB CEKYH HA MH(EPEHC U 3HAYUTEIHHOTO 00bEMa 00y IaroImx
JaHHbIX. [TpemiokeHubii ruOpu bl MeTo mpeBocxoauT nx mo PSNR ma
2,8-5,5 1B u gocruraer cymecrsendo jay4qmero FID (17,8 uporus 32,7-78,6)
upu Bpemenu undepenca B 250-270 paz menbiem (0,15 ¢. nporus 38-41 c.).
DTO JeaeT MoAXo M MPAKTUIECKH IPUMEHUMBbIM it 00pabOTKU OOJIBITHX
MaCCHBOB a3PO(rOTOCHIUMKOB B PeaIbHOM BPEMEHHU.

Cpasnenue ¢ GAN-apxumexmypamu. Ilo cpaBaenuto ¢ 6azopbimu GAN-
moziensivu (Pix2Pix, ESRGAN) u apyrumu ruGpumHbIME MOIXOJAAME, TAKIMA
kak DeGAN, mpesytoxKeHHbII MeTo T ToKa3biBaeT npupoct PSNR 1o 5,0
1B u suaunrenbuoe yiyumenue FID (B 1,7-5,2 paza). 3uauenune LPIPS =
0,048 mmoaTBEPKAAE€T BBICOKOE IEPIENITUBHOE KavIeCTBO BOCCTAHOBJIEHHBIX
TEKCTYD, IIPEBOCXOJIsAIIee IIoKa3areau cpapuuBaeMbix GAN-apxurekTyp (B
HameM ciaydae 31o Pix2Pix = 0,142; ESRGAN = 0,098; DeGAN = 0,082) —
yiayuamenue Ha 41-66% oTHOCHTEbHO GMmKaiiniero KOHKypenTta. [Ipu sTom
MOZIEe/Ib UMeeT MEHbIIIee KoJauiecTBo napamerpos (48 M nporus 54-205 M),
9TO 00ECIIeINBACT IKOHOMUIO BBIYUCIUTEHHBIX pecypcoB. IIpeBocxoicTBo
Roof-DeGAN naj 6iiKafliimMy KOHKYPEHTAMU SBISETCS CTATHCTIHIECKT
sHaauMbIM: 95% JOBepHUTENbHbIE NHTEPBAJLI METPHK HE MEPEKPBIBAIOTCS.
Hanpumep, pasuuna 8 PSNR mexay Roof-DeGAN (33,7 + 1,2 n1B) u KAO
(31,1 &+ 1,8 u1B) cocrassier 2,6 1B npy HemepeCceKAIOIUXCsT UHTEPBAJIAX, YTO
[TOJITBEPKIAET YCTONINBOCTD ITPEUMYIIECTBA MTPEJIOKEHHOTO0 METO/IA.

Ilonyuyennble pe3ysbTaThl JEMOHCTPHUPYIOT, YTO UHTErpaIms Tpancdop-
MEPHBIX OJIOKOB, MHOIOYPOBHEBOT'O BHUMAaHUS U JU(PDY3NOHHOIO YCUIEHUS
[IO3BOJISIET MIPEJJIOKEHHOMY METOJY JIOCTUIaTh HAWJIYYIIero H6ajsaHca Mex Ly
Ka4eCTBOM BOCCTAHOBJIEHUSI U BBIYUCIUTEIbHON 3(DDEKTUBHOCTHIO CPEIH
PaCcCMOTPEHHBIX ITOIXO/IOB.

6. NccnepoBaHue BANSAHUA KOMMOHEHT (hyHKLMN NOTepb

JI71sT KOJTMYIeCTBEHHON OIEHKY BKJIaJa KaXK0i KOMIIOHEHTHI KOMITO3UTHOI
GYHKIINT TOTEPDh MTPOBEIEH CPABHUTEIBHBIN aHAINS3 TATA KOHMUTY AT
MOJEJIN, PA3TUIAIONINXCSI HAOOPOM ONTUMU3UPYEMbIX KpuTepueB. I1saTh
KOH(Urypanuit Mogen 06y Iaanch ¢ pa3InIHbBIMI KOMOMHAIIMSIMU KOMITOHEHTOB
IO JTIOCTUZKEHUSI ONMTUMAJILHOU 3MOXMW MO KPUTEPUIO PaHHEH OCTaHOBKU.
PesgyabraTer mpeacTaBieHb B TaOIUIE 2, JIYUIAEe TOKA3ATEN BbIIEICHBI
KPaCHBIM.



TABIULA 2. AGISIMOHHOE MCCIEIOBAHNE OCHOBHBIX KOMIIOHEHTOB (DYHKIINU IIOTEPDh HA BAJMIAIMOHHOMN

BBIOOpKE
Koundurypanus
psNRT  ssiMT  LPIPS| FIDJ BusyanbHble ocobeHHOCTH
(kommnonenTs! u3s (1))
Bes npenobyuenns 92834 0912 0,112 542 3ameTHBbIE apTEMAKTHI,
(Bce kommonenTs! u3 (1)) TEKCTYPbI CIVIAXKEHbI
B (ApizLpiz) 2084 0,931 0,008 874 Pa3MbITBIE TEKCTYPHI,
CTJIa’KeHHBIE TPAHUITBI
) _ Yérkue rpaHulibl,
A (ApizLpiz + AadvLadv) 31,120,952 0,082 48,2 JIOKaJIbHbIE TeKCTyPHbIe apTedaKThl
P (Apio Lpix + ApereLpere) 3145 0958 0068 39,7 EcrecTBeHHBIE TEKCTYDHI,
M30BITOYHOE CTIA’KUBAHUE
D (MpizLpic + AadvLadv + 3218 0965 0058 289 Xopormmasi TeoMeTpust W TEKCTypa,
+ ApercLperc + AaifsLaifs) HeBOJILIHE I[BETOBLIE CIBUTH
C (ApizLpiz + AadvLadv + HauGoJslee peaaucTuydHble TEKCTYPbI
+Ape’rc£perc+)\diff£diff + 34,5 0972 07052 17,6 ’

+ )\color[«color)

reoMeTpud U 1BeTOBasl COIJIaACOBaAaHHOCTD

N
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Ananms Tabaunbl 2 TOKa3bIBaET cieyioniee. bazoBas MonmnkceaIbHAsT
konduryparus B (Baseline) obecrieunBaer reoMeTpUIECKYIO HEIOCTHOCTD
(moJIozKeHKe CKATOB, KOHBKOB, €HJIOB), HO IPUBOJUT K XapAKTEPHOI PasMbITOCTH
TeKeTyp KpoBesbHbIX OKpbiTuit (PSNR = 29,84 nB, LPIPS = 0,098).

