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Abstract. The article presents a multi-task neural network based on
a modified U-Net architecture for joint semantic and instance segmentation
of objects in aerial imagery. The model employs a symmetric encoder-decoder
structure with skip connections and is equipped with two parallel output heads.
The semantic head performs pixel-wise classification, while the embedding
head generates discriminative vector representations for each pixel. The
application of a specialized discriminative loss function ensures compact
embedding clusters within objects and separation between different instances. In
the post-processing stage, clustering the embedding field allows for unambiguous
extraction of individual object masks.

Experiments were conducted on a specialized aerial imagery dataset containing
23,076 annotated objects across five classes. For the key class «Building» the
validation set achieved IoU = 0.812 and F1l-score = 0.880. A comparison
with state-of-the-art methods (Mask2Former, OneFormer, SAM 2 with LoRA
fine-tuning, MR-DeepLabv3™) confirms the model’s competitiveness in terms
of the balance between accuracy and inference speed.

The model demonstrates effectiveness for automated mapping and urban
structure analysis tasks using remote sensing data. (Linked article texts in
English and in Russian).
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Introduction

The analysis of aerial photographs and satellite imagery represents
a rapidly evolving field of computer vision with a wide range of applications —
from urban planning and environmental monitoring to agriculture and
disaster response. Among the most challenging tasks in this domain
is accurate object segmentation, which requires not only pixel-wise
classification into semantic categories but also the separation of individual
instances belonging to the same class. Traditional segmentation approaches
often struggle with complex scenes containing overlapping structures,
heterogeneous object sizes, and closely spaced instances — a common

characteristic of high-resolution imagery.

Semantic segmentation architectures have demonstrated significant
success in pixel-wise classification tasks. However, by design, these models
cannot distinguish between separate objects of the same semantic class.

Meanwhile, instance segmentation methods effectively isolate individual
objects but may exhibit reduced performance in scenarios involving dense,
irregularly shaped structures typical of aerial imagery. This limitation
underscores the need for approaches that combine the strengths of both

paradigms.

Advances in embedding-based methods have shown promising results
in addressing joint semantic and instance segmentation. These approaches
train models to generate vector representations for each pixel, where
vectors belonging to the same object are similar in embedding space, while
vectors from different objects remain discriminable. This strategy naturally
integrates semantic information with instance separation capabilities —
particularly important for aerial image analysis, where objects often form

complex spatial configurations.

This work proposes a modified U-Net architecture for jointly solving
semantic and instance segmentation tasks on aerial imagery. The model is
multi-task and features two specialized output heads: a semantic head for
pixel classification and an embedding head for generating discriminative

vector representations.
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The architecture follows an encoder-decoder scheme with four levels
of spatial transformation. Skip connections transfer features between
symmetric encoder and decoder layers to preserve fine-grained details.
Model training employs a discriminative embedding loss that encourages
the formation of compact pixel clusters within individual objects while
enforcing separation between distinct instances.

Experimental results demonstrate the effectiveness of the proposed
approach in segmenting complex scenes, achieving high accuracy in both
semantic classification and instance separation. The model exhibits
robustness to various challenges typical of aerial imagery, including
variations in scale, illumination, and object density.

1. Overview of Modern Segmentation Methods

Modern approaches to image segmentation are rapidly evolving from
classical two-stage architectures toward more efficient, unified, scalable,
and flexible solutions. Contemporary models increasingly combine the
strengths of convolutional networks, attention mechanisms, dynamically
generated convolution kernels, hierarchical transformers, and contextual
learning — enabling state-of-the-art performance across semantic, instance,
and panoptic segmentation tasks with reduced computational costs.

Panoptic-DeepLab [1] remains a cornerstone in panoptic segmentation
development — one of the most cited and influential architectures in
this domain. The model inherits the powerful Atrous Spatial Pyramid
Pooling (ASPP) encoder from the DeepLab family [2] but introduces
two minimalist, fully parallel heads: a conventional semantic head for
“stuff” categories and a centroid head predicting a heatmap of object
centers (“things”) along with per-pixel offset vectors. Instance grouping is
performed via simple voting without Non-Maximum Suppression (NMS) [3],
making the method exceptionally fast (up to 504+ FPS on V100 GPUs) and
easily integrable into real-world systems.

The revolutionary departure from the two-stage Mask R-CNN scheme [4]
came with the emergence of query-free methods. CondInst [5] and
SOLOv2 [6] introduced the “segmentation-by-location” principle — instead
of region proposal generation, the network directly produces object masks
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based solely on spatial coordinates. In CondlInst, for each hypothesized
object center, weights and biases of a small convolutional filter are predicted
and then applied to the feature pyramid map to generate arbitrarily shaped
masks. SOLOv2 extends this idea further: the image is divided into
a regular S x S grid, and for each cell the network simultaneously outputs
class probabilities and a compact mask kernel (typically 256-channel).

The final mask is obtained via standard convolution of this kernel
with the global feature map. By completely eliminating region alignment
operations and NMS, both methods achieve 2-3x acceleration while
maintaining or even improving accuracy: SOLOv2, for instance, reaches an
Average Precision (AP) of 39.7 on the COCO dataset [7] at approximately
20 frames per second.

The classic U-Net architecture [8] remains the gold standard in medical
and satellite imagery segmentation, where precise boundary recovery is
critical. Its evolution proceeds along multiple directions:

U-Net™ [9] introduces nested dense skip connections and deep supervi-
sion across all decoder levels, substantially reducing the semantic gap
between multi-scale features;

U-Net 87 [10] employs fully connected multi-scale skip connections,
allowing each decoder layer to aggregate information from all encoder
resolutions and effectively fuse low-level details with global context;

Attention U-Net [11] and its numerous successors (AG-U-Net, Fo-
cusNet, MultiResUNet, and others [12]) integrate soft attention
gates into skip connections that automatically suppress irrelevant
background while enhancing salient organ and pathology boundaries.

Among the most recent advances are nuFormer [13], replacing standard
convolutions with interpolated convolutional blocks and multi-layer
attention, and MedFormer [14], which integrates transformer modules into
skip connections and demonstrates Dice score improvements of 4-6%
on challenging multimodal CT and MRI datasets. As a result, modern
U-Net variants deliver significantly higher contour accuracy and better
generalization even with limited annotated medical data.

MaskFormer [15] and Mask2Former reformulated segmentation as the
prediction of a set of binary masks with associated class labels, completely
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abandoning traditional per-pixel classification in favor of bipartite matching
loss. Instead of assigning a label to each pixel, the model simultaneously
generates a fixed number of queries, each producing a mask and class
probabilities (including “0” — the empty class), after which optimal
assignment between predicted and ground-truth objects is found via the
Hungarian algorithm. This paradigm eliminates object duplication and
omission issues, substantially simplifies architecture, and improves quality,
especially in panoptic segmentation.

This unification trend is particularly evident in video segmentation.
A representative example is DVIS [16], where authors propose a fully
decomposed pipeline comprising three independent yet coordinated modules:

(1) Per-frame panoptic segmentation based on Mask2Former with
a powerful DINOv2 visual encoder [17], providing high-quality initial
masks and object embeddings.

(2) A lightweight online tracker linking instances across frames solely via
centroids and cosine similarity of embeddings — requiring no complex
heuristics or recurrent blocks.

(3) An offline temporal consistency refinement module implemented
with graph neural networks to eliminate trajectory merging and
fragmentation errors.

Thanks to this architecture, DVIS sets a new state of the art, achieving the
best result on KITTI-MOTS [18] at over 30 frames per second — making it
especially valuable for autonomous driving, video surveillance, and other
real-time applications.

The OneFormer model [19] represents the culmination of unification
efforts. It is a single architecture with one parameter set. It solves all
three segmentation tasks (panoptic, instance, and semantic) depending
solely on a simple text prompt (e.g., “panoptic”’). OneFormer surpasses
specialized models by 2-5% in mAP across all major datasets: COCO [7],
Cityscapes [20], and ADE20K [21].

At its core lies a Swin-L Transformer [22] — a task-agnostic feature
extractor — paired with a transformer decoder employing masked cross-
attention. This combination enables effortless adaptation to new domains
and tasks.
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In medical segmentation, U-Net family evolution increasingly proceeds
via hybridization with transformers. TransUNet [23] and its direct successors
(UNETR ', Swin-UNet, MISSFormer) |24| combine a convolutional
encoder responsible for local texture feature extraction with a transformer
module providing long-range global context. The key innovation is cascaded
resolution recovery using deformable cross-attention, enabling the network
to effectively reconstruct fine structures (vessels, microscopic tumors, nerve
fibers). On standard medical benchmarks Synapse, ACDC, and BTCV [13],
such hybrid models outperform purely convolutional counterparts by 3-7%
in Dice score and demonstrate particularly strong gains under extremely
limited annotation regimes.

A separate rapidly growing direction is fully unsupervised universal
segmentation. U2Seg [25] and related works have demonstrated that
high-quality panoptic annotations can be generated automatically without
manual labeling— instance masks are extracted via self-supervised methods
such as MaskCut and FreeMask [26], semantic groups are obtained through
knowledge distillation from large pretrained models CLIP and DINOv2,
and both label types are then fused into consistent panoptic annotations for
training a unified segmentation network. Consequently, U2Seg achieves 52.1
PQ on COCO-panoptic [27] and 61.3 mIoU on Cityscapes without a single
manually annotated label — opening a realistic path toward segmentation
of rare pathologies, novel modalities, and any domains where annotation
has traditionally been unavailable or prohibitively expensive.

In reference-based video object segmentation with arbitrary prompts,
LoSh [28] currently leads by effectively unifying long and short textual
descriptions with visual features within a single transformer, delivering 4-7%
gains in J&F metric on Ref-YouTube-VOS and Ref-DAVIS datasets [29]
without heuristic inter-frame tracking. Even more radical steps toward
full unification are demonstrated by K-Net [30] with iteratively refined
learnable convolution kernels and especially SegGPT [31] —a model capable
of solving arbitrary segmentation tasks from just one or two “image-mask”
examples (in-context learning), including medical scans, satellite imagery,
and even arbitrary artistic styles, without any fine-tuning.

In 2025, a specialized DeepLabv3™ modification named MR-DeepLabv3™
was proposed [32], specifically designed for precise semantic segmentation
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of buildings in high-resolution remote sensing imagery. The model addresses
typical challenges of such data: incomplete building contours, blurred
boundaries, and missed small structures. To this end, the architecture
incorporates adaptive multi-scale convolutional kernels (3x3, 5x5, 7x7)
to improve multi-level feature capture and an optimized loss function
providing enhanced noise robustness. It features high compactness and
inference speed, making it particularly suitable for resource-constrained
applications.

2. Relevance and Problem Statement

Modern computer vision methods designed for segmentation tasks
predominantly rely on complex architectures such as transformer-based
models, which demonstrate high effectiveness on general-purpose benchmark
datasets (e.g., COCO [7], Cityscapes [20], ADE20K [21]). These models are
engineered to process diverse data encompassing a broad spectrum of objects,
scenes, and conditions, rendering them versatile yet simultaneously resource-
intensive and excessive for narrow-domain applications.

However, in several specialized domains— such as medical diagnostics,
Earth remote sensing (aerial and satellite imagery), or industrial inspection—
unique domain-specific datasets with characteristic properties are commonly
employed: high shape variability of objects, low boundary contrast, few
instances per image, and limited volumes of annotated data. For such
datasets, versatility is not a priority; instead, key requirements become
architectural features that ensure effective segmentation — from robustness
to noise and deformations to rapid learning on small samples. Meanwhile,
the aforementioned general-purpose approaches exhibit limited effectiveness
on specialized datasets for the following reasons:

Detector-oriented methods (e.g., Panoptic-DeepLab [1]), based on
predicting geometric centers and offsets, demonstrate reduced
accuracy on objects with non-canonical, non-convex, or heavily
deformed shapes typical of many applied domains.

Direct mask prediction methods (e.g., CondInst [5], SOLOv2 [6]),
while more shape-flexible, often lack an explicit, dedicated semantic
output, complicating their application in tasks requiring clear
separation into semantic regions.
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Classical semantic segmentation networks (U-Net [8] and its modifi-
cations [9-11]) cannot distinguish between instances within the same
class.

Most contemporary solutions are validated on general-purpose datasets,
and their architectures may be suboptimal for data with different
statistical and visual properties.

3. Research Aim and Objectives

The analysis presented above reveals a significant gap between powerful
yet resource-intensive universal architectures and the need for efficient,
interpretable solutions tailored to specialized application domains.

The aim of this research is to develop a model for joint semantic
and instance segmentation that maintains competitive performance on
a specialized aerial imagery dataset while exhibiting the following properties:

Architectural simplicity and transparency. Avoiding unnecessary com-
plexity in favor of a clear, easily modifiable structure.

Computational efficiency. Optimizing the trade-off between accuracy
and inference costs, including processing speed and memory footprint.

Adaptability to the target domain. Enabling effective training on spe-
cialized datasets of limited size with characteristic object distributions.

Result interpretability. Providing a clear and explainable process for
generating final segmentation masks.

Research objectives:

Design the model architecture.
Formulate a composite loss function.

Implement the inference pipeline.

- W=

Conduct a comparative experimental evaluation of the proposed
method.

The aim and objectives of this work represent a logical continuation
of research whose results are presented in [33] and [34].

4. Model Architecture

The model My employs a U-Net architecture consisting of two main
components: an encoder E and a decoder D, connected via skip connections,
as shown in Figure 1.
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The architecture includes two parallel output heads for semantic and
instance segmentation tasks — Hgem and Hepmp, which produce the maps
Ysem and Yoy, respectively.

Formally, this can be described by the following equations:
Yoem = Heem(D(E(X))) € REXWXCrem

Yeub = Homp(D(E(X))) € REXWXd T where

X is the input image,

Yo is the semantic probability map,

Yo is the field of d-dimensional embeddings,

Csem is the number of semantic classes in the dataset Dgpec,
E  is the encoder function,

D  is the decoder function,

H and W are the height and width of the output feature maps (height
and width of the image),

d  is the dimensionality of the embedding vector space.

The model implements a two-headed architecture, where the encoder-
decoder with skip connections addresses two parallel tasks:

The semantic head (Hsem) tackles the pixel-wise classification task by
transforming the decoder features into the map Yo € R XWxCoem
where each pixel is characterized by a probability distribution over

YRS

Csem semantic classes (e.g., “building”, “pool”).

The embedding head (Hem,) addresses the metric learning task by
generating a d-dimensional embedding vector Yemp € REXWXd for
each pixel. These embeddings are discriminative: vectors of pixels
belonging to the same object (instance) converge into a single compact
region in the d-dimensional space, while vectors from different
objects — are pushed apart.

Thus, the model simultaneously predicts what is depicted (semantics) and
where the boundaries between individual objects of the same class lie
(embeddings). During post-processing, clustering the embeddings allows for
the unambiguous delineation of each instance mask.

The information flow through the model follows this path:

Contraction path (Encoder): The input image X € RE*W>3 gequen-
tially passes through 4 Down blocks. At each level:
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« Spatial resolution is reduced by a factor of 2 (from H x W to
H/16 x W/16).

« Feature depth is increased (from 3 to 512 channels).

» Features are preserved for skip connections.

Bottleneck: At the minimum resolution (H/16 x W/16), the deepest
feature extraction occurs with the maximum number of channels
(1024). This level contains the most abstract semantic representation
of the image.

Ezpansion path (Decoder): Features sequentially pass through 4 Up
blocks using skip connections. At each level:

« Spatial resolution is increased by a factor of 2.

« Feature depth is decreased.

» Low-level details from the encoder are added to the high-level
features.

Split into two streams: At the decoder output, the stream is split into
two parallel heads:

» Semantic stream: transformed into a class probability distribu-
tion.

* Embedding stream: transformed into a metric space for
clustering.

The model architecture, shown in Fig. 1, corresponds to a modified
U-Net-like structure and consists of an encoder, a bottleneck, and a decoder,
culminating in two output heads.

The encoder (Downl-Down4 blocks) at each level contains two convolu-
tional sub-blocks of the form Conv2d*™! -+ BatchNorm2d“*? -+ ReLU%3
followed by a spatial downsampling operation MaxPool2d™*. The number
of channels doubles at each level: from 3 (input RGB image) to 64 (Down1),
then 128 (Down2), 256 (Down3), and 512 (Down4). The selection of 512
channels as the maximum encoder capacity is justified by empirical
search for the optimal balance between the model’s representational
power and computational complexity. Experimentally, this configuration
provides sufficient feature space dimensionality for object clustering while
maintaining efficient convolutional layer operation.

1 https://pytorch.org/docs/stable/generated/torch.nn.Conv2d.html

2 https://pytorch.org/docs/stable/generated/torch.nn.BatchNorm2d.html
3 https://pytorch.org/docs/stable/generated/torch.nn.ReLU.html

4 https://pytorch.org/docs/stable/generated/torch.nn.MaxPool2d.html
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https://pytorch.org/docs/stable/generated/torch.nn.ReLU.html
https://pytorch.org/docs/stable/generated/torch.nn.MaxPool2d.html
https://pytorch.org/docs/stable/generated/torch.nn.Conv2d.html
https://pytorch.org/docs/stable/generated/torch.nn.BatchNorm2d.html
https://pytorch.org/docs/stable/generated/torch.nn.ReLU.html
https://pytorch.org/docs/stable/generated/torch.nn.MaxPool2d.html
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The bottleneck (Bottleneck) consists of two identical convolutional
sub-blocks, but without downsampling convolution. It expands the number
of channels from 512 to 1024.

The decoder (Up1-Up4 blocks) begins with an upsampling operation
using ConvTranspose2d™®, followed by a concatenation operation (Concat)
with the corresponding feature tensor from the symmetric encoder block.
This is followed by two convolutional sub-blocks Conv2d - BatchNorm2d -
ReLU. The number of channels progressively decreases: from 1024 to 512
(Up1), 256 (Up2), 128 (Up3), and 64 (Up4).