Hobasienue cocrsazarenbuoil komnonenTsl A (Adversarial) cymecTBenso
MTOBBINMIAET IETKOCTh I'PAHUI U J00ABJISIET BHICOKOYACTOTHBIE JIETAJN, OTHAKO

6e3 meprenTuBHON U MM GY3NOHHON COCTABJIAIONINX BOZHUKAIOT JIOKAJIHHBIE
apredaxtor (LPIPS = 0,082, FID ocraércs BbICOKHM).

BrurtoueHne neprientusHoi KomnoHeHTsl P (Perceptual) 6e3 cocrs-
3aTeJIbHOI YacTu 1103BoJIsgeT jocTudb 3Hadenust LPIPS = 0,068, ognako
BU3YaJIbHO M300PaXKEHUsT BBITJISISAT U3JIUIIHE CLJIAYKEHHBIMU U3-38 OTCYTCTBUSA
BBICOKOYACTOTHBIX JleTaJjieil, KOTOPble BHOCUT COCTA3aTe/IbHAsA KOMIIOHEHTA.

Haunsyummee 3uagenue LPIPS (0,058) cpeiu HenosHbix KoMUY paluii
JIOCTATAETCST TIPH COBMECTHOM HCIIOJIB30BAHUN COCTSI3ATELHOMN, MepIeIITHBHON
u nuddysuonnoii komnonent D (Diffusion). Tobasnenue nuddysunonnoro
YCHJICHUS] 3HAYUTEILHO YJIydIIaeT CTPYKTYPHYIO COrJIACOBAHHOCTb M CHHKAET
FID (mo 28,9), omnako HabGII0AI0TCA HEGOIBIINE [[BETOBBIE CIBUIH.

Mosmasg koudurypanus C (Color), Bkinouaronias Bce NgTh KOMIOHEHTOB,
00beINHSIET UX MPEUMYIIECTBA U JIOCTUTAET Ha BAJUIAIMOHHON BBIOOPKE
JIyYIIUX 3HAYEHUI TeOMEeTPUIECKHUX U TEPIeNTUBHBIX MeTpuk Tounoctu PSNR
= 34,5 nb, SSIM = 0,972, LPIPS = 0,052, FID = 17.,6.

Cpasnenne kondurypamuu «be3 npemodbydennsy u moaHON KOHQUTYpAIN
C nokasbIBaeT, UTo PeJJIoKEHHbIN JBYXaTalHblil nojxosx (npenobydeHne Ha
ZRG c nocaepyiomum noobyuenueM) obecrneunsaer npupoct PSNR na 6,16
ab, cumxkenne LPIPS #a 0,060 u camzkenue FID ma 36,6 o cpaBHEeHMIO C
o0yJIeHneM ¢ HyJsd. DTO MOATBEpKIaeT 3DPEKTUBHOCTD IEPEHOCA BECOB U3
3a/1a90 CEIMEHTAINN KPBII B 38/1a1y BOCCTAHOBJIEHUsT M300PaKeHUIA.

A6ssmmonnoe ucenenopanue (Tabuauna 2) MOATBEPIIIO HEOGXOANMOCTE
HCITOJIb30BAHNSI BCEX ISITH KOMIIOHEHT (DYHKIUU TOTeph. st mocTukeHnst
HAWIY9IIero 6ajgaHca MeyKIy TeOMEeTPUYIECKON TOYHOCTHIO U MEPIEIITUBHBIM
KadecTBOM OBlLIa IIPOBEICHA HACTPOHKA BEeCOBLIX KoadduimenToB A. Ouru-
MaJIbHbIE 3HAYECHUS, TOJIYIEHHbIE B XOJIe TUIEPIApAMETPUIECKON ONTHMU3AIIN
Ha BaJIMJIAIMOHHON BBIOOPKE, COCTABUJIN:

* Apiz = 1,0 (6a30BOE HMUKCEILHOE COOTBETCTBUE),
e Aady = 0,1 (peasmcruaHOCTS ),

o Apere = 0,05 (KOppeKIms TeKCTYp),

* Aagig = 0,01 (coxpaneHme reoMeTpun),
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e Aeolor = 0,05 (1BeroBoii Gasanc).

Ha pucynke 6 mnpejcrasiieHa TUHAMIKA U3MEHEHUsI METPUK TOYHOCTH Ha
BaJIMIAIMOHHON BHIOOPKE.
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PucyHok 6. JlunaMuka  HM3MEHEHHUsI T'€OMETPUYUYECKUX
(PSNR,SSIM) wu nepnentusabix (LPIPS,FID) merpuk Ha
BaJIUJIAIIMOHHON BBIOOPKE

Iuxcenvras xomnonenma (Apiz = 1,0). JlaHHas KOMIOHEHTa BBIIOIHIET
PoJIb 6A30BOTO PEryJIApU3aTOPa, 00ECIIEUNBAIONIEr0 COXPAHEHNEe HEM3MEHHBIX
obstacTeit n3obpakeHust U rpyboe COOTBETCTBHE BOCCTAHOBIEHHBIX (bPArMEeHTOB
3TAJIOHY MO APKOCTH. SHAYEHNE Ap;; = 1,0 BEIOpaHO B KadecTBe pedepeHCcHOro,
HOCKONBKY Loy (L£1-I0TEPsT) EMEET €CTECTBEHHBIH MACIITA0, COLOCTABUMBILIL
€ CyMMAapHBIM BKJIJIOM OCTaJIbHBIX KOMIIOHEHT. Y MEHBITIEHNE Apgy 70 0,5
UPUBOJUT K 3aMETHOMY Pa3MbITUIO MDAHUIL apXUTEKTypHBIX djteMento (PSNR
cumzkaercd Ha 1,2 1B), a yBemuuenue 1o 2,0 HOHaBIIET COCTI3ATEIBHYIO U



250 U.B. BunokyproB, I'. M. Jlanaubkos, I'. /1. YMAPOB RUmEN;
NepUerTUBHYIO KOMIIOHEHTDI, /JdeJiad TEeKCTYPbl U3JIMIIHE CTJIa>KE€HHbIMU.

Cocmasamenrvhas Komnonenma (Aqqy = 0,1). GAN-00y4eHne CKIOHHO K
HeCTaOUJIBHOCTH IPU BBICOKUX 3HAYEHUSIX COCTS3aTEIbHON KOMIIOHEHTHI.
DKCIIEPUMEHTAJIBLHO YCTAHOBJIEHO, UTO IPU Aggy > 0,2 JUCKPUMHHATOD
CJIUIIIKOM OBICTPO CXOIAUTCsI, TIOPOXKIasi OCJAAOEBAIOININE TPAJUEHTHI IJIs
reHepaTopa U MPUBOJIs K KoJIancy Mo yke mocse 10-12 snox. [pu Agq, < 0,05
BJIMAHIE COCTA3ATEIHLHON COCTABIISIONIEH CTAHOBATCSA HE3HAYUTEIBHBIM: MOJIENIb
PeHepUpyeT TeOMEeTPUIECKN KOPPEKTHbBIE, HO U3JIUIIHE TJIaJIKUE TEKCTYPhI
(LPIPS > 0,07). 3nauenne A4, = 0,1 obecrieunBaer ycToimBoe COCTSI3aTebHOE
PaBHOBECHE, IIPU KOTOPOM JUCKPUMUHATODP OCTAETCS JOCTATOUYHO «CHJIbHBIMY,
9TOOBI TIPEIOCTABIATh HH(POPMATUBHBIN IPAIUEHT, HO HE IIOJABJIAET TeHEPaTOP.
Citejlyer OTMETUTD, YTO yBEJIMYEHHE Aqq, € 0,05 10 0,1 moeimaer Boundary
F1 ¢ 0,89 mo 0,93, monrBep:kaast Ba2KHOCTH COCTI3aTEIbHON KOMIIOHEHTBI JIJIsI
9ETKOCTH T€OMETPUICCKAX T'PAHMUIIL.

ITepyenmusnaa xKomnonenma (Aperc = 0,05). Ilepnentusnas moreps,
BbIumC/IsieMasi Ha npusHakax VGG-16, umeer cyimecTBeHHO OOJIBINUIT MACIITA0
1o cpasHeHuIo ¢ Li-morepeii. IIpsivMoe ucrtospzoBanne Apere = 1,0 mpusomur x
JIOMUHUPOBAHUIO 9TON KOMIIOHEHTHI U IIOSBJIEHUIO XapaKTePHBIX apTedaKToB—
Ipe3MepPHONl TEKCTYPUPOBAHHOCTH U «TAJLTIOIMHAIINN> MEJIKUX JIeTaJIeil,
OTCYTCTBYIOIUX B dTajone. [lonmxkenne kKoaddurmenta g0 0,05 mo3Bosiser
COXPaHUTH HOJIOKUTEIbHBIN 3bdeKT nepuenTuBHoro 06ydenus (€CTecTBEHHOCT
TekcTyp depernuipl u mudepa) 6e3 mnepekoca o0IIel QyHKIUU M0TePh.
A6nsimmonnoe uccnenopanue (Tabiuia 2) MOATBEPKIAET, ITO UCKIIOUEHUEe
Lpere ysemmausaer LPIPS na 0,030, a yasoenne Aperc 10 0,1 me qaér 3HQUIMOTO
VILYUIIEeHNsI, HO 3aMeJJISIeT CXOIUMOCTb.

Jupdysuonnan womnonenma (Agg = 0,01). Juddysuonnoe ycunerne
OCHOBaHO Ha Tpenobyuentoit Mmogesn DDPM, BeicTynatoreit B posin «dKcmepra
mo peasuctudHoCcTHY. Macmrab nuddy3noHHOM MOTEpH CyIEeCTBEHHO Bapbhbupy-
eTCs B 3aBUCUMOCTH OT YPOBHS IIyMa U TEKYIIEro COCTOSIHUS F€HEPATOPA.
Suadenne Agp = 0,01 momobpano TakmM 0Opa3oM, UTOOBI KOMIIOHEHTA
OKa3bIBaJIa CTAOMIN3UPYIOlee BIUsSHUE (IIOJABJIEHNE BICOKOIACTOTHBIX
GAN-apredakros, cuuxenue FID) 6e3 qoMmuHupoBanus Haj, NUKCEJIbHOM
7 cocTs3aTenbHON cocTapigomumMu. Ilpn Agig > 0,05 Momens HaumHaeT
KOITUPOBATH TEKCTYPHbBIE 0COOEHHOCTH TIPe 00y IeHHo Muddy3noHHoM Mo,
9TO MPUBOAUT K U3OBITOYHOMY CIVIAXKUBAHUIO MEJIKUX JeTaseil Kposiau. [Ipu
Adig < 0,005 momoxuTenbHbIN 3G deKT 1uddY3HOHHOTO yCUTeHNS CTAaHOBUTCS
CTATUCTUYECKU HE3HAYUMBIM.
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Komnonenma uysemoeot coeaacosanmnocmu (Aqolor = 0,05). IlBeroBas
oTepsi, OCHOBaHHAas Ha AudPepeHInpyeMoii rucTorpaMMe, uMeeT Maciirab,
YYBCTBUTEJLHBIN K pazMepy M300parkeHus W KOJUYECTBY OUHOB MHCTOPAMMBL.
s m306pazkenuit 256 X 256 nukceseit koadbdunuent 0,05 sABIsgeTcsa onTu-
MAJBHBIM: OH 3PPEKTUBHO IOAABISIET HEECTECTBEHHBIE I[BETOBbBIE CIBUTH
(HanpuMep, NOsBJIEHUE <«KUCJIOTHBIX» OTTEHKOB IIPH BOCCTAHOBJIEHUH TE€PPAKO-
TOBOI YEpenuIibl), HO He IPUBOJUT K YCPETHEHUIO IIBETOBBIX KJIACTEPOB.
IIpu Aeojor = 0,1 mHabmiomaeTcs JETKOE «BBIIIBETAHNE» HACHIIEHHBIX IIBETOB
KPOBEJIbHBIX MATePUAJIOB (CHUXKEHHE [IBETOBOIO PAa3HOOOPa3usl 110 METPUKE
Colorfulness Index [29] na 12%).