At the output, the model splits into two independent output heads:

Emb Head: a single convolutional layer Conv2d, transforming 64 channels
into the tensor Yemp (vector embeddings);

Sem Head: a single convolutional layer Conv2d, forming the tensor Ygem
(semantic segmentation).

To ensure robustness against overfitting, the architecture incorporates
the following elements:

Multi-level Dropout reqularization. After each convolutional block
Conv2d -+ BatchNorm2d -+ ReLUin the encoder and decoder, a Dropout "
layer with probability p = 0.3 is added. Exceptions are the first
encoder block (to preserve low-level features) and the final layers
before the output heads.

Channel-wise Dropout in Bottleneck. Inthe Bottleneck layer (1024
channels), Dropout2d™’ with p = 0.5 is applied, which zeros out
entire feature channels. This is more effective for convolutional
networks than pointwise Dropout, as it prevents the co-adaptation
of spatially correlated features.

Skip connections are implemented with concatenation (Concat*™?)
followed by a 1x1 convolution for dimensionality reduction, which
reduces the risk of propagating noise from the encoder to the decoder.

Feature normalization. Batch Normalization (BatchNorm2d"™°) is used
in all convolutional layers with parameters momentum = 0.1 and
eps = 1077, ensuring stable training with small batch sizes.

5 https://pytorch.org/docs/stable/generated/torch.nn.ConvIranspose2d.html
6 https://docs.pytorch.org/docs/stable/generated/torch.nn.Dropout.html

7 https://docs.pytorch.org/docs/stable/generated/torch.nn.Dropout2d.html

8 https://docs.]pytorch.org/docs/stable/generated/torch.concat.html

9 https://docs.pytorch.org/docs/stable/generated/torch.nn.BatchNorm2d.html
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The choice of regularization parameters is based on preliminary
experiments:

Pointwise Dropout p = 0.3. This level provides an optimal balance
between information preservation and regularization. Lower values
(p < 0.2) yield insufficient effect, while higher values (p > 0.4) lead to
underfitting on the validation set. Pointwise Dropout is applied in
the convolutional blocks of the encoder and decoder.

Channel-wise Dropout p = 0.5 in Bottleneck. The high probability is
justified because the Bottleneck layer represents the most abstract
and high-level features, which are particularly prone to overfitting.
Dropout2d zeros out entire channels, which is more effective for
convolutional networks than pointwise Dropout, as it prevents the
co-adaptation of spatially correlated features within a single channel.

Selection of 4 architecture levels. Experimentally, increasing the depth
to b levels with combined Dropout regularization led to excessive
model complexity without a significant gain in validation accuracy
(+0.8% mloU with a 40% increase in the number of parameters).
Reducing to 3 levels degraded the segmentation quality of small
objects (-4.2% mloU), as insufficient network depth prevents the
extraction of hierarchical features of the required complexity.

The use of skip connections with concatenation, instead of attention
gates, self-attention, or residual connections in the decoder [11], is explained
by the specifics of the building segmentation task on high-resolution aerial
imagery.

Firstly, such skip connections fully preserve fine high-resolution details
from the early encoder layers. This is crucial for the accurate delineation
of building boundaries, complex roofs, shadows, eaves, balconies, and
chimneys — all details easily lost during resolution reduction in the encoder.
Concatenation provides the decoder with all features without unnecessary
filtering, ensuring superior boundary quality (by 4-7%).

Secondly, the mechanism is very simple and adds almost no parameters
or computational overhead. Attention gates (as in Attention U-Net)
introduce additional operations, increasing the load by 15-30% and
inference time by 20-40 ms for a 512x512 image. For processing large
volumes of aerial imagery in near real-time, such additional resource
consumption is typically unjustified.
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Thirdly, on aerial images with high building density and strong texture
variations (roofs, asphalt, shadows, trees), simple concatenation-based skip
connections perform more stably. Attention mechanisms can sometimes
overly suppress useful features from the background or adjacent objects,
causing building masks to become fragmented or small structures to be lost.

Consequently, classical skip connections — represent the optimal choice,
delivering high-quality boundaries with maximum speed and simplicity
of implementation for our applied task.

5. Loss Function Formulation

To train the model, a specialized hierarchical discriminative loss
function is proposed, which effectively addresses instance segmentation
tasks on aerial imagery, taking into account their specific characteristics:

(1) Etotal = Esemantic + A ‘Cinstanceu where

Liotal 18 the total loss function for optimizing model parameters;
L semantic 1s the component for semantic classification;

Linstance 18 the component for learning embeddings, responsible for
forming discriminative features for instance segmentation;

A = 0.5 is a scalar coefficient determining the relative contribution
of the instance segmentation loss to the total loss function.

The Linstance cOmponent consists of two complementary terms imple-
menting a discriminative loss function:

Einstancc = ‘Cvar + Edista where
Lyar (variance loss) is the term ensuring the compactness of embedding
clusters within each object;

L gist ( distance loss ) is the term enforcing separation between clusters
of different objects.

The Ly, term ensures the compactness of embedding clusters within each
object. For each instance k, the centroid of its embeddings cj is computed,
after which penalties are applied to pixel embeddings whose distance from
the centroid exceeds a threshold d.,,. It is calculated as follows:

£var = ? kz m i_le’IlaX(O7

=1

" o) h
e; _CkHQ_ var | where




ENZRY OBJECT SEGMENTATION USING DISCRIMINATIVE EMBEDDINGS 119

K is the total number of ground truth objects in the image;
Nj.  is the number of pixels belonging to object k;

egk) € R? is the d-dimensional embedding vector of the i-th pixel
of object k, obtained from the model output as Yemp|[-, 4, j];

cr = N%C Zivzkl egk) is the centroid (mean) of the embeddings for object
k, computed during the forward pass;
|| - ||z is the Ly-norm (Euclidean distance);

dyar 1s the radius threshold hyperparameter within which embeddings
are not penalized;

max(0,-) is the Hinge Loss™' function (also known as max-margin
loss), activating the penalty only for pixels farther from the centroid
than dyar.

As noted above, the Lgis¢ term ensures the separation of clusters for
different objects. For each pair of objects i and j, the distance between
their centroids |lc; — ¢;||2 is calculated, and a penalty is imposed if this
distance is less than the threshold dg;st:

2 E 2
Laist = KE-1) ;j;l max<0,5dist —||ei = chQ) ) where

ci,c; are the embedding centroids of objects ¢ and j, respectively;

dgist 18 a hyperparameter defining the minimum desired Euclidean
distance between centroids of different objects;

ﬁ is a normalization factor ensuring averaging over all unique
object pairs in the image (K (K — 1)/2 pairs).
For semantic segmentation, the standard cross-entropy function with
optional class weighting is used:

N C
Esemantic = _% Z Z We - G(i’c) . 10g (O’ (Y(l’c)))7 where

i=1 c=1
N = H x W is the total number of pixels in the image;
C  is the total number of semantic classes (including background);

we € R is the weight coefficient for class ¢, computed to compensate for
class imbalance in the dataset (often as the inverse class frequency);

10 https://torchmetrics.readthedocs.io/en/v0.8.0/classification/hinge_loss.html
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G € {0,1} is a binary indicator (one-hot encoding®') of whether
pixel ¢ belongs to class c;

Y () € R is the semantic logit (network output before the activation
function) for pixel ¢ and class ¢, corresponding to the element
Ysem [67 i) j];

o(+) is the function transforming logits into a probability distribution
over classes for each pixel.

The key hyperparameters of the loss function are tuned on the
validation set:

dyar controls the compactness of clusters. Smaller values create denser
clusters but may lead to overfitting. It is optimized to balance object
boundary accuracy and robustness to noise.

d4ist defines the minimum distance between objects. Larger values
increase separability but can make training difficult when objects are
densely packed. The chosen value is based on the typical distance
distribution between objects in the target aerial imagery dataset.

A is the balancing coefficient between semantic and instance segmen-
tation. An empirically determined value ensuring the convergence
of both components.

Class weights w,. are computed inversely proportional to class frequen-
cies in the training dataset to compensate for the imbalance typical
in aerial imagery (e.g., predominance of the “Background” class).
Specifically, w, = %]{;Z‘, where Niotal is the total number of pixels,
and N, is the number of pixels of class c.

The specific hyperparameter values 6. = 0.5, dqist = 2.0, A = 0.5,
and d = 32 were selected based on a sensitivity analysis experiment,
the results of which are presented below in subsection 7.3.2. For each
parameter, a specified range was investigated with the following steps:
Abyar = 0.1, Adgist = 0.2, AX = 0.1, and Ad € {8,16,32,48,64}. These
values demonstrate an optimal balance between intra-object cluster
compactness and sufficient inter-object separation in the embedding space.
The final values were selected based on the criterion of maximizing the
F1l-score on the validation set for the key «Building» class.

The proposed loss function possesses the following features:

n https://docs.pytorch.org/docs/stable/generated/torch.nn.functional.one_hot.html
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Ezxclusion of overlapping regions. When computing L.,,, pixels lo-
cated in object overlap regions are excluded from consideration. This
is critically important for datasets where objects frequently partially
overlap (e.g., trees, buildings, vehicles).

Hierarchical processing. The loss function operates on two levels: first,
local object characteristics (centroids) are computed; then, global
relationships between objects (pairwise distances) are analyzed.

Adaptation to varying object counts. For images with a single object
or none, Lqgis; is not computed, preventing training instability.

Component balancing. The coefficient \ allows adjusting the relative
contribution of semantic and instance segmentation according to the
specific task requirements.

The procedure for computing the loss function for a single image
involves the following steps:

1. Object identification. Determination of unique instance IDs in the
image (excluding background with ID=0).

2. Centroid computation. For each object, excluding pixels in overlapping
regions, the centroid of its embeddings is calculated.

3. Computation of Ly, — the mean squared excess of embedding
distances from the centroid over the threshold dyq;.

4. For all object pairs, computation of the penalty Lgist, applied if the
distance between their centroids is less than dq4;s;, averaged over all
pairs.

5. Parallel computation of the cross-entropy loss for semantic segmenta-
tion Escmantio

6. Aggregation. Summation of the components with the application
of the balancing coefficient: Liotal = Lsemantic + A(Lvar + Ldist)-

6. Inference Pipeline Organization

The inference pipeline implements the procedure for transforming an

R3*HXW into a panoptic segmentation mask, followed by

input image X €
result visualization. The inference pipeline carries out the following main
processing stages — segmentation, embedding clustering, and formation

of the final mask and result.
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6.1. Semantic and Embedding Segmentation

At the first stage, the input image X passes through the modified
U-Net architecture Mpy, trained for the joint task of semantic and instance
segmentation:

My (X) = (YsemyYemb), where
Yoom € RCemXHXW a6 the semantic logits (raw, unnormalized scores)
for Csem classes;

Yo € R*HXW are the d-dimensional embeddings (low-dimensional
vector representations preserving semantic similarity) for each pixel.
In this notation:

Csem 1s the total number of semantic classes (including background);
H, W are the image height and width, respectively;

d  is the dimensionality of the latent embedding space, chosen to
ensure feature discriminability.

The semantic class map Mgem € Z7*W is obtained by applying the
arg max operation along the class axis:

Mseml?, j] = argmax Yeem|c, 4, 4], Vi € [1,H],j € [1,W], where

Mem i, j] is the final predicted class (integer index) for the pixel at
coordinates (i, 7);

arg max. operator returns the index c of the class for which the logit
value Ygem|c, 4, j] is maximal.

6.2. Embedding Clustering

For pixels assigned to the “thing” categories, the DBSCAN"**? (Density-
Based Spatial Clustering of Applications with Noise) algorithm is applied
in the embedding space

{Sk}kl-(zl = DBSCANe,m ({Yetrlb[i7j] : Msem[i,j] S T}) y where

T C{1,...,Csem} is the set of class indices for “thing” categories,
subject to instance segmentation;

€ > 0 is a hyperparameter, the maximum distance between two samples
in a neighborhood for them to be merged into the same cluster;

12 https://scikit-learn.org/stable/modules/generated/sklearn.cluster.DBSCAN.html
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m € N is a hyperparameter, the minimum number of samples in the
e-neighborhood of a point to form a cluster core;

{Sk}§:1 is the resulting set of clusters, where each cluster Sy represents
a set of pixel coordinates {(4, j)} belonging to a single object instance;

K s the total number of detected clusters (instances).

6.3. Final Mask Formation

ZH*W (the final annotation combining

The panoptic mask Mgpa €
semantics and instances) is formed by merging semantic labels for
background and stuff classes with unique identifiers for each thing class

instance:
Msem[iaj]v if Msem[iaj] €S,
Kogset + ka if (Z,]) S Sk, where

Mﬁnal [Za ‘7} =

S C{l,...,Csem} is the set of class indices of type “stuff”, for which
instance clustering is not applied;

K ofser is an integer offset constant (typically Kofset = Csem), ensuring
that the unique instance identifiers (Kofset + k) do not overlap with
the semantic class indices from S;

ke {l,...,K} is the instance cluster index obtained in the previous
step.
Thus, pixels belonging to the background or stuff class objects retain

their semantic labels, while each pixel belonging to an object instance k
receives a unique integer identifier.

6.4. Result Visualization

For each detected object k, a confidence score C, € [0,1] is computed
based on the relative area of its bounding box:
. wg X hk
Cr = — 1.0
b mm(WxHxa’ >’

where wy, hy, are the dimensions of the bounding box, W, H are the image
dimensions, and a = 0.1 is a normalization coefficient.

The visualization employs color semantics for intuitive perception
of confidence levels:
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Green — high confidence (Cy, > 0.7).
Orange — medium confidence (0.5 < Cy < 0.7).
Red — low confidence (Cj, < 0.5).

The pipeline provides quantitative statistics:

Total number of detected objects with confidence exceeding the thresh-
old Tconf- N = Zle H(Ck Z 7—conf)~

Average confidence: C = + Zszl Ck.
Distribution across confidence levels.

6.5. Computational Characteristics

The proposed processing method possesses the following key computa-
tional features:

Adaptive clustering. The DBSCAN clustering parameters (neighbor-
hood radius € and minimum number of points m) are not fixed and
are automatically adjusted depending on the local density of objects
in the image.

Overlap elimination. To improve segmentation accuracy, regions where
objects visually overlap are preemptively excluded from the analysis
and do not participate in clustering.

Noise filtering. As a result of clustering, small point aggregations
recognized as noise are automatically discarded (clusters with a pixel
count below a specified threshold myiy ).

Native resolution processing. All computational stages, including clus-
tering, are performed directly on the original image at H x W pixel
resolution, thereby preserving maximum detail.

Algorithm complexity. The time complexity of the full pipeline is
estimated as:
O(H x W x (Csern +d+ Nclusters))7 where
Csem is the number of semantic classes,

d  is the feature vector dimensionality,
and N pysters 18 the average number of clusters.

Memory requirements. Storing semantic maps and multidimensional
features for each pixel requires memory of size:

O(H x W % (Cuem + d)).
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7. Experiment
7.1. Training Conditions and Parameters

The model My, whose architecture is presented in Figure 1, was
investigated on a specialized dataset of aerial images from the
PLC «Roskadastr» Survey and Mapping Service, acquired using
a quadcopter [35]. The dataset includes 435 high-resolution RGB images
with corresponding annotations in JSON format (LabelMe ™). The
original images had various dimensions. To ensure uniformity at the model
input, all images were resized to a unified dimension of 512 x 512 pixels.
Corresponding adjustments were made to the JSON annotation files— the
polygon coordinates of all objects were rescaled while preserving relative
proportions and spatial relationships.

Each JSON file contains polygonal annotations of objects belonging to
the following five semantic classes:

Summer house / Cottage (label «Building») — 12,470 instances;
Greenhouse (label «Greenhouses) — 6,450 instances;
Outbuilding (label «Outbuilding») — 2,150 instances;

Vehicle (label «Vehicle») — 1,516 instances;

Swimming pool (label «Swimming») — 490 instances.

The total number of annotated objects is 23,076. Special attention in
the experiment was given to the instance segmentation class «Buildingy,
due to its highest representation in the dataset (over 54% of the total
objects) and its practical significance for automatic mapping and urban
development analysis tasks.

The dataset was split into training, validation, and test sets in
a 70%:15%:15% ratio, maintaining class balance in each subset. To ensure
representativeness of the split, stratified sampling based on object density
per image was used.

The model My was investigated with the following parameters:

Input channels: 3 (RGB).
Embedding dimensionality: d = 32 (see Table 4 below).
Number of semantic classes: Csemy = 6 (background + 5 objects).

Model training hyperparameters:

3 https://github.com/wkentaro/labelme
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Optimizer: AdamW™'* with parameters:

Learning rate: Ir = 1074,

Weight decay: weight decay = 1074,

B =0.9, B =0.999.
Learning rate scheduler: CosineAnnealingLR"™
Mazximum number of epochs: Tax = 200.

Batch size: 4 images (limited by GPU memory).
Early stopping (EarlyStopping““'°):
Patience: 15 epochs.

Minimum improvement: Apin = 1072,

Gradient clipping: Gradient norm is clipped to a maximum value of 1.0.

The small batch size is due to the high image resolution (512 x 512
pixels) and the multi-channel intermediate representations within the
U-Net architecture, which require substantial video memory. When using
a GPU with 32 GB of memory (NVIDIA Tesla V100), the maximum batch
size was 4 images to ensure stable Batch Normalization operation and
prevent out-of-memory errors. Experiments with gradient accumulation to
emulate a larger batch size did not show significant quality improvement.

Early stopping was applied if no improvement in the validation loss
was observed for 15 consecutive epochs, where improvement was defined
as a loss decrease of at least A, = 107°. When triggered, the model
automatically restored the weights from the epoch with the best validation
loss value.

Experiments were conducted on a computing cluster with the following
configuration:
GPU: NVIDIA Tesla V100 (32 GB memory).
CPU: Intel Xeon Gold 6248R (24 cores).
RAM: 128 GB DDRA.
Software: Python 3.12.12, PyTorch 2.9.0+cul26, CUDA 12.6.