HUmozoswiti basarc. Takum obpa3om, BeIOpaHHbIE KOIMDMUIMEHTHI obectie-
9UBAIOT COAJTAHCUPOBAHHBIN BKJIAJT KaXK/I0/ KOMIIOHEHTHI B OOIILYI0 (DYHKITUIO
[IOTEPh, ITO MOJATBEPKIAETCS Pe3yIbTaTaMu abJIsIIIHOHHOTO UCCIIeI0BAHUS:
[OJIHAsT KOH(UIypaIusl JOCTUTraeT Ha BangarimonHoil Beioopke PSNR, =
34,5 nb, SSIM = 0,972, LPIPS = 0,052 u FID = 17,6, npeBocxojisi BCe
HenosiHble KOHUrypanun (Tabauma 2) 10 COBOKYITHOCTH TeOMETPUIECKUX 1
MIEPIENITUBHBIX METPUK.

7. AHanun3 Ka4ecTBa BOCCTAHOBNEHUS B 3aBUCUMOCTU OT nnaowann
nospexaeHus

JIJ1s1 OLIEHKH YCTORYIMBOCTH MO K PA3IMYHBIM MACIITabaM HOBPEK CHMUIT
TecToBas BbIOOpKa u3 200 m306pakenuii Obliia pa3/iesieHa Ha TPU T'PYIIIIbL:
MmaJbie noppexkaenust (10-15% nuomamn), cpenuune (20-25%) u obmupHbie
(30-35%). Mauibie nmoBpeKJieHUsT COCTABIAIOT nopsiiaka 85% or obiero
KOJIMUeCcTBa n300pazkKeHuil B TeCTOBOi BLIOOpKe, cpeanue u obmmpHbie— 10% u
5% COOTBETCTBEHHO.

Pesysbrarsl cpaBHEHUST ¢ COBPEMEHHBIME METO/[AMU [IPUBE/IEHBI B TaOHIIE 3.
JIyumue moka3aTesn BbIIEIeHBI KpacHbiM. Kak BugHO 13 Tabsuisr, Roof-
DeGAN cTabuibHO IIPEBOCXOJAUT BCe CPABHUBaeMble IIOJIXOJbI BO BCEX
Janazonax nospexkenuit. [Ipu masbix nospexaenusx (10-15%) somrpsin B
PSNR cocrasister 1,5-9,7 ab 110 cpaBHEHNIO ¢ TPAJUIUOHHBIMEA METOAAMHU 1 1,5—
2,1 1B oTHOCHTENBHO coBpeMeHHbIX quddy3nonnsix Momeredi (SatDiff, KAO).
IIpu srom SSIM yayumraercsa mo 0,986 mporus 0,742-0,958 y KOHKYPEHTOB, a
FID camxkaercs mo 18,2 mporus 32,7-187,3.

Ipu cpemaux nospexaeansx (20-25%) MpenMyImecTBO yCUIUBAETCST:
npupoct PSNR mocturaer 2,0-8,3 n1b, SSIM pacrér mo 0,971 nporus 0,718
0,952, LPIPS cumxaerca mo 0,059 mporus 0,058-0,328 y koukypentos, a FID
yMeHbIaeTcs J10 22,5 npotus 35,8-192,6.



TABHHHA 3. KauecTBo BOCCTAHOBJIEHNSI B 3aBUCUMOCTH OT IJI0IIa/ 1 ITIOBPEXKJICHU A

Meroapi 10-15% 20-25% 30-35%
PSNRT‘ SSIM T ‘ LPIPS| ‘ FID/| PSNRT‘ ssIM T ‘ LPIPS| ‘ FID| PSNRT‘ SSIMT ‘ LPIPS| ‘ FID,|

Tpaduyuortvie memodvt

Navier-Stokes [3| 24,18 | 0,742 | 0,312 | 187,3 | 23,45 | 0,718 | 0,328 | 192,6 | 22,10 | 0,682 | 0,356 | 205,4

PatchMatch [4] 25,92 | 0,801 | 0,245 | 142,8 | 25,12 | 0,778 | 0,262 | 148,5 | 23,85 | 0,741 | 0,289 | 162,1
Jluppysuonmnvie modeau

DDPM |[8] 28,45 | 0,873 | 0,118 78,6 | 27,80 | 0,852 | 0,132 82,4 | 26,15 | 0,814 | 0,158 89,7

SatDiff [10] 31,78 | 0,949 | 0,068 38,2 | 30,45 | 0,941 | 0,065 41,5 | 28,92 | 0,912 | 0,092 52,3

KAO [11] 32,41 | 0,958 | 0,061 32,7 | 31,12 | 0,952 | 0,058 35,8 | 29,67 | 0,923 | 0,085 | 44,1
Tubpudnvie u GAN-memodol

Pix2Pix [6] 28,92 | 0,885 | 0,142 92,5 | 28,15 | 0,865 | 0,156 98,2 | 26,78 | 0,828 | 0,182 | 110,6

ESRGAN [7] 29,34 | 0,902 | 0,098 67,3 | 28,65 | 0,882 | 0,112 72,1 | 27,40 | 0,845 | 0,138 84,9

DeGAN 6azossrit [13] | 31,85 | 0,958 | 0,082 29,4 | 31,02 | 0,948 | 0,088 33,7 | 29,78 | 0,922 | 0,102 | 41,2
Hoswili memod

Roof-DeGAN ‘ 33,87 ‘ 0,986 ‘ 0,045 18,2 ‘ 33,42 ‘ 0,971 ‘ 0,059 ‘ 22,5 ‘ 31,25 ‘ 0,948 ‘ 0,074 ‘ 29,8

[4°r4

SN ‘dodsdMoHuy g U

GOdVINA "[7 "] ‘dOMAHVIV][
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OcobeHHO OKA3aTeIbHO MOBe/IeHne P OBIIMPHBIX HOBpexKenuax (30—
35%): mpemIoXKeHHBIIT MeTOs, coxpansieT Bhicokoe Kadectso (PSNR = 31,25 1B,
SSIM = 0,948, LPIPS = 0,074, FID = 29,8), Tora Kax TpaJuIMOHHBIE METOIBI
magator g0 22,10-23,85 1B (FID g0 205,4), a qucrbie auddy3nonnbe Mojeam —
1o 28,92-29,67 nb (FID mo 44,1-89,7). Bemrpein 8 PSNR 1o cpasaenuto ¢
ayummuMu Koukypertamu (KAO, DeGAN) cocrasasier 1,6-2,3 a1B, SSIM
ynyamaercest Ha 0,025-0,026, LPIPS comocrasum (0,074 nporus 0,058-0,085 y
koukypenros), a FID ymenbriaerca na 11,3-14,4 equnuript. Pesysbrarsb
CpaBHEHMsI TeOMETPHYECKUX U TEPIENTUBHBIX MeTpuK Mozesu Roof-DeGAN c
JIYYIIIMU KOHKYPEHTaMU IIPUBEIEHBI Ha PUCYHKE 7.

35 1.00

B 10-15% B 10-15%
I 20-25% I 20-25%
34| | @l 30-35% - [ 30-35%

PSNR (16) t
SSIM 1

Roof-DeGAN

Roof-DeGAN

MeTop

B 10-15% B 10-15%
0.102 B 20-25% 44.1 B 20-25%
0.10 - [ 30-35% - [ 30-35%

40

30

FID ¢

20

10

DcGAN Roof-DeGAN
MeTop MeTop

DcGAN Roof-DeGAN

PucvHok 7. Cpasrenue reomerpudeckux (PSNR, SSIM) u
nepuentusabix MeTpuk (LPIPS, FID) Roof-DeGAN c¢ syummmu
KOHKYPEHTAMH

B Tabaure 4 npuBeneno cpaBHEHHE METOJIOB [0 METPUKE KAdIeCTBA IPAHUIL
Boundary F1. Kpacubim BbIIeI€H JIydIni pe3yibTarT.
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Tasmuua 4. CpaBHeHue METOJMIOB 110 METPUKE KadeCTBa I'DAHMIL,
Boundary F1 (ycpesHeHue 1o BceM TUIAM HOBPEXKIEHUIA )

MeTonbt Boundary F1T
Tpaduyuorrvie memodvt Navier-Stokes [3] 0,38
PatchMatch [4] 0,46
DDPM |[8] 0,62
Augpdysuonnvie modeau SatDiff [10] 0,79
KAO [11] 0,82
Tubpudrvie u GAN-memoov, Pix2Pix [6] 0,54
ESRGAN [7] 0,58
DeGAN 6azosbiii [13] 0,81
Hoswiti memod Roof-DeGAN 0,91

Pesym)TaTm yCrenrHoro BOCCTaHOBJICHUA KPBIII Ha TECTOBOM JaTaceTe

IITIK «Pockamacrp» nokasanbl Ha pucynke 8. Ha méMm s KaxKgoro us

T

(6) Pe3ysibTaThl yCHEITHOIO BOCCTAHOBJICHUS

PucyHok 8. Kpslmu gausbix JJOMUKOB JI0 U TOCJIE UX YCIENTHOTO
BOCCTAHOBJIEHHSI C UCIOJIb30BAHUEM IIPE/JIAraeMOI0 METOIA
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TPEX IPUMEPOB [IPUBEJIEHbI UCXOJHOE U300parkeHue (YaCTUIHO 3aKPBITOe
KPOHAMU) U PE3YJIbTAT PabOThI Ipeyiaraemoii Moesu. CremneHb CJ0KHOCTH
BOCCTAHOBJICHNSI BO3pacTaer cjiesa Hapaso: 10% nepekpbiTust (MHOrOCKaTHAS
KPBIIA) ~MUHUMAJIbHOE BoccTanoBienne; 20% mepekpbiTust (JBycKaTHAS
KPBIIIIa) ~BOCCTAHOBJIEHUE TEKCTYPBI M T€OMETPUU CKATOB; 35% IepeKphITHsi
(MHOTOCKATHASI KPBIIIA) —3HAUNTEbHAs] PEKOHCTPYKIUS YTJIOB M TEKCTYPHL.