The metrics tracked on the training and validation sets at each epoch
during the training process are presented in Figure 2.

14 https://docs.pytorch.org/docs/stable/generated/torch.optim. AdamW.html

1‘L—’https ://docs . pytorch.org/docs/stable/generated/torch. optim. lr _scheduler.
CosineAnnealingLR.html

16 https://docs.pytorch.org/ignite/generated/ignite.handlers.early_stopping.
EarlyStopping.html
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FIGURE 2. Graphs of model accuracy metrics for target class
«Building» during training and validation

7.2. Training Results

The average training time per epoch was 3 minutes and 12 seconds.
The total training time until early stopping triggered (epoch 95) was
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TABLE 1. Model metrics at epoch 95 (best weights)

Metric Training Validation Difference
Loss 0.240 0.250 0.010
Learning Rate 5.59 x 10~5

Pixel Accuracy 0.985 0.970 0.015
mloU 0.880 0.800 0.080
IoU «Building» 0.892 0.812 0.080
Precision «Building» 0.905 0.885 0.020
Recall «Building» 0.880 0.875 0.005
F1 «Building» 0.892 0.880 0.012

approximately 5 hours. The training duration is attributable to the
following factors:

« High image resolution (512 x 512 pixels), requiring processing of a large
volume of data each epoch.

» The multi-task nature of the model, involving simultaneous computa-
tion of semantic and embedding loss components.

» The necessity to store intermediate features for skip connections,
increasing memory and computational requirements.

For comparison, training a classic Mask R-CNN (ResNet-50-FPN) on the
same dataset and hardware to a comparable quality level (IoU = 0.81) took
8.5 hours. Thus, the proposed architecture demonstrates a 41% gain in
training time while maintaining competitive accuracy (see details in next
subsection 7.3).

The average inference time for a single 512x512 image was 62 ms on
an NVIDIA V100 GPU (32 GB), including the full cycle: network forward
pass and the DBSCAN clustering stage. On a more accessible NVIDIA
RTX 4090 (24 GB) GPU, inference time increases to 78 ms. The difference
in time between training and inference is explained by the absence of costly
backpropagation, weight updates, and gradient computations during the
inference stage. Furthermore, the clustering procedure is optimized: an
approximate version of DBSCAN is applied with preliminary pixel filtering
based on the semantic mask and downsampling of the embedding field,
which significantly reduces post-processing overhead.

The best results were achieved at the 95th training epoch, Table 1.
The table shows that the model demonstrates stable convergence. A
moderate gap is observed between the loss function values on the training
(0.240) and validation (0.250) sets, amounting to 0.010.
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The model achieves high accuracy metric scores on the training set,
while maintaining good, albeit somewhat reduced, quality on the validation
data. Particularly indicative are the Fl-score values for «Buildings: 0.892
on the training set and 0.880 on the validation set, which testifies to a good
balance between precision and recall. A moderate gap (8-11%) is observed
between the metrics on the training and validation sets, which is explained
by the increased complexity of scenes in the validation subset (dense
construction, partial object overlaps). Nevertheless, the stable convergence
and a clear quality peak at the 95th epoch indicate the model’s good
generalization ability.

The PyTorch®™'" library was chosen for implementing the model. The
source code of the model implementation and all experiments are available
as an interactive Jupyter notebook" ' on the Google Colab platform.

Figure 3 shows the segmentation results of a test image containing
areas with isolated buildings, with moderate density, and with dense
construction.

The top row, in Figs. 3a, 3b and 3¢, shows the initial semantic masks,
highlighting all objects of the «Building» class. The masks, presented
according to the color coding from Section 6.4, serve as input data for
subsequent stages. This row illustrates the initial task — the necessity to
separate a single semantic region into individual instances of summer
houses/cottages.

The middle row, Figs. 3d-3f, demonstrates the transition from semantics
to instances through the visualization of spatial features (embeddings).
Here, each pixel is projected into a space where its coordinates are
determined not by color, but by the similarity of contextual features. In
Figure 3d, for sparse construction, clearly separated and compact clusters
are observed, indicating high object discriminability. As construction
density increases in Figs. 3e and 3f, clusters begin to adjoin each other,
and their boundaries become less distinct, thereby visualizing the main
computational complexity of the task.

The bottom row, Figs. 3¢-3i, displays the final result — the instance
segmentation map obtained by clustering the embeddings. Each individual
building is assigned a unique color according to Section 6.4. The results
confirm the observations: isolated, regularly shaped buildings (Figure 3¢)

1 https://pytorch.org/docs/stable/index.html
18 https://colab.research.google.com/drive/1syACFrW4N1MKNUuNO871mJWkOQDgeYnj#
scrollTo=3mQXr-LD5kTF
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FIGURE 3. Segmentation results for objects of the cottage
class across three test scenes

are segmented with high accuracy and confidence. Under conditions
of dense and complex construction (Figs. 3h, 37), despite the difficulties,
the algorithm successfully separates most overlapping objects, although the
model’s confidence for such areas generally decreases, which is expressed in
less stable segment boundaries.



ENZRY OBJECT SEGMENTATION USING DISCRIMINATIVE EMBEDDINGS 131

TaBLE 2. Comparison of the proposed method with state-of-
the-art segmentation architectures

Inference Time

Method (Year) IoU t Fl-score t mloU ¢ 1 (ms/img)
Mask R-CNN (2017) 0.824 0.875 0.795 150
Panoptic-DeepLab (2020) 0.835 0.882 0.810 80
Mask2Former (2022) 0.855 0.898 0.832 120
DINOv2 (2023-2025) 0.862 0.905 0.840 105
SAM 2 (LoRA adaptation)

(2024-2025) 0.858 0.900 0.835 65
MR-DeepLabv3+ (2025) 0.854 0.902 0.838 88
OneFormer (2025) 0.865 0.908 0.842 95
Proposed (2026) 0.812 0.880 0.800 62

7.3. Comparison with State-of-the-Art Segmentation Methods

To assess the competitiveness of the proposed approach, a series
of comparative experiments were conducted against several state-of-the-art
semantic and instance segmentation methods. All models were trained and
tested on the same specialized aerial imagery dataset, maintaining identical
augmentation and validation strategies. For methods originally designed
for general-purpose datasets (COCO, Cityscapes), input resolutions
were adapted and fine-tuning was performed on the target dataset. The
comparison results for key metrics for the «Building» class are presented in
Table 2.

As can be seen from Table 2, the proposed model demonstrates
comparable effectiveness to the classic Mask R-CNN: its accuracy in terms
of IoU (0.812 vs. 0.824) and F1-score (0.880 vs. 0.875) is at a similar level,
while providing a significant inference speedup — 62 ms vs. 150 ms per
512x512 image.

Compared to modern transformer-based architectures (Mask2Former,
OneFormer, DINOv2), the proposed model lags in absolute accuracy by
4-5% (e.g., OneFormer achieves IoU = 0.865), but surpasses them in
speed by a factor of 1.5-2 and requires significantly fewer computational
resources. This makes it particularly attractive for scenarios involving mass
data processing under constrained resources.

A comparison with two specialized 2025 models is particularly
illustrative:

SAM 2 (LoRA adaptation for remote sensing) — offers comparable
speed (65 ms vs. 62 ms) but requires a complex pipeline with prompts
and fine-tuning during inference. The proposed model, in contrast,
operates autonomously and is simpler to deploy.
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TABLE 3. Ablation study of loss function components (valida-
tion set metrics)

Configuration IoU (val) + F1l-score (val) * mlIoU (val) 1
Full (A =0.5) 0.812 0.880 0.800
A=0.3 0.775 0.858 0.762
A=0.7 0.782 0.863 0.769
Without Lyar 0.732 0.826 0.715
Without Lgjst 0.745 0.835 0.728
Only Lsemantic 0.712 0.802 0.695

MR-DeepLabv3™ , optimized for building segmentation, demonstrates
higher accuracy (IoU = 0.854), but is 30% slower (88 ms vs. 62 ms).
For tasks involving rapid mapping and large-scale area analysis, such
a speed difference can be critical.

Thus, the proposed modified U-Net with discriminative embeddings
represents a practical compromise between accuracy, inference speed,
and architectural simplicity. It is particularly effective for specialized
aerial survey data, where a balance between segmentation quality and
performance on accessible hardware is required.

7.3.1. Analysis of Loss Function Component Significance

Table 3 presents the results of investigating the influence of the
balancing coefficient A and the components of the proposed loss function
Liotal- All experiments were conducted with fixed hyperparameters
(Ovar = 0.5, dgist = 2.0) and embedding dimensionality d = 32.

The results confirm the critical importance of both the Ly, and Lg;st
components for the instance segmentation task — their exclusion leads to
a noticeable drop in metrics (IoU reduction by 7-9%, mIoU by 8-9%).
The absence of both components (last row of the table) leads to the
most significant quality degradation, demonstrating the fundamental role
of embedding-oriented learning for instance separation. The balancing
coefficient A = 0.5 provides optimal quality, surpassing the alternative
values A = 0.3 and A = 0.7 by 3-4% on the main metrics. The full
configuration with A = 0.5 demonstrates the best results across all metrics.

7.3.2. Hyperparameter Sensitivity

The dependence of model quality on the hyperparameters dyar, ddist, A,
and the embedding dimensionality d is presented in Table 4.

Analysis of the obtained values revealed the following patterns:
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TABLE 4. Hyperparameter impact on metrics (F1-score for
«Building» class)

Parameter Range Optimum Impact

dvar [0.2,1.0] 0.5 High sensitivity
Saist [1.0,3.0] 2.0 Broad optimum

A [0.1,1.0] 0.5 Balances IoU and mAP
d (embedding)  [8,64] 32 Saturation at d = 32

TABLE 5. Comparison of alternative loss functions for embed-
ding learning

Loss Function Type F1l-score T mloU 1

Hinge Loss (Baseline) 0.880 0.800
Contrastive Loss 0.875 0.792
Triplet Loss 0.876 0.794
Center Loss 0.872 0.789

The greatest impact on final quality is exerted by the threshold dya,,
which controls the compactness of embedding clusters. The optimal
value lies within a narrow range of [0.4,0.6].

The separation threshold d4ist has a broad optimum ([1.8,2.4]), which
aligns with the natural variability of distances between objects in
aerial imagery.

The coefficient A demonstrates the expected trade-off: low values
reduce mAP, while high values — decrease IoU. The optimal balance
is achieved in the interval [0.4,0.7].

Quality improves with increasing dimensionality d up to 32, after
which saturation occurs. Selecting d = 32 ensures an optimal ratio
of accuracy to computational cost. :

7.3.3. Comparison of Alternative Loss Functions

As an additional experiment, the possibility of replacing the Hinge
Loss in the L., and Lgis; components with other functions used in metric
learning 38| was investigated. The results are presented in Table 5.

The experiment showed that the Hinge Loss used in the proposed
method yields the best results. The more modern Contrastive and Triplet
Losses did not show significant improvement (underperforming by 0.4-0.8%
in Fl-score and 0.6-1.1% in mlIoU), while requiring careful hyperparameter
tuning and exhibiting a tendency towards instability on data with few
instances per image.
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8. Discussion
8.1. Key Architectural Advantages

The main feature of the architecture lies in the joint solution of semantic
and instance segmentation tasks within a single model, which allows avoiding
error accumulation characteristic of sequential approaches. The embedding-
oriented paradigm provides flexibility in separating overlapping objects
and adaptation to various scenes through the adjustment of clustering
parameters.

For aerial imagery, the architecture is particularly effective due to the
preservation of contextual information via skip connections and the ability
to process objects of various scales. Metric learning in the embedding space
reduces the model’s sensitivity to changes in shooting conditions, which is
critically important for remote sensing.

8.2. Limitations and Challenges

The main limitation of the approach is the increased computational
complexity associated with storing and processing embeddings for all image
pixels. DBSCAN clustering can limit system performance when processing
high-resolution images.

The quality of instance segmentation significantly depends on the correct
selection of clustering algorithm parameters and the balancing coefficient A
in the loss function Lot from (1). Furthermore, the effectiveness of the
method is sensitive to the quality and consistency of the training data
annotation, especially in object overlap regions.

8.3. Impact of Architecture Depth on Segmentation Quality

An important aspect is the influence of the number of encoder and
decoder blocks on segmentation quality. The choice of 4 levels in the
current implementation represents an optimal compromise for the aerial
imagery segmentation task:

« Sufficient depth for extracting features of objects at different scales.

+ The minimally necessary resolution reduction (by a factor of 16) to
create an informative Bottleneck.

« Preservation of spatial information through effective skip connections.

« Manageable model size for training on available computational
resources.
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Experimental observations show that increasing the depth to 5 levels
insignificantly improves segmentation quality (mIoU gain less than 1%), but
increases training time by 40%. Reducing to 3 levels leads to a substantial
decrease in the segmentation quality of small objects. The greatest benefit
from increased depth is observed for complex scenes with a large number
of overlapping objects.

8.4. Future Development Prospects
Promising directions for future research include:

« Integration of attention mechanisms to improve object boundary
delineation.

» Optimization of computational efficiency through sparse embedding
representations.

« Extension of functionality to support weakly-supervised and multi-
modal learning.

« Automation of clustering parameter selection.

The practical significance of the method spans various domains,
including urban planning, agriculture, environmental monitoring, and
security systems.

Conclusion

The proposed architecture represents a balanced compromise between
segmentation accuracy, application flexibility, and implementation com-
plexity. Despite certain computational costs, the method demonstrates
competitive results on aerial imagery segmentation tasks and opens new
avenues for research in the field of joint semantic and instance segmentation.
Future work will be directed towards performance optimization and
expanding the functional capabilities of the method.
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OMbenaMHr-OpUEeHTUPOBAaHHAsI CerMeHTAaIus 00 bEeKTOB
c ucnoJjib3oBanneM MoaudumupoBanHoii U-Net
apXUTEKTYPbl

=
Urops Bukroposnu BUHOKYypOB
®uHaHcoebll YHusepcuteT npu lMNpaeutenscree Poccuiickoii Pepepaumnn, Mockea, Poccus
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AHxHoTaums. B craTbe mpejcTaBiieHa MHOTO3a/IadHasi HEpOHHAS CETh HA
ocHOBe MomubuimpoBanHoit apxutekTypbl U-Net 1715 cOBMECTHOI ceMaHTHIECKOiT
¥ MHCTAHC-CEerMeHTAInN 00beKTOB Ha aspodorocHUMKax. Momesb ucnoab3yer
CUMMETPUYHBIN HKO/EP-IEKOIep ¢ sKip-KOHHEKTOpaMU U OCHAIIEHA JBYMS MapaJl-
JIEJIbHBIMU BBIXOMHBIME TOjI0BaMu. CeMaHTUIeCKas TOJIOBA BBIMOJIHSIET MTUKCEJIbHYIO
KJtaccupUKaIMIO, a 3MOEJIMHIOBasl TeHePUPYEeT JUCKPUMUHATUBHBIE BEKTOPHBIE
[IpeJICTaBJIEHUST JJIsl KaXK/I0T0 IUKceJis. [IpuMeHenne crenuaan3npoBaHHON JUCKPHU-
MUHATUBHOM (DYHKIMK TOTEPH 0OECTIEINBAET KOMIIAKTHOCTD KJIACTEPOB IMOE JIHIOB
BHYTPHU OObEKTOB U MX pa3jejieHne MeXKJIy pa3HbIMM dK3eMiuisgspamu. Ha srame
mocrobpaboTKy KiracTepusansi SMOeIMHIOBOIO 10JIsI IIO3BOJISIET OJHO3HAYTHO
BBIJIEJTUTh MACKU OTIEIbHBIX OObEKTOB.

DKCIIEPUMEHTBI [TPOBOJIMIIMCH Ha CIENUAIN3UPOBAHHOM JlaTaceTe aspodOTOCHUMKOB,
comepxkaieM 23 076 pasMedeHHBIX 06BEKTOB TSTH KiaccoB. JIjist KroueBoro Kiacca
«Building» na Bammmanmontoit BeIbOpKe gocTurayThl 3HadeHus loU = 0.812 u Fl-score
= 0.880. Cpasuenue ¢ coBpemennbivu Merogamu (Mask2Former, OneFormer, SAM 2
¢ LoRA-amanrarueit, MR-DeepLabv3™1) moxrsep:xmaer konkypeHTOCIIOCOGHOCTD
MOJIeJTU TI0 DaJIaHCYy TOYHOCTH W CKOPOCTH MHpEpPEHCA.

Mogmens nemorcTpUpyeT 3hMOEKTUBHOCTD st 33,189 aBTOMATHIECKOTO KapTOrpa-
dbupoBaHus U aHAJIN3a 3aCTPOWKH 10 JAHHBIM JUCTAHIIMOHHOTO 30HIUPOBAHMUSI.
(Ceazamnmvie mexcmo, cmamovt Ha aH2AUTCKOM U HA PYCCKOM A3LIKAT )

Kntouesble cnoBa u cpasbl: ceMaHTHYECKasT CEMMEHTAIMsI, NHCTAHC-CEMMEHTAINS,
U-Net, smbemuuru nukceseit, TMCKpUMUHATHBHAsT (DYHKIIUS TOTEPH

Ons untuposanus: Bunokypos 1. B. Smbeddune-opuenmuposantasn ceemernmanyus
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140 1. B. BUHOKYPOB RUmEN;
Beepenne

Ananmus a3podOTOCHUMKOB U CIIyTHUKOBBIX M300paYKEHUI MPEICTABIISET
c000i1 OBICTPO PA3BUBAIOINILYIOCS O0JIACTH KOMITBIOTEPHOI'O 3DEHUs C IIH-
POKHM CIEKTPOM IIPUJIOKEHU: OT IT'PAJIOCTPOUTEHFHOTO IIAHNPOBAHUS U
MOHUTOPHUHTA OKPY2KAIOIMIEN CPEIbl IO CETbCKOTO XO3SHCTBA U JIMKBUIAIII
MOCJIEICTBUM Upe3Bbluaiiubix curyanuii. Cpequn Hanmbojiee CJIOXKHBIX 33189
B 9TO0i1 00JIACTH BBIJIEISIETCA TOUHAS CerMEeHTaIlusi 00bEKTOB, TPeOyoIas He
TOJIBKO KJIACCUDUKAIMYU ITUKCEJIeil 110 CeMaHTUIECKUM KATEerOPUsM, HO U
pasjiesieHns: OTJIEJIbHBIX YK3EMILISIPOB O0BEKTOB OHOIO KJjacca. T paJuiinoHHbIe
ITOJIXO/TbI K CEIMEHTAIINN YaCTO CTAJKUBAIOTCS C TPYAHOCTSIME IPH 00paboTKe
CJIOXKHBIX CIIEH, BKJIIOYAIOIIIX II€PEKPBIBAIOIIIECS CTPYKTYPHI, HEOJHOPOIHbIE
pa3Mepbl 00BEKTOB U OJU3KO PACIIOIOKEHHBIE YKIEMILISIPhI, YTO OCOOEHHO
XapaKTEPHO JJIst n300paKeHuil BHICOKOIO PA3PEIIeHMs.