st Mmaseix u cpepanx nospexnaennit (10-20%) kauecTBo BOCCTAHOBJIEHUST
SIBJISIETCsT DOJIee YeM MPUEMJIEMBIM: TEOMETPHUsI CKATOB COXPAHSETCsI, TEKCTYPa
KPOBEJILHOIO MaTepuaJia BOCIPOU3BOIUTCS JOCTOBEPHO. [Ipu obImupHbBIX
nospexaenusx (35% u Gosiee) HA BOCCTAHOBJIEHHOM M300PaXKEHUU MOI'YT
HABITIOIATHCST 3HAYUTEbHBIE UCKAYKEHIST TEKCTYP KPOBEJIBHOTO MOKPHITUST U
dopmbl Kpbiiu. [Ipu 9ToM 107151 TTOJTHOCTBIO HEY/IAYHBIX PE3YJIbTATOB HE
npesbimaer 3-5% ot 001Iero uncaa o6pabOTAHHBIX CHUMKOB; B 9THX CJIydasax
Ka4eCTBO OCTAETCs HEMPUEMJIEMBIM JIJIsT TIOCJIEIYIONIeH aBTOMATH3NPOBAHHON
Ka/IaCTPOBOI 00PabOTKM, PUCYHOK 9.

(a) Ucxonuaoe nzobpazkenue (6) Pe3ysibTaThl HEYCIENTHOIO BOCCTAHOBJIEHUST

PucyHok 9. Ilpumep HEYCHENTHOTO BOCCTAHOBIICHHS H300PaKEHUST
KPBIIIH € UCIOJB30BAHUEM IIPEJIAraeMOT0 METOIA

8. Orpaqueva MeTo4a U NepCneKTuBbl p,aaneﬁl.umx mccnegoaanmﬁ

HecmoTpst Ha BBICOKME KOJIMYECTBEHHBIE M KAYECTBEHHBIE PE3yiIbTa-
oI, MoZeab Roof-DeGAN o6siaaer psaoM orpaHudennii, OTKPbIBAIOIIAX
HAIPABJIEHUs] JIJTsl JIaJIbHEHINEr0 PA3BUTHS.

3asucumocms om Kawecmea macku. Mojeas Tpebyer GuHAPHON MacKu
noBpexIEHHON obsactu M. B peasbHBIX yCIOBHSX aBTOMATHYECKas CEIMEHTa-
IUsT OKKJIIO3UH (KPOH JIEPEBbEB, TeHel, TEXHUKN) PEJKO JOCTUTAET UIEATbHOrO
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KavecTBa. KavecTBeHHBIN aHAIN3 TIOKA3BIBAET, ITO MPH HEZHATUTEIHHBIX
ommbkax cermentammn (IoU € [0,85;0,95]) Mojienb cOXpaHsieT BBICOKYIO YCTOIi-
YUBOCTD — apTedaKThl JIOKATU3YIOTCS MTPEAMYIIECTBEHHO Ha TPAHUIAX MACKA W
He 3aTPAaruBaloT BHYTPEHHIOI F€OMETPHIO CKATOB 6arofaps skip-coemHeHnsIM
U MHOTOYPOBHEBOMY JIUCKPUMUHATODPY. [IpH CyMIECTBEHHBIX MCKAYKEHUAX MACKH
(TIoU < 0,8) mabiofaercst lerpa/ialys KadecTBa BOCCTAHOBJIEHNST: OSABJISIOTCST
3P PEKTh «IBONHBIX KOHTYPOB», JIOKAIbLHbIC UCKAXKEeHHUsI TeKCTYp M HapylleHue
reoMeTpUH KOHBKOB, OCKOJILKY IeHepaTop JMOO IBITaeTC BOCCTAHOBUTH yIKe
BUJIIMbBIE YYACTKH, JJUOO OCTABJIFET YaCTh OKKJIIO3UH HETPOHYTOI.

Paspewerue usobpasicerui. Ias o6paboTkn a3podOTOCHIMKOB BHICOKOTO
pas3pemnienns], 3HaUNTeIbHO IIPEBBIMIAIONINX pa3Mep 256 X 256 nukcerei,
MEPCIEKTUBHBIM HAIIPABJIEHUEM SIBJISIETCS MHTErPANUS IPE/JIOZKEHHO apXUTeK-
Typbl Roof-DeGAN c¢ dpeitmBopkaMu dhparMeHTapHOrO BBIBO/A, TAKIMUI
kak SAHI (Slicing Aided Hyper Inference). Janublit noaxo/ mpeoaraeTr
pazbueHne UCXOMHOTO M300PaXKEeHUsi U COOTBETCTBYIOIIEH MACKU TOBPEXKICHUS
M Ha TepeKpBIBAIOIINECS ATYU (DUKCUPOBAHHOTO PA3PEIIEHNs, HE3ABUCUMYTO
00pabOTKy KaxKJIOro marda 00y9IeHHON MOEJbI0 U MOCJIEYIONYI0 arperauio
Pe3yIbTATOB C IPUMEHEHUEM B3BEIIEHHOI'O YCPEJHEHUs B 30HAX MEePEKPBITUS
JIJIsT MUHUMU3AIUNA TPAHUYIHBIX apTedakToB. Takasi cTparerus mo3BoJiseT
COXPaHUTH BBIYUCJIUTEIbHYIO 3 dheKTuBHOCTh nH(MEpeHca npu pabore ¢
n3obpazkenusMu pazmepoMm 1024 x 1024 u Gostee, 0b6ecIeINTh HEMTPEPHIBHOCTH
TEKCTYP KPOBEJbHBIX MATEPUAJIOB M NE€OMETPUUIECKYIO COIJIACOBAHHOCTH
apXUTEKTYPHBIX JIEMEHTOB KPBIIIK. B KauecTBe aJIlbT€PHATUBHOTO IIyTH
MAacCIITaOUPOBAHUS MOXKET OBbITH PACCMOTPEH Tepexo/] Ha bosiee 3 deKTuB-
Hble TpaHChOpPMEPHBIE OJIOKY ¢ JTMHEHHON CIIOYKHOCTHIO BHUMaHUsl (Swin
Transformer v2 [30], EfficientViT [31] u ap.).

IIpedcmasaennocms pedkur xaaccos u cuenapues. JJaraceT oXBaTBIBACT
OCHOBHbIE THIIbI KDOBEJIbHBIX NOKPBITUI (deperuia, MeTajuiouepenuna, mudep,
OUTyMHAs YEPeInIia), OJHAKO HEJOCTATOUHO IIPEJICTABIIET PEIKUe MATEPUAIIBI
(cosoma, Meb, craHer, 3eJéHas KPOBJisl, MeMOPAHHbIE TIOKPBITHs) U CJIOKHbIE
[OrO/IHbIE YCI0BUg (CHET, JTOXKIb, TEHU OT COCeIHMX 3aanuii). Pacmupenne
JATACeTa 3a CYET CUHTETUYECKUX M300parKeHuill U IpUMEHEHNe MeTOI0B
JIOMEHHOM aJlanTanuy MO3BOJIUT CYIIECTBEHHO MOBBICUTH OOODIIAIOILYIO
CITOCOOHOCTD MOJIEJIH.

Buiwucaumenvras crootchocmos obyuenus. Ha starre nndepenca Momaesnb
JIeMOHCTpUPYeT BBICOKYI0 3derrusrnocts (0,15 ¢ Ha m3obpazkenue 256 X 256
Ha GPU NVIDIA Tesla A100 SXM). Oxnako o6y4enne Tpebyer 0KoJo 6 1acos


https://github.com/obss/sahi?ref=blog.roboflow.com
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MAIINHHOTO BPEMEHH Ha TOM XK€ 060pyZ0oBaHHN. SHAUUTEIbHAS PECYPCOEM-
KOCTb 00yUeHNsI OrPaHIINBACT MACIITAOHpOBaHUe Ha OOJIBIINE JATACETHl I
n300parkeHnsl BHICOKOTO paspelrenus. [lepcreKTHBHBIMY HAIPABICHUSIME
ONTHMU3AINHA SBJISIOTCA JUCTHIUIANNS 3HAHN{T, KBAHTOBAaHIE BECOB U 3aMeHa
6a30B0i1 apXUTEKTypLI Ha GoJtee JErKue CBEPTOUHLIE ceTH [28].

Oepanuvenusn dudpdysuonnozo ycunrerus. Jnddy3nonnas KOMIOHEHTA
MOBBIIIAET CTAOUIBHOCTH MEHEPAIIUU U PEATUCTUIHOCTD TEKCTYP, OJIHAKO
YBEIUUNBAET BBIYUCUTEILHYIO HAIPY3KY W B OTJEJILHBIX CJIYYasX MPUBOIUT K
JIETKOMY CTJIA’KUBAHUIO MEJIKUX JleTajiell IpU OYeHb MJIOTHBIX MacKax. Jlaib-
Heiiinas onrumuszanus (pabora B JIATEHTHOM IIPOCTPAHCTBE MJIU COKPAIEHIEe
qucsa maros auddy3un) N03BOJUT yCTPAHUTD JAHHBIA HEJOCTATOK.

YyscmeumesvbHOCmd K A0KAAU3GUUL NOSPEHCIeHUt. XOTI MOIEb
JEMOHCTPHUPYET BBICOKYIO CPEIHIOI0 TOYHOCTH BOCCTAHOBJIEHUS TI'DAHMUI] 110
merpuke Boundary F1 (tabiuna 4), 370T pe3ynbTar JOCTHrAeTCsl B YCIOBUIX,
KOT/Ia MACKU MOBPEXKIEHNN TTPENMYIIECTBEHHO PACIOJIOXKEHBI B IIEHTPAIHHBIX
obmacTsx ckatoB (aro coorBercTByeT 85% TecToBOI BRIGOPKH). [Ipn o6mmMpHEIX
nospexienusix (30-35%), 3aTparnBaroIux TPAHNIBI KPBIII, TOYHOCTD NAJAeT
110 0,68-0,74 (pucynok 9). Jannoe orpannyenue cBA3aHO ¢ TeM, 9T0 skip-
COeIMHEHNUST 1 MEXKMACIITAOHOEe BHUMAHNE HE MOTYT IePEeIaTh T€OMETPHIO, €CJIU
[TOBPEKJIEHa BCsI IpaHulia. [lepCleKTUBHBIM PelleHneM SIBJISIETCS MHTErPAIIUs

3D-kapkacos kpsim u3 maracera ZRG B mporecc o0ydenust.

Ozparuvennas NPUMEHUMOCT L. JKCIEPUMEHTABHAST BAJIUIAIAS MOJIEN
poBoimIach ucKounTeabHo Ha Janubix [IIIK «Pockagactps. Ilomyuenubie
pe3yJIbTaThl MOT'YT HE 0000MAaThCs Ha a3pOMOTOCHUMKY, MOJIYYEeHHBIE B
WHBIX ycaoBusaX. st pacmmpenns 0o01acTi TPUMEHEHUsT MOIe/ I TPebyeTcst
JIOIIOJIHUTE/IbHAST BAJIMJIAIlAs HA JIPYIUX JaTaceTax U, IIPU HEOOXOIUMOCTH,

J000yYeHre MOJIEIH.