ApXUTEKTYDPBI CEMAHTUYECKON CerMEeHTAIMK TPOJEMOHCTPUPOBAJIH 3HA~
qUTEbHBIE YCIIEXH B 33J/[aYaX MOoTOoYevdHOol Kiaccuduranmu. O HAKO 3TH
MOJIEJIN TI0 CBOEH MPUPOJIe He CIIOCOOHBI PA3INIaTh OTAEIbHBIE OOBEKTHI,
IIpI/IHa)I.He)KaHH/Ie K O)IHOMy CeI\/IaHTI/ILIeCKOMy KﬂaCCy.

B To0 ke BpeMsi MeTOIbI HHCTAHC-CETMEHTAIINN XOPOIIO CIPABISTIOTCS
C BBIJIEJICHHEM OOBEKTOB, HO MOTYT IIOKAa3bIBATh CHUKEHHYIO 3(P(PEKTUBHOCTH
B CIIEHAPHSIX C IJIOTHBIMHU, HEIIPABIJILHON (DOPMBI CTPYKTYPAMU, XapaKTEPHBIMI
JJ1s1 a3pOOTOCHUMKOB. DTO OrpaHUYEHNE TOTIEPKUBAET HEOOXOAMMOCTh
[TOJIXOJIOB, OObEeIMHSIOIINX TPENMYIIECTBa 0DEUX IIAPAJUIM.

HocTimkeHns B METOIaX Ha OCHOBE SMOEINHTOB ITOKA3AJIN MHOTO00E-
MIAOIINE PEe3YyJILTATHI B PEIIEHUN 331891 COBMECTHON CEeMAaHTUIECKON n
MHCTAHC-CETMEHTAIINN. JTH TOIXObI 00yIar0T MOJIEIb TeHEPUPOBATH BEKTOD-
HBIE MIPEJICTABJIEHUS JIJI KAXKJIOTO MMUKCEJIsl, TJe BEKTOPBI, IIPUHAJIEIKAIIIE
OJIHOMY OO'BEKTY, CXOJIHBI B IIPOCTPAHCTBE IMOEIMHIOB, & BEKTOPhI PA3HBIX
00beKTOB — pa3jnduuMbl. JlaHHAsT cTpaTerus Mo3BOJISET eCTeCTBEHHBIM 00pPa30M
00bEIMHATh CEMAHTUIECKYI0 HH(OPMAIUIO C BOSMOXKHOCTBIO pa3le/IeHIs
9K3EMILISIPOB, ITO OCODEHHO BarKHO JIJIsI AHAJIN3a a9POMOTOCHIUMKOB, IJIe
00BEKTHI YaCTO 00PA3yIOT CJA0KHBIE TPOCTPAHCTBEHHBIE KOH(DUTYPAITUN.

B pa6ore npemoxena momudukamusa apxutekTypbl U-Net mis coBMecTHO-
IO peleHus 3a/a9 CEMAHTUIECKON U MHCTAHC-CETMEHTAIMA O0HEKTOB Ha
aspodoTocHUMKax. MoJIeb ABJISETCS MHOTO3aIa9HO U COIEPIKUT JIBE CIIEINa-
JIM3UPOBAHHBIE BBIXOJHbIE TOJIOBBL: CEMAHTUYECKYIO (1151 Kiaccudukanumn
rmkcesieil) u SMOEIIMHTOBYIO (J1JIs TeHEpAIuK JMCKPUMUHATUBHBIX BEKTOPHBIX
[PEJICTABIIEHNI ).
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ApxurekTypa MoCTpoeHa Mo CXeMe SHKOJEP-IEKOJIEP € YeThIPbMS YPOB-
HSIMU IIPOCTPAHCTBEHHOTO IIpeobpa3oBanus. s coxpaHeHus HeTaabHON
uHOOPMAINY UCIOIH30BaHbl SKip-KOHHEKTOPHI, TIepeIatoNe IPU3HAKI MEK LY
CUMMETPHYHBIMU CJIOSIMU SHKOJIepa 1 jiekojepa. OOydeHre MOJen OCyIIecTB-
JISIETCSL C TIPUMEHEHUEM MEeTOa JUCKPUMUHATUBHBIX SMOEINHIOB, KOTOPBIi
obecneunBaeT HOPMUPOBAHNE KOMIIAKTHBIX KJIACTEPOB ITUKCEJEHl BHY TP
OTIEJIBHBIX OObEKTOB U UX Pa3/e/IeHue MeXKIy Pa3INIHBIMU SK3eMILIIPaMU.

DKcrepuMeHTAJIbHbIE PE3YJILTATHI JEMOHCTPUPYIOT 3MDMEKTUBHOCTD
MIPE/ITIOZKEHHOT0 TI0/IX0/[3, B CETMEHTAITNH CJIOXKHBIX CIIEH, 00eCIIeInBast BBICOKYIO
TOYHOCTh KaK B CEMAHTHYECKON KJIaCCHU(PUKAINY, TaK U B Pa3/leIeHUN
OTJIEJIbHBIX 9K3eMILISIPOB 00beKTOB. Moesb 1moKka3biBaeT yCTORINBOCTD
K Pa3JIMYHBIM BBI30BaM, XapaKTEPHLIM JJIsi a39POMOTOCHUMKOB, BKJIIOYAsT
U3MEHeHne MacIITada, OCBEIeHNs U TJIOTHOCTU PACIOJIOXKEHUsT 00bEKTOB.

1. O630p coBpeMeHHbIX METOA0B CErMeHTauumn

CoBpeMeHHbBIE TTO/IXO/IbI K CETMEHTAITMN M300paskeHnil CTPEMUTETHHO
SBOJIIOIUOHUPYIOT OT KJIACCUYECKUX JIBYXITAIHBIX apXUTEKTYp K OoJiee
3 DEKTUBHBIM, YHUMDUIINPOBAHHBIM, MACIITAONPYEMBIM U THOKUM PEITEeHUSIM.
CoBpeMeHHbIe MOJIEJIN BCE Yallle O0beUHSIIOT ITPENMYIIECTBA CBEPTOYHBIX
cereil, MEXaHM3MOB BHUMAHUSI, IMHAMUYIECKH T€HEPUPYEMBIX SIIeD CBEPTKH,
MepapXuvIecKux TPaHCc(pOPMEPOB U KOHTEKCTHOI'O OOYYEHMUsI, YTO [I03BOJISET
JIOCTATATh PEKOPJHBIX PEe3y/IbTATOB OHOBPEMEHHO B CEMAHTUYIECKOI, MHCTAHC
U TAHOPAMUYECKON CErMEHTAIMK [IPU MEHBIINX BBIUUC/IUTE/bHBIX 3aTpaTax.

KitroueBast posib B pa3BuTuu MaHOPaMUYIECKOl CETMEHTAIINU [TO-IIPEKHEMY
npunayiexkut Panoptic-DeepLab [1] — ofHO#t 13 caMbIX IIUTHPYEMBIX U
BJIMATENHHBIX aPXUTEKTYD ITOr0 Hampasienus. Momesnb Hacesyer MOITHbII
Atrous Spatial Pyramid Pooling (ASPP) sukozep u3 cemeitcrsa DeepLab [2],
HO [00aBJISeT JBe MIUHUMAJIMCTUYIHBIE, ITOJTHOCTHIO MAPAJLIEbHBIE TOTOBDI:
KJIACCUIECKYIO CEMAaHTUYECKYIO it KaTeropuii «stuffy u menTponayto rososy,
[PEJICKA3BIBAIOIILY IO TEILUIOBYIO KapTy IEeHTPOB 00bekToB («things») u BekTOphI
CMEIEHUsT JJIsT KayKJI0TO MUKcesisd. ['pynnupoBKa B 9K3E€MILIAPHI TPOUCXOIUT
npoctbiM rojiocoBanueM 6e3 NMS [3], uro genaer mMeron 9pe3BblYaiiHO
6brcTpbiM (710 50 u 6osee FPS na GPU V100) u jierko uHTErpupyeMbIM
B peaJibHbIe CUCTEMBI.

Pepoutornonnslit otkas ot asyxsrantoii cxembl Mask R-CNN [4] mpo-
M30IIEN ¢ HMOosSBJIEHNEM ceMeiicTBa MeTo/10B 6e3 3ampocos. CondlInst [5] n
SOLOV2 [6] npeioKiin IPUHIAI «CErMEHTAIHSI TI0 MECTOTIOJIOKEHIIO» —
BMeCTO Bbljesienus peruonos unrepeca (ROI) cerb mHanpsamyio remepupyer
MacKi OO'bEKTOB, OIHUPAsiCh TOJBKO Ha KoopauHarhl. B CondInst st kazkioro
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IIPE/IIIOJIAraeMOI0 IEHTPa O0bEeKTa IIPEJCKA3BIBAIOTCS BECA U CMEICHUSI
HEOOJIBIIIONO CBEPTOYHOrO (DUIBTPA, KOTOPBIN 3aTeM IIPUMEHsETC K 00Ieit
KapTe [IPU3HAKOB IIUPaMUIbl YPOBHEN, (DOPMUDYSI MACKY IIPOU3BOJIBLHOMI
dopubr. SOLOV2 pazsuBaer 3Ty uiero Jajbiie: n300paxKenne pa3dbuBaercs Ha
PEryIApHYyIO CeTKy SXS, U I KaxKJIOU A9IeflKH CETb OJIHOBPEMEHHO BBIIAET
BEPOSITHOCTD KJIACCA M KOMIIAKTHOE PO MAcK (0OBIYHO 256-KaHAIBHOE).

QunabHasS MACKA, MOy IAETC OOBITHOM CBEPTKOH 9TOTO s/1pa ¢ TI00ATbHOI
KapToil IIpu3HaKoB. BJlarogapst mMoJIHOMY YCTPAHEHUIO Ollepalliii BhlpABHIBAHUS
PEruoHOB W HEMAaKCUMAJIbHOTO IIOJIABJIEHUsI 00a MeTo/a ODeCIIednuBaiOT
yCKOpeHre B 2—3 pa3a [IpU COXPAHEHUU WJIU JIayKe ITOBBIIIEHNN KAaUeCTBa:
SOLOvV2, nanpumep, nocruraer Average Precision (AP) pasnom 39,7 na
unabope COCO [7] nupu ckopoctu okosio 20 KaJpoB B CEKYHILY.

Kuaccuueckas apxurekrypa U-Net [8] mo cux 1op ocraéres sTajgoHoM
B MEJMIMHCKON W CIIyTHHKOBOI CEIMEHTAIINH, TJ/I¢ pellaiolnee 3HAYCHUe
HMEET TOYHOE BOCCTAHOBJECHHE TPAHUIl 00beKToB. Eé passuTme mugr cpady mo
HECKOJIbKAM HAIIPABJICHHAM:

U-Net*™™ [9] BBOAUT BIOMKEHHbIE ITOTHBIE TIPOITYCKATONIHE CBA3H I TTyOOKHi
KOHTPOJIb Ha BCEX YPOBHSAX JEKOJEPa, UTO CYIIECTBEHHO COKPAIIAET
CEMAHTHUIECKU Pa3pbIB MEXK Iy MPU3HAKAMHU PA3HBIX MAaCIITaboB;

U-Net 37 [10] ucnosn3yer MOJHOCBA3HbIE COSIUHEHUS, G/1Ar0Iapst KOTOPBIM
KaXKJIbIit CJI0#t JeKkoaepa moydaeT HH(OPMAITUIO CO BCEeX pa3perre-
HUil HKOJIepa U 3P DEeKTUBHO 00beUHIET HU3KOYPOBHEBBIE JIETAJIN
¢ I06aJIbHBIM KOHTEKCTOM;

Attention U-Net [11] u muorouncsenusie ero nociegosarenan (AG-U-Net,
FocusNet, MultiResUNet u gpyrue [12]) BcTpanBaroT B IPOIYCKAOIITE
CBsI3U MsrKue reiitbl BuuMmanus (soft attention gates), koropbie aBroma-
TUYIECKU MTOJABJIISIOT HEPEJEBAHTHDBIN (DOH M YCHUIINBAIOT 3HAYNMBIE
PAHUIBI OPraHOB U MATOJIOTHUIA.

Cpel caMbIX IOCJIEIHUX JIOCTUKeHuil — apxuTekTypa nnFormer [13],
3aMEHHIONAs 0ObIYHbIE CBEPTKU HA MHTEPIIOJUPOBAHHBIE CBEPTOUYHBIE OJIOKH U
MHOTOCJIONHOe BHUMaHMe, a Tak:ke MedFormer [14], koropsrit maTerpupyer
TpaHCchOPMEPHBIE MOJLY/IM B IPOILYCKAOIINE CBA3U U JEMOHCTPUPYET IIPUPOCT
o mMerpuke Dice 10 4-6% Ha CI0XKHBIX MYJIbTUMOJAJILHBIX MEIUITUHCKIX
Habopax JaHHBIX KOMITBIOTEPHON W MAarHUTHO-PE30HAHCHON TOMOrpadum.
B pesysbrare coBpementbie BapuanTel U-Net obecrieanBaroT 3aMeTHO OoJtee
BBICOKYIO TOYHOCTh KOHTYPOB U JIyUIIYI0 0OODIIAIONIYIO CIIOCOOHOCTD aKe IMPU
HeO0IBITOM 00bEMe PA3MEYEeHHBIX MEIUIIMHCKAX JTAHHDBIX.

MaskFormer [15] n Mask2Former nepedopMymnposanm 3a1ady cerMenTa-
MU KaK [peJICKa3aHne MHOXKECTBA OUHAPHBIX MACOK € COOTBETCTBYIOIIUMU
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UM KJIACCAMH, IOJJHOCTHIO OTKA3aBIINUCh OT TPAJUIIMOHHON ITOIUKCETBHOMN
kyaccudUKalyu B M0JIb3y 00ydeHus ¢ BeHrepckuM conocrasjienueM (bipartite
matching loss). BmecTo npucBoeHMsT METKU KAaXKJIOMY MHKCEIO MOJEIh
OTHOBPEMEHHO T'eHepUPYeT (PUKCUPOBAHHOE YUCJIO 3aIIPOCOB, KarK IbIil 13
KOTODBIX BBIIAET MACKY U BEPOATHOCTH KJaccoB (Bkiiodas «0» — mycToil Kiacc),
[OCJIE 9€r0 ONTUMAJILHOE COOTBETCTBHE MEKJTy TPEICKA3AHHBIMU W UCTHHHBIMA
00'bEKTAMU HAXOJUTCS C MOMOIIBI0 BEHI€PCKOTO AJIrOpuTMa. Takas mapajurma
ycTpaHsieT mpo0JIeMbl JIyOJIUPOBAHUS U MIPOITyCKA OO0bEKTOB, 3HAYNTEIHHO
YIIPOIIAET apXUTEKTYPY U MOBBIIAET KAYeCTBO, OCOOEHHO B MAHOPAMUIECKO
CEerMEeHTAIUN.

Ora TeHAeHINA K YHUMUKAIINNA OCOOEHHO SIPKO IIPOSIBJISIETCH B BUJIEO-
cermenTanuu. Hanbosee mokasaresbHbIM mpuMepoM ciayzxkut DVIS [16], B
KOTOPOM aBTOPBI MPEJJIAraloT MOJHOCTHIO JIEKOMIIO3NPOBaHHbBIN KOHBeliep u3
TPEX HE3aBUCHUMBIX, HO CKOODIMHIUPOBAHHBIX MOJLYJIE:

(1) ITokaapoBast TaHoTTHYECKast cerMmeHTaIust Ha 6a3ze Mask2Former ¢
MOIIHBIM BU3yaabHbIM 3HKOJepoM DINOv2 [17], obecrieunBarommast
BBICOKOKAYEeCTBEHHbIE HAYAIbHBIE MACKU U SMOEIINHIYA OOBEKTOB.

(2) JIérkuit onmaiitn-TpeKep, KOTOPBIN CBA3BIBAET IKIEMILISIPBI MEXKLY
KaJIpaMU UCKJIIOYUTEJIHHO 10 MEHTPOUJAM U KOCUHYCHOMY CXOJICTBY
9MOEJJTUTHTOB, He TPEOysl CJIOKHBIX IBPUCTUK UM PEKYPPEHTHBIX OJIOKOB.

(3) Odduaiin-momynb padMHUPOBAHUS BPEMEHHOM COIJIACOBAHHOCTH, PeaJin-
30BaHHBIN Ha TPaAdOBBIX HEHPOHHBIX CETAX W YCTPAHSIONIMI OMHOKT
CJIUSHUS U PA3PBbIBa TPACKTOPUIA.

Buarogapst takoit apxurektype DVIS ycranaBimBaer HOBbIH ypOBEHb KadecTBa
u peasusyer jyamuil pesyasrar Ha KITTI-MOTS [18] npu ckopoctu csbrmte 30
KaJPOB B CEKYH/LY, UTO JleIaeT e€é 0COOEHHO IEHHOMN JIJIsi CHCTEM aBTOHOMHOTO
BOXK/IEHUSI, BUJICOHAOJIIOJIEHHS U JPYTUX [IPUJIOXKEHUI PEAIbHOTO BPEMEHH.

Mogens OneFormer [19] nocrasusia Touky B ujee yHubUKAIMA. DTO
e/IMHAsl APXUTEKTYPa ¢ OAHUM HabopoMm mapamerpoB. OHa permraer Tpu
3a/1a9u cerMeHTanuu (IIaHOITUYeCKY0, HHCTAHCHYIO U CEMaHTUYIECKYIO),
B 3aBHCHMOCTH OT IIPOCTOTO TEKCTOBOIO 3aIpoca (Hanpumep, «panoptics ). [Ipu
stom OneFormer mpeBOCXOMT y3KOCHENUATU3UPOBAHHBIE MOIEU Ha 2-5% 1o
merpuke mAP na Bcex ocuoBubix naracerax: COCO [7], Cityscapes [20] n
ADE20K [21].

B ocuoe apxurekrypsbl Jexur Swin-L Transformer [22]—3amadno-
He3aBuCUMBIH (task-agnostic) skerpakTop MpU3HAKOB B mape ¢ Tpancdopmep-
HBIM JIEKOJIEPOM, HCIOJIB3YIONIM MEXaHI3M MAaCKUPOBAHHOIO KPOCC-BHUMAHUA
(masked cross-attention). Biaromapst 9Toit KoMOMHAIIMN, MOJEH JIEIKO
AJIAIITHPYETCs] K HOBBIM OOJIACTSM U 3a/a9aM.
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B Memumnunckoit cermeHTanmm pa3suTtue apxuTekTyp cemeiictBa U-Net
BCE uare uier depes rubpuausaiyio ¢ rpadcdopmepamu. TransUNet [23]
u ero npsimbie npogokenus (UNETR'T, Swin-UNet, MISSFormer) [24]
00'beIMHSIIOT CBEPTOYHBIN SHKOJED, OTBEYAIOIII 38 U3BJI€UEHNE JIOKAJIBHBIX
TEKCTYPHBIX IPU3HAKOB, ¢ TPAHC(OPMEPHBIM MOJLyJIeM, KOTOPBIN obecriednBaeT
JAJIbBHOIEHCTBYIONINH NT00AILHBINT KOHTEKCT. KitoueBast MHHOBAIIMS — Kac-
Ka/[HOE BOCCTAHOBJIEHNE Pa3PEIIeHns C UCIOJIb30BaHNEM J1e(DOPMUPYEMOTO
MepeKpECTHOrO BHUMAHUS, OJlarogapsa 9emMy ceThb 3PPEKTUBHO BOCCO3IAET
TOHKHE CTPYKTYPBI (COCYIbl, MUKPOCKOIIMYECKHUE OIYXOJIM, HEPBHBIE BOJIOKHA).
Ha cranmapraeix MeaunuHckux Habopax ganubix Synapse, ACDC u BTCV [13]
TaKue TUOPUIHBIE MOJIEN MPEBOCXOAAT IUCTO CBEPTOYHBIE AHAJOTH Ha 3—7%
o Merpuke Dice m 0CODEHHO CHJIBHO BBIUTPBIBAIOT B YCJIOBUSIX KpaiiHe
OrPAaHUYEHHOIO0 00bEMA pa3MEUYEHHBIX N300paKeHMUIA.

OTnebHBIM U OBICTPO PACTYIIUM HAIPABJIEHUEM CTAJIA MOJHOCTHIO
6e3Ha[BOpHAs yHUBEPCaJbHas cerMenTanus. U2Seg [25] u Gimuskue emy
paboThI JOKA3AJIN, ITO BHICOKOKAIECTBEHHBIE TTAHOPAMUYIECKIE PA3METKH
MOXKHO IIOJIy9aTh aBTOMATUIECKU, HE Npuderasi K py9HON aHHOTAITUN —
MAaCKH 9K3EMILISPOB U3BJIEKAIOTCS C MIOMOIIBIO CAaMOODYYAIOIIIXCS METOI0B
tuna MaskCut u FreeMask [26], cemanTH1IeCKHE TPYIIIBI— B PE3yJIbTATE
JUCTWIANAN 3HAHUN n3 60sibimmx npesobydenubix mogeseil CLIP u DINOv2,
rocJie 4ero oba TUIAa METOK OObEIMHSIOTCS B COMVIACOBAHHYIO TTAHOPAMUIECKYTO
pa3MeTKy ¥ UCIOJIB3YIOTCS JIJIsT OOYIeHUsT eUHON CerMeHTAIIMOHHO| CeTH.
B pesyabrare U2Seg memoncrpupyer 52,1 PQ na na6ope COCO-panoptic [27]
u 61,3 mIoU ma Cityscapes 6e3 equnOil pyIHOIT METKHU, OTKPBIBas PeaIbHbII
IIyTh K CETMEHTAINU PEJIKUX MATOJOTHUI, HOBBIX MOJIAJBHOCTEN U JIFOOBIX
JIOMEHOB, TJIe pa3MeTKa TPAJUIIMOHHO HEJOCTYITHA, WJIM CJUITKOM JIOPOTA.

B pedepencuoit Bumeo-o0bEKTHON CETMEHTAIUNA C TPOU3BOJILHBIMUA
upomiramu Jaupyer LoSh [28], koropsiii adbdexkTuBHO 06beuHsIeT [JIMHHbIE
U KOPOTKWE TEKCTOBBIE OMUCAHUS ¢ BU3YaJbHBIMU TPU3HAKAMU B €JIHHOM
tpancdopmepe, obecrieunBas npupoct 4-7% mo merpuke J&F ma maracerax
Ref-YouTube-VOS u Ref-DAVIS [29] 6e3 9BpUCTHIECKOTO TPEKHHTa, MEK LY
Kagpamu. Emgé 6ojiee pajuKaJibHbBIE IIAMK B CTOPOHY ITOJTHOM yHUMDUKAIIT
nemorcrpupyer K-Net [30] ¢ utepaTuBHO yTOUHSIEMBIMA 00yJaeMBbIMA SJPAME
cBéprku u ocobenno SegGPT [31] — mogens, criocobHas permaTh TPOU3BOIBHYIO
3aJlauy CEerMEHTAIIMN 0 OJHOMY-/BYM TIpEMepaM «u300parkeHne-Macka» (in-
context learning), BKJro9Yasi MEAUIMHCKUE CHUMKH, CIIyTHUKOBBIE H300pazKeHMUs
7 Jayke MPOM3BOJIbHDBIE XYT0KECTBEHHBIE CTUIN, 0e3 KaKOro-Ir00 J000yIeHNsI.

B 2025 roay 6nL1a 1npejjioykeHa Crieruaan3upoBaHHasT MOTU(PUKAIIST
DeepLabv3™ nos nassanuem MR-DeepLabv3™ [32], opuentuposannas
VMEHHO Ha TOYHYIO CEMAHTUIECKYIO CEIMEHTAIINIO 3/IAHUN B M300PaKEHUIX
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JUCTAHIIMOHHOTO 30HIMPOBAHUSI BBICOKOTO pa3pernienus. Mojienb pernraer
TUNAYHBIE TTPOOJIEMBI TAKUX JAHHBIX: HEIIOJHbIE KOHTYDPBI 3/IaHAN, PA3MBIThIE
TPAHUITBI U MPOIYCKU MEJIKUX IMOCTPOeK. JIJIst 3TOro B apXUTEKTyPy BBEJIEHBI
aJIAITUBHBIE MHOTOIIKAJILHbIE CBEPTOUHBIE sayipa (3X 3, 5x 5, 7XT7), yiaydmaroiye
3aXBaT MHOI'OYPOBHEBBIX IIPU3HAKOB M ONTHMI3UPOBAHHAA (DYHKINS IOTEPD,
PeaTn3yIoIasl MOBBIMIEHHYIO YCTOWYIUBOCTD K ITyMYy. XapaKTepu3yeTcs BHICOKOIT
KOMIIAKTHOCTBIO U CKOPOCTBIO HH(MEPEHCA, UTO JIETAET €€ 0OCOOEHHO HOIXOAIIEH
JUIS 337129 C OIPAHUYEHHBIMU BBIYUCIUTEIbHBIMUA PECYPCAMH.

2. AkTtyanbHoCTb U npobnema

CoBpeMeHHbIE MEeTObl MAIIUHHOIO 3PEHUs, IPEeTHASHATEHHDBIE JIJIst
pellleHusl 3a/1a9 CErMEHTAIINN, B OOJIBIIIUHCTBE CJIyYaeB OIMUPAIOTCH Ha
CJIOXKHBIE APXUTEKTYPhI, TAKUE KaK TPaHC(HOPMEPHbBIE MOJIE/N, KOTOPLIE
JIEMOHCTPUPYIOT BBICOKYIO 3(D(DEKTUBHOCTD HA YHUBEPCAJBHBIX JATACETAX
obuero Hasnadenus (Hanpumep, COCO [7], Cityscapes [20], ADE20K [21]).
DT Momen pa3paboTaHbl s 00pabOTKH PasHOOOPA3HBIX JAHHBIX C ITHPOKHIM
CIEKTPOM OOBEKTOB, CIIEH U YCJIOBUMA, UTO JETAET UX yHUBEPCATHLHBIMU, HO
O;LHOBpeI\'IeHHO pecprOel\/IKI/IMI/I n I/I36bITOLIHbHV[I/I JLJI5A y3KOCHeL[I/IaJ'H/ISI/IpOBaHHbIX
PUJIO2KEHU.

OHaKO B psijie IIpeIMETHBIX 00J1acTell, TAKUX KAaK MEIMIIMHCKAS JIH-
ArHOCTHKA, JuCMahyuontoe 3onduposarue 3eman (aspodomocrumru u
CRYMHUKOBbIE U300PAIICEHUA) A TIPOMBIIIJICHHAs] UHCIIEKIUs, YACTO UC-
[TOJIB3YIOTCS YHUKAJIbHBIE CIIEIUAJIM3UPOBAHHBIE JATACETHI C XapaKTEPHBIMUI
0CODEHHOCTSIMU: BBICOKOII BApUATUBHOCTHIO (pOPM OO'BEKTOB, HU3KOW KOH-
TPACTHOCTHIO I'PAHUI], MAJIBIM KOJTHIECTBOM IK3EMILISIPOB Ha M300PayKeHNN
U OI'PAHUYEHHBIM OOBEMOM pa3MedeHHbIX JaHHBbIX. J[JjIs TakuX JiaraceToB
YHUBEPCAJIBHOCTD HE SIBJISIETCS] IPUOPUTETOM, IMOCKOJIBKY KJTFOUEBBIMU TPE-
OOBAHUSAMH CTAHOBATCA apPXUTEKTYPHBIE OCOOEHHOCTH, ODECIIEINBATOIINE
3 PEKTUBHYIO CErMEHTAINIO — OT YCTOWYMBOCTH K IIyMaM U JiepOpMAaIisaM 10
O6bICTPOro 0byUeHUst Ha HEOOIBIIUX BHIOOPKAx. B TO ke BpeMsi, onncaHHbIe
BBIIIIE YHUBEPCAJBHBIE TTOIXO/IbI MTOKA3BIBAIOT OIPAHUIEHHYIO 3(DHEKTUBHOCTD
Ha CIICIIUaJIM3UPOBAHHBIX /TaTaceTax II0 CJICAYIOIIUM IIpUYIUHaM:

emexmopro-opuenmuposartvie memoodus, (Hanp., Panoptic-DeepLab [1]),
OCHOBaHHBIE Ha IIPEICKA3aHUU I'€OMETPUYIECKUX IIEHTPOB U CMEIIEHUI,
JIEMOHCTPUPYIOT CHUKEHHE TOYHOCTH HA 00BHEKTAX C HEKAHOHIYIECKOI,
HEBBIYKJION WU CUJILHO J1eOPMUPOBAHHOMN (HOPMOIL, XapaKTepPHON /1ist
MHOTUX TPUKJIAIHBIX 00J1acTel.

Memodu npamozo npedckasanus macox (maunp., Condlnst [5], SOLOv2
[6]), xoTb 1 Gostee TuOKME K hOpME, YACTO HEe UMEIOT SBHOTO, OTJAEIBHOIO
BBIXOJIA, [T CEMAHTHUKH, YTO 3aTPYJAHSACT MX IPEMEHEHUE B 3a/1a9aX, TJe
TpebyeTcs YETKOE pas3jie/ieHue Ha CeMAHTUIECKUE PEIMOHDI.
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Kanaccuveckue cemu cemarnmuseckot ceemernmayuy, (U-Net [8] u ero
mopudukanun [9-11]) He COCOGHBI PA3IMIATH IKIEMILISPHI BHY TPH
OJIHOTO KJIACCA.

Boavwurnemeo cospemertvir pewenutl BaIUIUPYIOTCS HA JaTacerax o0-
IEro HA3HAYEHUs!, 1 UX aPXUTEKTYPhl MOTYT ObITh HEOITHMAJBHBI JJIsI
JIAHHBIX C UHBIMU CTATUCTHYCCKMMU U BU3YaJIbHBIMU CBOMCTBAMMU.

3. Uenb n 3agaumn nccneposaHus

IIpoBeiéHHBIN BBINIE aHAJN3 BBIABISIET CYIIECCTBYIONUN PAa3PbIB MEXK-
JIy MOIIHBIMHU, HO PECYPCOEMKHMHU yHUBEPCAJIbHBIMUA apXUTEKTypaMu U
moTpeObHOCTSIMU B 9(pDEKTUBHBIX, HHTEPIPETUPYEMBIX PEIIEHUSIX JJIs CIIeI[na-
JIN3UPOBAHHBIX IIPUKJIAIHBIX 00JacTeil.

Ilespro uccienoBanmii sIBJIETCA pPa3pabOTKa MOJIEIN IS PEIeHus
3a/1a4l COBMEIIEHHON CEMaHTHYECKOIl 1 MHCTaHC-CeTMEHTaIl, KOTopas,
COXpaHsAs KOHKYDPEHTOCIIOCOOHOE Ka4eCTBO Ha CIENUAJIN3UPOBAHHOM JATACETe
a3p0oOTOCHUMKOB, XapaKTEePU30BAIACH ObI CJIEYIOIMIMMI CBONCTBAMMT:

Apzumexmypras npocmoma u npodpaswrocms. OTKa3 oT u30bITOYHON
CJIOYKHOCTHU B TIOJIb3Yy MOHATHON M JIETKO MOIAMUINPYEMOIl CTPYKTYPHI.

Buwucaumenvrasn spdexmusrnocmsb. OnruMusaims GaiaHca MexKIy TOY-
HOCTBIO M 3aTpaTaMi Ha MHMEpEHC, BKI0Yast CKOPOCTb PabOThI 1 00bHEM
TOTPEOITEMOt TTAMSITH.

Adanmuerocms x dannviM Uueaesol npedmemuoti obaacmu. Bo3MoKHOCTD
3¢ dexkTuBHOTO 00yUeHNS HA CHEIMAJN3NPOBAHHBIX JATaCeTaX OTPAHU-
YEHHOTO pa3Mepa ¢ XapaKTEPHBIM PacIpeie/IeHueM 00bEeKTOB.

Hnmepnpemupyemocms pesysomama. Obecriedenne MOHATHOTO U 00bsIC-
HUMOTO TIporiecca (hopMUPOBAHUS UTOTOBBIX CEIMEHTAIIMOHHBIX MACOK.
Saa4m uccae 0BaHNI:

CHpoeKTHpOBaTh ApXUTEKTYPY MOIEIH.
CdopmupoBarh COCTABHYIO (DYHKIIUO MIOTEPD.
OprannzoBaTh KoHBeliep uHpepeHca.

s

IIpoBecTn cpaBHUTETHLHYIO SKCIEPUMEHTAIBHYIO ONMEHKY MPEJIOZKEHHOTO
METOMA.

[eas n 3amaum paboThl ABJISIOTCS JJOTHIECKAM TPOIOKEHIEM HCCIIET0BaA-
HUI, Pe3yJIbTaThl KOTOPBIX TIpHBejeHb B [33] u [34].

4. ApxutekTypa mogenu

Mogens My npencrasisier coboit U-Net apxuTekTypy, COCTOSIIYIO 13
JBYX OCHOBHBIX KOMIIOHEHTOB: 3HKO/epa F u gexkozgepa D, coeuHEHHBIX
skip-kKoHHEKTOpaMHI, KaK IMOKA3aHO Ha PUCYHKE 1.



Input,
HW.3]

Down1,
[H12,W/2,64]

Down2,
[H/4,W/4,128]

Down3,
[H/8,W/8,256]

Down4,
[H/16.W/16,512]

PucvHok 1.

Bottineck,
[H/16,W/16,1024]

[H/8.W/8,512]
Up2,
[H/4,W/4,256]

ApxuTekTypa MOIeIn

Up3,
[H/2,W/2,128]

Upa4,
[H.W.64]

Emb Head,
[HW,32]

Sem Head,

H.W.61

m

LYV FOJHUTTHINE XITHIULYVHUNUIMOUT WHUHVIOETIOLUOU O GOLMALIO l/II/th.LII’E[V\IJ’JO
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ApxurekTypa BKIIOYaET JBe IapaJijiesbHble BbIXOAHbIE I0J0Bbl Heem 1 Hemp
JIJTs PEITIeHUs] 33/1a9 CEMAHTUIeCKOW U MHCTAHC-CerMEHTAIInN, (DOPMUPYIOIIHIE
KapThl Ygem U Yemb COOTBETCTBEHHO.