B Texyrmeit Bepcun uccnenoBanus 1eseBoit garacet orpannder 2000 w300~
paxkenusimu. JIjist masjibHeiIero moBeIeHns 0600IIAINEel CIIOCOOHOCTH MOJIEIN
IIaHupyeTcs pacmupenne Beoopku 10 5000+ nzobpakeHnii ¢ BKIIOUECHTEM
PEJIKHX THUIIOB KPOBEJbHBIX [OKPBITHI M €CTECTBEHHBIX OKKJIIO3Ml (00/184HOCTD,
CE€30HHbIE USMEHEHUA paCTI/ITeHbHOCTI/I). HepCIIeKTI/IBal\/II/I paSBI/ITI/Iﬂ TaKZKe dB-
JIIFOTCS UCHIOJIb30BAHUE BPEMEHHBIX PAJIOB a3pOhOTOCHUMKOB (BOCCTAHOBJICHUE
[0 HECKOJIbKUM J]aTaM) U [EPeXOoi K TPEXMEPHOMY BOCCTAHOBJICHHIO TEOMETPUU

KPBIII.
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9. 3akntoueHne

B xoie BhIIOIHEHNST PabOTHI paspaboTaHa ruOpUIHAs] TeHEePATUBHAS
mogiesib Roof-DeGAN 15t BoccTaHOBJIEHUST CKPBITBIX 00/1aCTell KPBIIT 3/IaHUN HA
aspodorocunMKax. IIpemokeHHast apXuTeKTypa CoOtueTaeT TpaHcdopMepHbIe
6J10KU JJIsT y4IéTa 1100aJIbHOI0 KOHTEKCTA, IJIOTHBIE CBEPTOYHBIE CBSA3U JIJIsI
YAy UIIeHUs PACIIPOCTPAHEHUS TPU3HAKOB U MEXAHU3M ME2KMAaCIITaOHOTO
BHUMAaHMsI B MHOTOYPOBHEBOM JIMCKPUMUHATOPE JIJIs TOBBIIEHNs] CTA0OMIBHOCTH

OO0y JeHUsI.

OcHOBHBIE Pe3yJIBTATHI PADOTHI:

» Pazpaborana apxuTeKTypa reHepaTropa THUIIa SHKOJEP—IeKOAep C TPaHC-
dopMepHBIMU OJIOKAMHU C JUHAMUYECKUM Pa3pe’KeHueM BHUMAaHUS,
cHIZKatoNM cyioxHocTh ¢ O(n?) 1o O(n - k) 3a cuéT ajanTuBHOTO
IIPOILYCKa OJHOPOJIHBIX 0bJIacTeil CHUMKA.

Cosman MHOTOYPOBHEBBIH JIUCKPUMUHATOP, OIEHUBAOIINIA TPAaBIOIO-
JIOOHOCTH BOCCTAHOBJIEHHBIX (PPArMEHTOB Ha PA3HBIX MACIITA0aX, YTO
MTOBBIIIAET YCTONINBOCTb OOYYEHUsT M KAYECTBO TEKCTYP.

TIpemtoxker n SKCIEPUMEHTATBHO OOOCHOBAH JIBYXITAITHBIN METO,
oby4enust: npepodbydenne Ha maracere ZRG B pexkxume cermenTannm
KPBIIIT C TTOCTEYIONUM TEPEHOCOM BECOB B 38719y BOCCTAHOBJICHUS.
ITokazano, aro Takoit moaxos obecneunBaer npupoct PSNR wa 6,16 1b
[0 CPABHEHUIO ¢ 00yueHueM ¢ Hy/s (Tabuuia 2).

DKCIIEpUMEHTAJIBHO IOATBEPXKIEHA BBICOKas 3(pPEKTUBHOCTD IIPEIJIO-
»KEHHOI'O TOJIX0/Ia: Ha TeCTOBOM BhIOOpKe nocturayTbl PSNR = 33,7
ab, SSIM = 0,971, LPIPS = 0,048 u FID = 17,8, uro npeBocxoaut
cospemennble Metoisl Ha garacere IITIK «Pockamacrpy (rabmuia 1). Ha
TecTOBOI BhIOOpKe cpefmss merpuka Boundary F1 cocrasuia 0,91. IIpn
9TOM I MOBpPeXkIeHnii miomansio 10-15% smagenme gocturaer 0,96,
st 20-25% —0,88, a auyia 30-35% cuuxkaercs g0 0,74 (tabuauna 4). dto
HOATBEPKIAET, YTO MOZE/Ib YBEPEHHO BOCCTAHABIMBAET M€OMETPUIO KPBIII
IIPY YMEPEHHBIX ITOBPEXKIAEHUAX, OIHAKO IPU OOIIUPHBIX OKKJIIO3UIX
TOYHOCTH I'PAHULL OXKUIAEMO 1A 1A€T.

[TostyyenHbie pe3yabTaThl MOTYT OBITH UCIIOJIH30BAHBI B CHCTEMAX aBTOMa-
TU3UPOBAHHON 0OPAbOTKH JAHHBIX JIUCTAHIIMOHHOIO 30HUPOBAHUS 3EMJIH,
Ipu OOHOBJIEHNH KapTOTrpadUIeCKUX MATEPUaJIOB, B 3aJadaX MOHUTOPUHI
TOPOJICKOI 3aCTPOYKM U COCTOSHUA KPOBEJIb 3[MaHUN, & TaKXKe B CMEKHBIX
00J1acTAX, TPEOYIONTNX BOCCTAHOBJIEHUSI CKPLITHIX (DPArMEHTOB N300paKeHuil.
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JlanbHeiine uccieioBanns OyIyT HAIIPABJIEHBI HA a/IAITAIlN0 pa3pabo-
TaHHOM MOJEIN JJIs y4€Ta BPEMEHHOH JIMHAMUKN N3MEHEHUs PACTUTEbHOCTH,
UHTETPAIUIO € JAHHBIMU JIDYTUX CIIEKTPAJIbHBIX /IMalla30HOB, a TaKXKe Ha IIpu-
MEeHEeHUe TPEJIJIOZKEHHOT0 TTO/IX0/Ia JIJIs PEIIEHNsT CMEXKHBIX 3a/1a4: YCTPAHEHU s
TeHeil, BOCCTAHOBJIEHUSI IIOBPEXKJIEHHBIX apXUBHBIX CHUMKOB U Y/Iy4IIE€HUS
Ka4IecTBa M300parKeHn, IOy IEHHBIX B HEOJIATOIPUSATHBIX METEOYCIOBUIX.
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