PopMaIbHO 3TO MOYKHO OIHMCATDH CJIEAYIOMUMY yPABHEHUSIMU:

Ysem = Hesem(D(E(X))) € RHxWxCSOm’
Yemb = Hemp(D(E(X))) € RFXWX, rae

X  — BxojHOe n3obpazkeHue,

Yeem — KapTa CeMaHTHYECKHUX BEPOSITHOCTEIA,

Yemp — 1oJie d-MEpHBIX SMOEIIMHIOB,

Csem — 9HCIIO CEMAHTHYECKUX KJIACCOB B garaceTe Dgpec,

FE  — dyuknus sHKO/IEPA,

D — dyukuus aexozepa,

H w W — BbicoTa n mupuHa BEIXOJHBIX KaPT IPU3HAKOB (BbICOTA U IIMPUHA
n300parkeHns ),

d  — pa3MepHOCTH BEKTOPHOI'O MPOCTPAHCTBA IMOE IUNHTOB.

Moyess peasnsyer ABYXIOJIOBYIO apXUTEKTYDY, i€ SHKOJEP-/IEKOIED CO
skip-KOHHEKTOpPAMU PEIIAET JBE MAPAJIICIHHBIE 38 IaA9N:

Cemanmuyeckas 204066 (Hgep ) peliaer 3ajady MUKCEIbHON Kiaccuduka-
1uH, npeobpasys MPU3HAKH JeKoaepa B KapTy Yeem € RIXWXCoem 1o
KazKIBIH IIMKCEJIb XapaKTePU3YeTCsl PACIpeIeeHneM BepOATHOCTEH 1o
Csern CEMAHTHUYECKUM KJaccam (HAIIPUMED, «IOM», «Gacceiiny ).

Imbeddunzosasn 20406a (Hemp) pernaer 3ajiady METPHIECKOTO 00y IeHNUs],
dbopmupys d-mepubiit BekTop-3M6eumHT Yoy € REXW XA 11 xazxioro
INUKCeJId. DTU 3MOeIIUHTH SABJIAIOTCS JUCKPAMAHAHTHBIMU: BEKTOPLI
[HKCeJIeil, TIPUHAJIIEKAIINX OJJHOMY OOBeKTY (9K3eMIUISPY ), CXOISTCS
B €IMHYI0 KOMIAKTHYIO 06JacTh B d-MEPHOM IIPOCTPAHCTBE, a BEKTOPHI
OT Pa3HBIX 00BEKTOB — OTAAJIAIOTCH IPYT OT JAPYTa.

Takum 06pa3omM, MOJIeJIb OTHOBPEMEHHO MIPEICKA3BIBAET UTO N300PAZKEHO
(ceMaHTHKA) ¥ TJle NPOXOJSAT IPAHUIIBI MEXKJLY OTJIEJIbHBIME O0EKTAMH OJIHOTO
ksacca (ambeunrn). Ha srane nocro6paborku Kiacrepusarus IMOeI[MHIOB
[TO3BOJISIET OJTHO3HAYHO BBIJEUTH MACKHU KAXKJIOTO IK3EMILISAPA.

Jlpukenne nHAGOPMAIIUN Y€pPe3 MOJIE/Ih IIPEJCTaBJIsieT OO0 CJre Iy ronuit
IIOTOK:

RHXW><3

Iymo cotcamus (anxodep): Bxomnoe nsobpazkenne X € nocJie-

JoBaTeIbHO TpoxoauT depe3 4 61oka Down. Ha xaxkioM ypoBmHe:
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« [IpocrpancrBennoe paspeienue ymenbinaercs B 2 paza (or H x W
o H/16 x W/16).

+ [iiy6una npusnakos yseaudusBaercsa (0T 3 10 512 kanaJos).

o CoxpaHAIOTC TPU3HAKHI IjIsI SKip-KOHHEKTOPOB.

Bymuvirounoe 2opaviuuko Bottleneck: Ha MurmMaIbHOM paspereHun
(H/16 x W/16) npoucxomur Hanbosiee IiIy6OKOEe M3BJIECUICHIE IPH3HAKOB
€ MaKCHMAJIbHBIM KOJIMuecTBOM KaHasoB (1024). DTor ypoBeHb COIEpKUT
HanboJiee aDCTPAKTHOE CEMAHTUIECKOE TIPeCTABIeHNE N300parKeHNs.

Iymv soccmanosaenus (dexodep): IpusHaky MOCIEIOBATEIBHO TIPOXO-
gt qepe3 4 6soka Up ¢ ucnosp3oBanueM skip-koraekTopos. Ha xaxkaom
YPOBHE:

« [IpocTpancTBEeHHOE pa3pelnieHne yBeJntInBaeTcs B 2 pasa.

« [1ybuna mpu3HAKOB YMEHBITIAETCS.

» K BBICOKOYpPOBHEBBIM IIPU3HAKAM J00ABIIAIOTCH HIU3KOYPOBHEBLIE
JeTaJd U3 SHKOJIEPA.

Pasdesenue na dsa nomoxa: Ha BeIXOIE J€KOIEPa MOTOK Pa3eIsaeTcst Ha
JIBE TTapaJlIeJIbHbIE TOJIOBBIL:

+ CeMaHTHYECKUI TTIOTOK: ITPEOOPA3YETCs B BEPOSTHOCTHOE PACIIPEJIE-
JIEHUE TI0 KJIACCAM.

o DMO€ITMHTOBBII TOTOK: MIPeobpa3yeTcst B METPUIECKOe TPOCTPAH-
CTBO JJIsl KJIACTEPU3AIUN.

ApxuTekTypa MOJieJH, IPUBEJEHHAsI Ha PUCYHKE 1, COOTBETCTBYET
moudunmpoanuoit U-Net-m1oo0H0 CTPYKTYPEe U COCTOUT U3 IHKOJIEPA,
OYTHLJIOYHOI'O IOPJIBIIIKA U JIEKOJIEPA, 3aBEPIIAIONIETOC IBYMS BBIXOIHBIMUI
TOJIOBAMU.

Qukouep (6s0ku Downl-Downd) Ha KayKIOM yPOBHE COJIEDPXKUT JBA
CBEPTOYHLIX HOAOJIOKA Bua Conv2d™?! + BatchNorm2d*™? - ReLU™S, 3a
KOTOPBIMHU CJIeJIyeT Ollepallisi IPOCTPAHCTBEHHOI'O IIOHUKEHUS Pa3PellleHus
MaxPool2d"*. KosmdecTBo KaHAJIOB VJIBAUBAETCS OT YPOBHS K YPOBHIO: OT 3
(Bxomnoe RGB-uzobpaxenue) 10 64 (Downl), 3arem 128 (Down2), 256 (Down3)
u 512 (Down4). Beibop 512 KaHAJIOB B KauecTBe MaKCUMAaJIbHON EMKOCTH
9HKO/Iepa 0DOCHOBAH SMIIMPUIECKUM IIOMCKOM ONTUMAJIHHOTO DAJIAHCA MEXK Ly
BBIPA3UTEJIBHON CIIOCOOHOCTBHIO MOJIEIN M BBIYUCIUTEBHON CIIO2KHOCTBIO.
DKCIEPUMEHTAJIBHO YCTAHOBJIEHO, UTO JIaHHAs KOHMUTYparus obecrieanBaeT
JOCTATOYHYIO Pa3MEPHOCTH IIPU3HAKOBOI'O IIPOCTPAHCTBA JJIsl KJlacTepU3alluu
00bEKTOB IPU COXPaHeHNHN 3DHEKTUBHON paOOTHI CBEPTOUHBIX CJIOEB.

1https://py‘torch.org/docs/stable/genera‘ced/torch.nn.Conde.html
2https://pytorch.org/docs/stable/generated/torch.nn.BatchNoerd.html
3https://pytorch.org/docs/stable/generated/torch.nn.ReLU,html
4https://pytorch.org/docs/stable/generated/torch.nn.MaxPool2d.html


https://pytorch.org/docs/stable/generated/torch.nn.Conv2d.html
https://pytorch.org/docs/stable/generated/torch.nn.BatchNorm2d.html
https://pytorch.org/docs/stable/generated/torch.nn.ReLU.html
https://pytorch.org/docs/stable/generated/torch.nn.MaxPool2d.html
https://pytorch.org/docs/stable/generated/torch.nn.Conv2d.html
https://pytorch.org/docs/stable/generated/torch.nn.BatchNorm2d.html
https://pytorch.org/docs/stable/generated/torch.nn.ReLU.html
https://pytorch.org/docs/stable/generated/torch.nn.MaxPool2d.html
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Byrbuiounoe ropabinko (610k Bottleneck) cocTOUT U3 JBYX TAKHUX Ke
CBEPTOYHBIX MOJIOJIOKOB, HO Oe3 moHmKaoIeil cBéprku. OHO pacmmpsier
KOJIMYECTBO KaHAJIOB ¢ 512 1o 1024.

Hexomep (610ku Upl-Up4) HAYMHAETCH C OLEPAIUU AICIMILITHTA C
nomonibio ConvTranspose2d™®, mocjie KOTOPOIi BBLITOJIHAETCSI Ollepallis
konkarenanuu (Concat) ¢ COOTBETCTBYIOIIUM NPU3HAKOBLIM TEH30POM U3
CUMMETPUIHOTO OJIOKA SHKOJEPA. 3aTeM CJIEIYIOT JBa CBEPTOYHBIX II0/0JI0KA
Conv2d - BatchNorm2d - ReLU. KommuecTBO KaHAJIOB MMOCIEI0OBATETIHHO
yMeHbImaercs: ot 1024 mo 512 (Upl), 256 (Up2), 128 (Up3) u 64 (Up4).

Ha Broixome Momenpb pasmensercs Ha JBe HE3ABUCUMBIE BBIXOJHBIE TOJIOBBIL:

Emb Head: omun cBéprounsblii cjioit Conv2d, mpeobpasytomuii 64 KaHaa
B TeH30D Yemp (BEKTOPHBIE BCTPAUBAHMS );

Sem Head: ommu cBéprounbiii ciioit Conv2d, dbopmMupytormmii TeH30p Y gem
(cemanTHUECKAS CEIMEHTAINS ).

Jl1s obectiedennst yCTOMIUBOCTH K MEPEOOYIEHNIO apXUTEKTYPa BKIIOIAET
CJIe/IYIOIIHE SJIEMEHTHL:

Mnozoyposresas Dropout-pezyaspusayus. Ilociie Kaxkao0ro cBEPTOTHOTO
6si0ka Conv2d - BatchNorm2d - ReLU B sHKOjepe M JeKojepe A00aBjIeH
Dropout™® cnoii ¢ BepoarnocTrio p = 0.3. McKrodenne cocTaBsgioT
HepBbIii GJIOK HKOzEepa (J1JIs COXpaHEeHUs] HU3KOYPOBHEBBIX [PU3HAKOB) 1
II0CJIe/THUE CJION IIepe]] BBIXOJHBIMU I'OJIOBAMU.

Kanaavuui Dropout 6 Bottleneck. B cioe Bottleneck (1024 kanasa)
npuMenéH Dropout2d™’ ¢ p = 0.5, KOTOPBIH 3aHYJIAET HEsble KAHAbI
PU3HAKOB. ITO Gostee 3(hDEKTUBHO /Uit CBEPTOYHBIX CETel, 9eM I0Toued-
Hblit Dropout, Tak KakK IPEIOTBPAINAET KOA/AITAIMIO IIPOCTPAHCTBEHHO
KOPPEJINPOBAHHBIX IPU3HAKOB.

Skip-xonHexmopwv, pearudosanvs ¢ Kouxkamenauueti Concat™® u nocae-
74 poL p Y
dyrowets ce€pmioti 1 X1 st yMEHbIIIEHUST PA3MEPHOCTH, YTO CHUXKAET
PHUCK pacIpoCTpaHeHusd IIyMa U3 HKOJepa B JIEKOJED.

Hopmuposanue npusnaros. Bo Bcex CBEPTOYHBIX CJIOSIX UCIIOJIb3YETCS
Batch Normalization (BatchNorm2d **°) ¢ napamerpamu momentum = 0.1
u eps = 107°, uTo obecneunBaeT CTAGMILHOE OOYTEeHHEe IPH MAaJIbIX
pa3mepax baTda.

Shttps: //pytorch.org/docs/stable/generated/torch.nn.ConvIranspose2d.html
6 https://docs.pytorch.org/docs/stable/generated/torch.nn.Dropout.html

7 https://docs.pytorch.org/docs/stable/generated/torch.nn.Dropout2d.html

8 https://docs.pytorch.org/docs/stable/generated/torch.concat.html

9 https://docs.pytorch.org/docs/stable/generated/torch.nn.BatchNorm2d.html


https://pytorch.org/docs/stable/generated/torch.nn.ConvTranspose2d.html
https://docs.pytorch.org/docs/stable/generated/torch.nn.Dropout.html
https://docs.pytorch.org/docs/stable/generated/torch.nn.Dropout2d.html
https://docs.pytorch.org/docs/stable/generated/torch.concat.html
https://docs.pytorch.org/docs/stable/generated/torch.nn.BatchNorm2d.html
https://pytorch.org/docs/stable/generated/torch.nn.ConvTranspose2d.html
https://docs.pytorch.org/docs/stable/generated/torch.nn.Dropout.html
https://docs.pytorch.org/docs/stable/generated/torch.nn.Dropout2d.html
https://docs.pytorch.org/docs/stable/generated/torch.concat.html
https://docs.pytorch.org/docs/stable/generated/torch.nn.BatchNorm2d.html
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Bribop mapameTpoB peryssipusalniui OCHOBAH Ha IPEIBAPUTEIHHBIX
9KCIIEpUMEHTaX:

Tlomoueunwiti Dropout p = 0.3. DTOT ypoBEHH 00ECIEUNBAECT ONTUMAJILHBII
GaJlaHC MeXKJIy COXpaHeHreM MH(pOPMAIUU U peryisipusanueii. Menbiime
sHavenus: (p < 0.2) maror HemocrarodHslii a3ddekr, Gosbine (p >
0.4) upuBoIgT K HeJ060PY TOYHOCTU HA BAaJIUIAIMOHHON BBIOGODKE.
IToroueunsrit Dropout nmpuMeHsieTCsi B CBEPTOYHBIX OJIOKAX IHKO/IEPA U
JIEKOJIEPA.

Kanasvrnti Dropout p = 0.5 B Bottleneck. Bricokasi BEposITHOCTD
obycoBiieHa TeM, 9To B cjioe Bottleneck mpejcraBieHbl Hanboee
abCTpaKTHBIE M BHICOKOYPOBHEBbIE TPU3HAKY, KOTOPBIE OCOOEHHO CKJIOHHDI
K 1mepeoOydennto. Dropout2d 3aHysseT Iejble KaHAJJIbI, YTO OoJee
3(pDEeKTUBHO JJIsi CBEPTOYHBIX CETel, YeM MOTOYeUHbI Dropout, Tak Kak
[IPeI0TBPAIIAET KOAIAIITAINIO IPOCTPAHCTBEHHO KOPPEIUPOBAHHBIX
[IPU3HAKOB B IIPEJIesIaX OJIHOTO KAHAJIA.

Buwibop 4 yposneti aprumexmypovt. DKCIEPUMEHTAIBHO YCTAHOBJIEHO, YTO
yBeJImdeHne TuyOuHbL 0 5 YPOBHEI [IPU UCIIOIH30BAHAN KOMOMHUPOBAH-
ot Dropout-peryssipuzaiuu IpuBOIUT K YPE3MEPHOMY YCJIO2KHEHIIO
Mogiesu 6e3 3HaYMMOoro npupocTa Tounoctu Ha Bamugamua (+0.8% mloU
[P yBeJIMUeHNN KosimuecTBa napamerpos Ha 40%). YMmenberune jio 3
YPOBHEl yXyJIIaeT KA4eCTBO CETMEHTAIMN MEJKUX 00beKTOB (—4.2%
mloU), nockosbKy HepocTaToUHAs [IyOUHA CETU HE MO3BOJISET U3BJIEKATDH
MepapxXuvecKre MPU3HAKA HEOOXOIUMOM CJI0YKHOCTH.

Wcnonp3oBanne skip-KOHHEKTOPOB ¢ KOHKaTeHAIMe, BMecTo attention
gates, self-attention mnm residual-csazeit B nekoaepe [11], obbsicasercs
0COOEHHOCTSIMU 3312490 CErMEHTAINN 3/IaHul Ha a3pOdOTOCHUMKAX BBHICOKOTO
pas3pernieHus.

Bo-nepswir, Takue skip-KOHHEKTOPBI IIOJTHOCTHIO COXPAHSIOT MEJIKUE
JIeTaJIN BBICOKOI'O Pa3pelIeHus] U3 PAHHUX CJIOEB IHKOJEpa. ITO OUeHD
BaXKHO JIJI TOYHOT'O BBIJEJEHUS TPAHUI] 3[1AHUN, CIO2KHBIX KPBIII, TEHEI,
KapHU30B, DAJIKOHOB 1 TPYD — BCETO TOTO, UTO JIETKO TEPSIETCS IIPU YMEHBIIEHUN
paspernenus B 9HKOjepe. KoHKkaTeHarus 1aéT JIeKojiepy Bce Mpu3Haku 6e3
smmHed dbubTpaun, 9To ofecednBaeT JTydiee KauecTso rpanu (Ha 4-7%).

Bo-emopviz, MexaHU3M OY€HDb IIPOCTOH U MOYTU HE YBEJIHMIUBAET IHCIIO
napameTpoB U BelamcieHus. Attention gates (kak B Attention U-Net) no6as-
JIAIOT JIOMOJIHATEBHBIE OTIEPAIMH, YTO TMOBBIMAET HArpy3Ky Ha 15-30% un
yBesmauBaer Bpems uadepenca na 20-40 mc myis uzobpaxkenuns 512x512. s
00paboTKM OOIBIIX 00BLEMOB a3pOPOTOCHEMKH B peaJbHOM BPEMEHU TaKO
JIOIIOJTHUTEIBHBIN PACX0/ PECYPCOB OOBIYHO HE OIPABIAH.
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B-mpemvuz, Ha a3podOTOCHUMKAX C BBICOKOH IIJIOTHOCTBHIO 3JaHUN U
CUJIBbHBIMYU BapUAIUAMU TEKCTYD (Kpbiu, achasibT, TEHH, JePEeBbs) IPOCTHIE
KOHKATEHAITMOHHBIE SKip-KOHHEKTOPHI paboTatoT crabmibHee. Mexannambl
BHUMAHWS UHOI/IA CJIUIIKOM CHJIBHO IIOJIABJISIIOT IIOJIE3HbIE IPU3HAKU (oHa
WM COCEJHUX O0bEKTOB, U3-3a Yero MacKd 3J[aHUil MOIYT (DparMeHTHPOBAThCS
A MEJIKUE TTIOCTPOMKH TE€PSIThCSI.

B urore mmenno kiaccudeckne skip-KOHHEKTOPHI 00ECTIEINBAIOT XOPOIITee
Ka4eCTBO I'PAHUIL IIPU MAKCHUMAJIbHON CKOPOCTU ¥ IIPOCTOTE PeajIi3aliy JIJIst
Halllel IPUKJIAIHON 3a/1a49u.

5. ®opmuposaHue yHKUUM NoTepb

Jlist oOydaerHust MOMIe M TIPEJJIOZKEHA CIIEINATM3NPOBAHHAS HePAPXAIECKasT
JUCKPUMHUHATHBHASA (PYHKIMA MOTEPD, KOTOpasd 3PpPEKTUBHO PeIraeT 3aJan
WHCTAHC-CETMEHTAINY Ha a’POMOTOCHIMKAX, YIUTHIBAS UX CIEINPUICCKIE
0CODEHHOCTH:

(1) ‘ctotal = Esemantic + A Cinstancea rae
Liote] — TONMHAA DYHKINA OTEPD [JIs ONTHMU3AINAN TAPAMETPOB MOJIEJIN;

L semantic — KOMIIOHEHTa, JJII CEMAHTHIECKON KJIaCCU(DUKAIINL;
Linstance — KOMIIOHEHTa st 00y9IeHUs dMOEIIMHIOB, OTBEYaomasn 3a hop-
MHUPOBaHNE TUCKPUMUHATUBHBIX MPU3HAKOB JIJIsT MHCTAHC-CETMEHTAIINN;

A = 0.5 — ckaysgpHbBIi KO3(MOUIHEHT, OMPEIEISAIONINI OTHOCHTETBLHBIM
BKJIaJ[ [IOT€Ph MHCTAHC-CEIMEHTAINN B OOIILY0 (PYHKIUIO IOTEPh.

KommonedT Lingtance COCTOUT U3 JIBYX B3aUMOJIOIOJJHSIIONINX TEPMOB,
pean3yIonmuX INCKPUMAHATHBHYIO (PYHKITAIO TTOTEPD:

Einstance = Lvar + Edista rae
Lyar (variance loss) — mepm, obecneqnBaomuii KOMIIAKTHOCTD KJIACTEPOB
9MOEIIMHTOB BHYTPH KarKJI0TO O0HEKTA;

Laist (distance loss) — repm, peanusyomuii pasjiesienue KJIacTepos pas-
HBIX O0HEKTOB.

Tepm Ly, 0becrieunBaeT KOMIIAKTHOCTD KJIACTEPOB SMOEIIMHIOB BHY TPU
KakK/10r0 00bekTa. JIJIst KarXKI0ro 9K3eMILIIpa k BBIUUCISIETCS IEHTP MacC
9MOE/ZINHTOB Cf, TTOCTE Fero MTPadyOTCcs SMOE/INHIT THKCETe, PACCTOSTHIE
OT KOTOPBIX JI0 IIEHTPA MIPEBBIMIAET MOPOT (yayr. BBIYUCIISETCS CIIEYOITAM
obpazom:

Lo~ 1y (*) 2
L'VM:K§N]€§maX(O,Hei —ck||2—6vm), e
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K — obuee kosmvectBo uctunHbiX (ground truth) o6bekToB B n306pake-

HUU;

Nj  — 9ucjo nuKcese, IpuHaIeXkammux oobekTy k;

k . .
ez(» ) e R d-MepHBIIl BEKTOP IMO€INHTa 1-I'0 IHKCeJist 00bekTa k, mMoJry-
YEeHHBIN Ha BBIXOZE MOJENu Kak Y emb |, %, J];

cp =+ SN e™ — nentp mace (cpespee 3nauenne) sMGeIHHIOB AT

k= N, 2ui=1%; OeHTp beL aa .
06beKTa k, BBIYUCIISEMbIH BO BpeMsl IIPSAMOTO TIPOX0/1a;

I - []2 — Lo-rnopma (eBKIMIOBO paccTostHue);

Oyar — TIOPOTOBOE 3HAYEHUE Pajuyca (TUIEpIapaMeTp), BHYTPU KOTOPOTo
9MOEIINHTHE HE MITPadyIOTCT;

max(0, ) — bynxuus Hinge Loss™ ' (Tak:ke m3BecTHast Kak max-margin
loss), akTUBHpYIOIAst MITPad TOILKO JIJIs THKCeJIel, yIaJIéHHbIX OT

1eHTpa 6oJiee, 9eM Ha Oyay-

Kaxk 661710 0TMeUYeHO BhiIe, TepM L qist 00eCreunBaeT pas/ie/ieHnue KacTepoB
pasHbBIX 00beKTOB. JIjIst KaxKk 101t mapbl 00BEKTOB ¢ U j BBHITUC/ISIETCS PACCTOSHUE
MeKJIy HX IeHTpaMu ||c; — Cj|2, MOC/Ie 4ero HAK/IaIbIBAeTCs MTpad, e 310
pPacCTosiHIEe MEHbIIE TOPOTa O gjst:

2 KX 2
Laist = m Z Z maX<0;5dist - ch - CjHZ) ) rmue

i=1 j=i+1
C;,Cj — IEHTPBI MacC SMOEIMHTOB OOBEKTOB ¢ M j COOTBETCTBEHHO;

Odist — TUIIEPIAPAMETP, 380NN MUHUMAJIBHO YKEJIAeMOE €BKJIUJIOBO
PACCTOSHUE MEXK/y IEHTPAMHU PA3HBIX OObEKTOB;

ﬁ — HOPMUPYIOIIUI MHOXKHUTEJb, 0OECIIeYNBAIONIHIl yCpeJHeHHE 110
BCEM YHUKAJbHBIM TapaM o0bekToB B nzobpakennn (K (K — 1)/2 naps).
JIj1s1 ceMaHTUIECKOI CerMeHTaIluN UCIIOJIL3yeTcsl CTaHIapTHasT (DyHKIIUST

KPOCC-3HTPOINUH C BO3MOYKHOCTBIO B3BEINIMBAHUSA KJIACCOB:

N C
1 . )
Lsemantic = _N Z Z We - G(LC) : IOg(U (Y(Z7C)))7 rae

i=1 c=1
N = H x W — ofriee KoJImuecTBO MUKCeJel B H300payKeHu;
C  — obIee KOJIMYECTBO CEMAHTUIECKHUX KJIACCOB (BKJOYas (HoH);

w. € R — Becopoit koaddurment mis Kiaacca ¢, BBIYUCTSIEMBIH 1T KOMITEH-
canmm ucHaIaHca KIACCOB B maracere (9acTo Kak obpaTHAs d9acToTe
KJ1acca);

10 https://torchmetrics.readthedocs.io/en/v0.8.0/classification/hinge_loss.html
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G009 € {0,1} — Gunapubrii mamukarop (one-hot encoding ™)

JIE2KHOCTH TUKCEJNS ¢ K KJIacCy C;

IIPUHAJI-

Y(#9) € R — cemanrmueckuit Lozum (3HAYCHIE HOIOCPE/ICTBEHHO HA BBIXOJE
CJI09 TIepe]| TpuMeHeRneM (DYHKIMH AKTHBAIIAN) ISt TUKCEJIs M KJIacca
¢, coorBercTByIOMuil 37eMeHTy Y som[C, 1, )5

o(+) — dbyukus, npeobpasyIomas JOrUTE B BEPOSTHOCTHOE PACIIPE/ICICHHE
0 KJIaccaM JJIsl KayKJ0ro MUKCeJIs.

Kitrouesbie runiepriapaMerpbl (byHKIINN OTEPh HACTPAUBAIOTCS HA BAJIUIA-
NOHHOM Habope:

Oyqr KOHTDPOJIUPYET KOMIIAKTHOCTD KJIACTEPOB. MeHbIne 3HAYEHNS CO3/IAI0T
6oJiee TIOTHBIE KJIACTEPHI, HO MOT'YT IIPUBECTHU K mepeodyderuto. Om-
TUMHU3UPYETCs NI OajlaHca Me¥KIy TOYHOCTBIO IPAHUI] OObEKTOB U
YCTOMYMBOCTBIO K IITyMYy.

O dist OUPEIEISET MAHUMAJILHOE PACCTOSHIE MEXK Ty 0ObeKTaMu. Bosbmme
3HAYEHUS] yBEJIMYUBAIOT PA3JIEJIMMOCTh, HO MOI'YT 3aTPYJIHUTH 00yJYeHue
[IPY IJIOTHOM PACIIOJIOYKEHNN 00beKTOB. BBIOOD 3HaUeHMsT 00YCIOBICH
TUIIMYHBIM PaCIIpPeJIeJIeHNeM PACCTOSTHUI MEXK Iy 00bEKTAMU B IIEJIEBOM
Jaracere a3podOTOCHUMKOB.

A — OGasarcupyomuii KO3 UIMEHT MEXKTy CEMAHTUIECKONH 1 WHCTAHC-
cerMeHTaIeil. DMIMPUIECKH YCTAHOBJIEHHOE 3HaUeHUe, 0DeCcIeYrBaroIee
CXOJIMMOCTb 00EMX KOMIIOHEHT.

Beca xaaccos w, BBMUCAAIOTCS 00PATHO TPOMOPIIMOHATIBHO YACTOTE KJIAC-
COB B TPEHUPOBOYHOM JaTaceTe Jijisi KOMIIEHCAIUN JIcOaIaHCca, Xa-
PAKTEPHOro ijist a3POdOTOCHUMKOB (Hapumep, rpeobajganue GoHa
«Background» ). Kounkpernee, w, = ]g%{i‘, riae Niotal — OOIIEE YUCIIO
mukceseit, a N, — 91Cc0 MUKceel Kaacca C.

Komxkpernbie 3HadeHns runepnapaMerpoB Oyay = 0.5, dgqise = 2.0, A =0.5u
d = 32 ObLIM BBIOPAHBI TI0 UTOraM IKCIIEPUMEHTa HA aHAJM3 IyBCTBUTEIHHOCTH,
OIUCAHHBIM HIZKe B moapasese 7.3.2. Jljisi Kaxioro mapamerpa MCCIeI0BaJICS
3aJ[aHHBII IUana30H co cieayimuMu maraMu: Adya, = 0.1, Adgise = 0.2, AN =
0.1u Ad € {8,16,32,48,64}. Tannbie 3HAYECHNSI JEMOHCTPUPYIOT ONITUMABHBIH
GATAHC MEXK /Ty KOMIIAKTHOCTHIO KJIACTEPOB BHYTPH OO'bEKTOB U UX JOCTATOTHBIM
pazzenenneM B mpocTpancTse aMbeaauaros. OKOHYATEIbHBIE 3HAYCHUST ObLIN
0TOOpaHbBI 10 KpUTEepHio MakcumyMa F1-Mepbl Ha BaJUIAIMOHHON BBIOODKE
JITsl KJII0UeBOro kiacca «Buildings.

IIpenmoxkennast pyHKIHUS MOTEPh 06JIQIaeT CJIETYIONMNMU 0COOEHHOCTIMU:

1 https://docs.pytorch.org/docs/stable/generated/torch.nn.functional.one_hot.html
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HUcxnrouenue obaacmets nepexpumud. [lpu Berauciaennn Ly, MUKCEH,
HaXOJSIIMECS B 00JIACTAX MEPEKPLITHII 00bEKTOB, NCKIIOYAIOTCS U3 Pac-
CMOTpEHUI. STO KPpUTHUYECKHN Ba2KHO JIJId JaTacCceTOoB, I'JIe O6’]3€KT])I qacTo
JACTUYHO TIEPEKPHIBAIOTCsI (HATIPUMED, J€PEBbs, 3/IaHNsI, TPAHCIIOPTHBIE
CPeJICTBA).

HUepapruueckasn obpabomxa. Pyukuus morepb paboTaeT Ha ABYX YPOBHAX:
CHa4YaJIla BBITUC/IAIOTCA JIOKAJbHDBIE XapaKTE€PUCTUKN O6'beKTOB (I_[eHTpI)I
Macc), 3aTeM AHAJM3UPYIOTCs IVIOGAJBHBIE OTHOIIEHHST MKy 00beKTaMu
(monapHbIe PACCTOSHUA).

Adanmavyusa x pasromy Koauuecmsy obsexmos. s n3o0paskenuii ¢ ofl-
HUM WJIM OTCYTCTBHEM O0BEKTOB Ljjst HE BBIUUCIISIETCs, IPEIOTBPAIIAs
HECTaOUIBHOCTb O0YYeHHUS.

Banancuposxra xomnonenm. Koaddunmenr A mos3posisieT peryampoBaThb
OTHOCUTEJILHBI BKJIaJI CEMAHTUYIECKON 1 MHCTaHC-CerMeHTallul B COOT-
BETCTBUU C TPEOOBAHUSMU KOHKPETHOM 3a,/1a9u.

IIponieypa BeIrducaeHus GyHKIIAN TOTEPD J7IsT OTHOTO M300parKeHmIs
BKJIIOYAET CJIELyIOINe MAaru:

1. Unentudukanus oobexToB. OnpesesieHne YHUKAJIBHBIX 1D 9K3eMILIsipoB
Ha u3obpaxkernu (uckirodas dou ¢ ID=0).

2. Bwruuciienune neaTpoB macc. Jjist KaxKaoro o0bekTa ¢ UCKIIIOUYeHIEeM
nuKcejieil B 00JIaCTSIX EPEKPBITUIl BBIYUCIISIETCS] [EHTP MAaCC €ro
SMO€ I IMHTOB.

3. Boruncienune Ly, — CpeIHEr0 KBAJIPATHIHOTO MTPEBBIIIEHUST PACCTOSTHII
SMOE/IJITHIOB OT IIEHTPA HAJT TIOPOTOM Jyyy.

4. st Bcex map o0beKTOB BhIducieHue mrpada Lyiss , €CJIU PACCTOSTHIE
MEKJIy UX IEHTPAMU MEHBINE Jgist, C YCPEIHEHHEM 10 BCEM HapaM.

5. [lapamnnenpHoe BBIMUCIECHIE KPOCC-IHTPOIMHHON MOTEPU JJIsT CEMAHTHYe-
ckoit cerMeHTaINN Lsemantic-

6. Arperanus. CymMMupoBaHie KOMIIOHEHT C IIPAUMEHEHnEM OaJIaHCUPYIOIIEro
KO})(b(i)I/ILLI/IeHTaZ ‘Ctotal = ACsemautic + )\(ﬂvar + Edist)-

6. OpraHusauus koHsenepa nHdgepeHca

Komuseitep undepenca peasmsyer mporemaypy npeodpa3oBaHusi BXOTHOTO
uzobpazkenus X € R3*HXW g papopaMmaeckyio MacKy CerMEHTAIIMH C TIOCIE-
JyIOIIell Bu3yasu3alyeil pe3ysibraroB. Konseitepa nndepenca peasmnsyer
CJIEJLYIOIIE OCHOBHBIE 3TAllbl 00PabOTKHI — CErMEHTAIINIO, KJIACTEPU3AIUIO
9MOE/ITMHIOB, (DOPMUPOBAHIE UTOIOBOI MACKU M PEe3yJibTaTa.
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6.1. CemaHnTnyeckas n ambeganHroBas cermeHrauus

Ha mepBoMm sTame Bxomgaoe n3obpakernne X MPOXOIUT Yepe3 MOIUUIIT-
posanuyio U-Net apxutektypy My, oOy<ueHHYIO JIJIsI PEIIeHNs] COBMECTHOM
3a/1a91 CEMAHTUIECKON W MHCTAHC-CEeTMEHTAINN:

My (X) = (Ysem7 Yemb), rae
Yoom € REsem*HXW _ conapruueckne goruTsr (cbIpble, HEHOPMAJIN30BAH-
uble oneHkn) s Csey, KJIACCOB;

Yomp € RHXW d-mepublie 3M6eyMHTY (BEKTOPHDIE TIPEJICTABICHNUS
HU3KOI PasMepHOCTH, COXPAHSIOIINE CEMAHTHIECKYIO BJIM30CTD) JJIs
KaXKJIoTo muKcessd. B aroit 3amucu:

Csem — 00lliee KOJIMYECTBO CEMAHTHIECKUX KJIAcCoB (BKJOYas (oH);
H, W — BbicoTa 1 mmupuHa n300parKeHnsl COOTBETCTBEHHO;

d — Pa3MEpPHOCTH CKPBITOrO IMOEJIMHT-TIPOCTPAHCTBA, BLIOPAHHAS JIJIsT
obecrievennst TUCKPUMUHATHBHOCTH TIPU3HAKOB.

ZHXW

Kapra cemanTnyecknx KjaaccoB Mgey € MIOJTydaeTcsl IPUMEHEHNEM

oIlepaIuyu arg max I0 KJIacCOBOIl OcH:

Mgem[i, j] = argmax Yeem|c, 1, 5], Vi€ [1,H],j € [1, W], rae

Mgem [i, ]] — WUTOTOBBINA IIPEJICKA3AHHBINA KJ1acC (uenoqﬂcneHHHﬁ I/IH,ILEKC)
IS TIUKCeJId ¢ KoopauuaTamu (i, f);

arg max, |—omeparop, BO3BPAIIAONINN HHJEKC ¢ KJIacca, JUIs KOTOPOTo
sHadeHne Joruta Ysem|[C, 7, j| MAKCUMAJBHO.

6.2. Knacrepunsauus ambegauHros

Jnist mukceneit, OTHECEHHBIX K PUOPUTETHON KATErOPUU, UCIIOIb3YeTCs
anroputm “?DBSCAN (Density-Based Spatial Clustering of Applications
with Noise) B npocrpancrse sMbeJIMHIOB

{Sk?}]f;{:]_ - DBSCANe,m ({Yemb[i?j] : Msem [Za]] S T}) ) rjae
T C{l,...,Csem} — MHOXKECTBO HHIEKCOB KJIACCOB THIA «00beKT> (things),
[OJIJIEXKAIIIX MHCTAHC-CErMEHTAINN;

€ > 0 — rumepnapamerp, MaKCHMAJbHOE PACCTOSHUE MEXKTy IBYMsi 0Opas-
[[aMU B OKPECTHOCTH JIJIsl X OO'bEIMHEHUsI B OIUH KJIACTEP;

m € N — runeprnapamerp, MUHIMAJIHHOE KOJIMIECTBO 0OPA3IIOB B €-OKPECTHOCTH
TOYKU JjIs 0OPAa30BaHUs siIpa KJIACTepa,;

12 https://scikit-learn.org/stable/modules/generated/sklearn.cluster .DBSCAN.html


https://scikit-learn.org/stable/modules/generated/sklearn.cluster.DBSCAN.html
https://scikit-learn.org/stable/modules/generated/sklearn.cluster.DBSCAN.html

\RUmENE CErMEHTALIMM OB'bEKTOB C UCIOJIb30OBAHUEM JIMCKPUMMHATHUBHBIX SMBEJJAUMHIOB 157

{Sk}E_ | — urorosoe MHOXKeCTBO KJIaCTEpOB, Ijie Kaxplil Kiaactep Sy
peJicTaBIsieT coboil MHOXKeCTBO KoopyuHat nukceesedt {(i, j)}, npunase-
JKAIMIX OJTHOMY 9K3EMILISIPY 00beKTa;

K — obmiee Koin4ecTBO OOHAPYKEHHBIX KJIACTEPOB (IK3EMILISIPOB).

6.3. PopmuposaHne NTOroBoin Mackm

IManopammaeckas Macka Mgpa € Z7 W (bunanbHAs pasMeTKa, 00 HEINHS-

IOIAs CEMAHTUKY U 9K3eMILIAPDI) (POPMUPYETCs 0ObEINHEHIEM CEMAHTHICCKUAX
MEeTOK Jijisd KJiaccoB «don» u KiaccoB-marepuii (stuff) ¢ yaukanbubimu
nIeHTUDUKATOPAMH JIJIsT KAZKJIOT0 9K3eMIUISIPa KIaccoB-00beKToB (things):

Miemli, j],  ecmn Mem[i, j] € S,

Mtinali, j] =
" [ } Koffset + ka el (27]) € Skv riue

S C{l,...,Csem} — MHOXKECTBO MHJICKCOB KJIACCOB THIIA «OOBEKT», JIJIsI
KOTOPBIX IPUMEHSIeTCsI KJIACTePU3AIUs SK3EMILISPOB;

K ofset — nenounciennas KoncranTa cmernenns (00br4H0 Kofset = Csem),
rapaHTuUpyIoNias, YTO YHUKAJIbHbIE UACHTU(PUKATOPLI IK3EMILISIPOB
(Koffset + k) HE TIEPECEKAIOTCS ¢ CEMAHTHIECKAMH WHIEKCAME KJIACCOB U3
S;

ke{l,...,K} — nnjuekc KIacrepa-sK3eMILIAPA, MOy IeHHOTO Ha TIPe/Ibl-
JlyllleM Iare.

Takum 0bpazoM, nuKcesH, TpUHAJIeXKaIue (hOHy WiIn 00bEeKTaM KJIaCCOB-
MaTepuil, COXpaHAIOT CBOU CeMaHTUYEeCKHE METKH, a KaKJbIi ITUKCEJb,
IIPUHAJIEXKAIII 9K3eMILIAPY 00bekTa k, [MOJydaeT YHUKAJBHBIN 11eJI0YNCIIeH-
HBII UIEHTUPUKATOP.

6.4. Busyanusauusa pe3ynbraTtoBs

st KaK10r0 0OHAPYKEHHOTO 00bEKTa k BBIYUC/ISIETCS YBEPEHHOCTH
Cr € [0,1] Ha OCHOBE OTHOCHUTEJLHOW IUIOIAJU €ro OrPAHMYUBAOIIErO

. kahk
= 2Tk 4.
Cr mm(WxHxa’ 0)7

e W, hi, — pasMepsbl OTPAHNIUBAIONIErO TIpsMoyToabauKa, W, H — pa3mepsl
n3obpazkennsi, & = 0.1 — Ko3pOUIIMEHT HOPMATHIAIIN.

OpAMOYTOJIbHUKA:

Buzyauzarust ncnoab3yeT MBETOBYIO CEMaHTUKY JIJIsI HHTYUTHBHOTO
BOCHPUATHUS YPOBHA YBEPEHHOCTHU:

3eaénvili — BpicoKas ysepennocts (Cy > 0.7).
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Opanorcesoiti — cpepnss ysepernocts (0.5 < Cp < 0.7).
Kpacnoti — nuskag ysepernocts (C < 0.5).

Kongeitep mpeiocTaBiisieT KOTUIECTBEHHYIO CTATUCTUKY:

Obwiee Koauwecmeo oOHAPYHCEHHLLT 06BEKMOE C TIOPOTOM YBEPEHHOCTH,
SN =8 IC >
IPEBBIIAIONIIM 3HAYCHHUE Teont @ N = Y 11 I(Ch > Teont)-

A | K
Cpednas yeepennocmv: C = « > 4 C.
Pacnpedesenue 10 ypoBHAM yBEPEHHOCTH.

6.5. BbluncautenbHbie xapakTepucTuku

IIpetoxkeHHbI MeTO, 06PAOOTKU 00JIATAET CJIEIYIONIMMU KJIIOUEBBIMEI
BBIYUCIATEILHBIMUA OCOOEHHOCTSIMMU:

Adanmuenas xaacmepusavyus. Ilapamerpsl knacrepusanun DBSCAN
(pasuyc OKPECTHOCTH € M MUHUMAJILHOE KOJUYECTBO TOYEK M) He
ABJIAIOTCHA (bHKCI/IpOBaHHbII\H/I 1 aBTOMATUYIECKU IIOJCTPAUBAIOTCA B
3aBUCHUMOCTHU OT JIOKAJIbHOM IJIOTHOCTH O6'])€‘KTOB Ha I/1306pa}KeHI/H/I.

Vemparernue nepexpoimuti. st IOBBINEHUS TOYHOCTHA CECMEHTALMHA 00-
JIACTH, TJ€ OOBEKTHI BU3YAJbHO MMEPEKPBIBAIOTCS, TPEABAPUTEIHHO
UCKJTIOUAIOTCH M3 aHAJU3a U HE yIACTBYIOT B KJIACTEPUIAIUN.

Duaomparus wyma. B pesynbrare KIacTepU3alud aBTOMATHIECKH 0TOpa-
CBhIBAIOTCA He6OJIbHII/Ie CKOILIEHHA TOYEK, KOTOPbIE IIPU3HAIOTCA ONIYyMOM
(KTacTepBI ¢ IMCIOM TIHKCesIell MeHee 3aJaHHOTO MOPOTa My )-

Paboma ¢ ucxodnvim paspeweruem. Bee BHIMUCIUTEILHBIC STAIBI, BKJIIO-
Yad KJIaCTepu3allnuio, BBIIIOJIHAIOTCA HEITOCPEJACTBEHHO C UCXOJHBIM
n300paxkenneM paspemenneM H x W nukcesteit, 9T0 O3BOJIsIET COXPAHUTH
MaKCHMaJIbHYIO JIeTaJIN3AIHIO.

Caootcnocms anzopumma. BpemeHHast CJI0XKHOCTD MIOJIHOTO KOHBelepa
OLlCHUBaETCA KaK:

O(H x W x (Csem +d+ Nclusters)); rae

Csem — UHCTIO CEMAHTUYECKUX KJIACCOB,
d  — pa3sMepHOCTb IPU3HAKOBOI'O BEKTOPA,
N jyusters — CPeJIHEE UUCIIO KJIACTEPOB.

Tpebosarus x namamu. s xpaHeHneM CeMAHTUYECKUX KAPT U MHO-
FOMEPHBIX TPU3HAKOB JIJIsT KaXKJIOr0 MUKCEsT HEOOXOUMa, ITaMsITh
pasmepa:

O(H x W x (Csem + d)).
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7. dkcnepumeHT
7.1. Ycnosus n napamerpbl 00y4eHus

Mogens My, apxuTeKTypa KOTOPOil IpUBeIeHa Ha PUCYHKE 1, MCCIeI0Ba-
JIach Ha CIIEI[AJIN3UPOBAaHHOM gaTtacere aspodorocanmkos TTTTK
«PockazmacTpy, MoJly4eHHbIX ¢ IOMOIIBIO KBajpokonrepa [35]. daracer
Bryrouaer 435 RGB-u300parkeHnii BBICOKOTO pa3pelieHnsi ¢ COOTBETCTBYIOIIUMI
annoTanusaMu B opmare JSON (“LabelMe). cxoubie u306parkeHust
obJtajIasIu pa3anaHbIMu padMepamu. s obecriedenus enHOOOpa3us Ha
BXO/Ie MOJIEJIN BCe M300paKeHusi ObLIN IPUBEMICHBI K €IUHOMY pPa3Mepy
512 x 512 nukceseit. CoOTBETCTBYIOINNE U3MEHEHUST OBLIN BHECEHBI U B
JSON-aiiyibl ¢ aHHOTAIUSAMU — KOOPAUHATLI OJUIOHOB BCEX OOBEKTOB
ObLIN IIepeMacIITabupPOBaHbl C COXPAHEHNEM OTHOCUTEJIBbHBIX IIPOIOPIUI 1
[IPOCTPAHCTBEHHBIX COOTHOITEHUIA.

Kazxkaprit JSON-daiian comepKuT noJIMroHaabHyo Pa3MeTKy 00beKTOB
CJIEJIYIONIMX [IATH CEMaHTUIECKUX KJIACCOB:
Jlaunvit domur/xommedoc (Merka «Buildings ) — 12470 sk3eMILIAPOB;
Tenauya (merka «Greenhouse»)— 6450 5K3eMIISPOB;
Xosnocmpotixa (merka «Outbuilding» ) — 2 150 sK3eMILIspOB;
Tparcnopmmnoe cpedemeo (merka «Vehicle»)— 1516 sK3eMILIsSIpoB;

Baccetin (merka «Swimming» ) — 490 9K3eMILISAPOB.

Ob61ee KOMMIECTBO pasMeUeHHBIX 00beKTOB — 23 076. Ocoboe BHUMaHME B
IKCIIEPUMEHTE YIEI0Ch KacCcy mHcTaHc-cermenTarnn «Buildings, aro
00bACHIAETCsT €r0 HAanbOJIbINel TIPeICTaBICHHOCTRIO B gaTacere (6osee 54%
oT 00IIero 4nucia 06bEKTOB) U MPAKTHIECKON 3HAYUMOCTBIO JJIsd 38129
ABTOMATUIECKOIO KapTOrpahupoBaHus 1 aHAIM3a 3aCTPORKH.

JlaTacer OBLT pa3mesieH Ha TPEHUPOBOYHYIO, BaIMIAIIMOHHYIO U TECTOBYIO
BeIGOpKH B riponioprmu 70%:15%:15% c coxparenunem 6ananca KIacCcoB B KaxKI0i
u3 Hux. st obecrievueHust perpe3eHTaTuBHOCTH Pa3bUeHusl UCIOIb30BAJIACh
cTpaTudUINPOBaHHAsI BEIOOPKA 0 IJIOTHOCTH OOHEKTOB Ha M300PaKEHUAX.

Momens My nccnemoBaiach CO CIEAYIOMIMA TTapaMeTPaMU:

Bzxodnwie xanaav: 3 (RGB).
Paszmeprocmv ambeddureos: d = 32 (cm mmxke Tabi. 4).
Koauvecmeo cemarmuueckut xaaccos: Csem = 6 (dor + 5 06bekToB).

T'untepiapamMeTpbl 00yUIeHUS MOJIEIIH:

13https://github.com/wkentaro/labelme
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Onmumusamop: AdamW™'* ¢ napamerpamu:

Cropocmo obyuenus: lIr = 1074

Bec samyzanus: weight decay = 1074,

By = 0.9, B2 = 0.999.
ITranuposwur ckopocmu obyuenus: CosineAnnealinglR*™*®
Maxcumanvroe Koasuwecmseo anox: Tmax = 200.

Pasmep 6amua: 4 nzobpazkenus: (orpanuyueno namsitbio GPU).

Pannas ocmarnosra (EarlyStopping™™®):

Tepnenue: 15 smox.
Munumanvroe yaywwenue: Api, = 1075,

I'paduernmnoiti xaunnune: Hopma rpaauenTos orpanndena 3Hadenuem 1.0.

Mautsrit pazmep 6aTda 00yCIOBIEH OOBITIM pa3penteHneM n300pazkeHuit
(512 x 512 nukceJieil) 1 MHOOKAHAJIBHBIME IIPOMEZKY TOUHBIMU IIPEJICTABICHHUSIME
B U-Net apxurekType, KOTOpbIe TPEOYIOT 3HAUNTEIbHON BujeonamsTu. [Ipn
ucnosnbzopannn GPU ¢ 32 I'B mamsitu (NVIDIA Tesla V100) makcuMasbHbIi
pasmep baTya s obecrievenus crabmibHol padbors Batch Normalization u
[peIOTBPAIEHNsT OMUOOK HeXBATKHU HaMaTh (out-of-memory) cocTaBui 4eTbipe
n300pazkeHust. IKCIEPUMEHTHI ¢ HAKOILIEHUEM TPAJIUEHTOB JIJIsT SMYJISIIIUN
6oJibIrero pasmMepa b6arda He MOKA3AJH 3HAYUMOIO YJIydIeHns] Ka4eCTBA.

Pannsist ocraHoBKa NpuMeHsJIaCh IPU OTCYTCTBUU YJIyYIlIEHUs] BAJIU-
JAITMOHHON (PYHKIIMHU IIOTEPHh B TedeHne 15 1mocsieqoBaTeIbHBIX 10X, IIe
YTy IIeHneM CIHTAJI0Ch CHIDKeHHe loss me Memee uem Ha A, = 1075, IIpn
cpabaTbIBAHUN MEXaHM3Ma MOJIETb aBTOMATHYECKN BOCCTAHABIMBAJIA BECA U3
SIIOXU C HAWJIYYIINM 3HaYeHHEeM BaJIUJIAIOHHOrO loss.

DKCIEPUMEHTDI TPOBOJIIIINCEH Ha BHIYUCIUTETHLHOM KJIACTEPE CO CIIEYIONIeit
KOH(Uryparmeii:
GPU: NVIDIA Tesla V100 (32 I'B namsitn).
CPU: Intel Xeon Gold 6248R (24 sypa).
Onepamusras namams: 128 T'B DDR4.
I10: Python 3.12.12, PyTorch 2.9.0+cul26, CUDA 12.6.

OrcnexuBaBimecs: Ha KaxKJI0i 9110xXe B IIporiecce 00ydeHusT METPUKU Ha,
TPEHUPOBOYHON U BAJIMIAIMOHHON BBIOOPKAX, IIPEICTABJIEHBI HA PUCYHKE 2.

14https ://docs.pytorch.org/docs/stable/generated/torch.optim.AdamW.html

l5https : //docs . pytorch . org/ docs / stable / generated / torch . optim . 1r _ scheduler .
CosineAnnealingLR.html

16h‘t‘tps ://docs . pytorch . org/ignite / generated/ignite . handlers . early _stopping .
EarlyStopping.html


https://docs.pytorch.org/docs/stable/generated/torch.optim.AdamW.html
https://docs.pytorch.org/docs/stable/generated/torch.optim.lr_scheduler.CosineAnnealingLR.html
https://docs.pytorch.org/ignite/generated/ignite.handlers.early_stopping.EarlyStopping.html
https://docs.pytorch.org/docs/stable/generated/torch.optim.AdamW.html
https://docs.pytorch.org/docs/stable/generated/torch.optim.lr_scheduler.CosineAnnealingLR.html
https://docs.pytorch.org/docs/stable/generated/torch.optim.lr_scheduler.CosineAnnealingLR.html
https://docs.pytorch.org/ignite/generated/ignite.handlers.early_stopping.EarlyStopping.html
https://docs.pytorch.org/ignite/generated/ignite.handlers.early_stopping.EarlyStopping.html
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CpeHee BpeMst 00yYeHUsI OJIHOI STOXU COCTABUIJIO 3 MUHYTHI 12 CeKyH/I.
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PucvyHOK 2. I'pacduky MeTpUK TOYHOCTH MOJIEIH JJIsI [[EJIEBOIO

KJtacca mHcTanc-cermentaryn «Buildings B mporiecce e€ o0y4uenus

W BaJIUJIAITAN

(e) 'apmonmnyeckoe cpejiHee TOYHOCTH U

O6mee Bpemst 00y veHust 70 cpabaThIBaHUsT paHHEH ocTaHOBKH (95 smoxu) —


https://docs.pytorch.org/ignite/master/generated/ignite.metrics.IoU.html
https://docs.pytorch.org/ignite/master/generated/ignite.metrics.precision.Precision.html
https://docs.pytorch.org/ignite/master/generated/ignite.metrics.recall.Recall.html
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pubau3nTeabHo 5 Yacos. IIpomomkuTesbHOCTE 00yYeHNsT O0yCIOBIIEHA
caenyomuMu GakTopaMu:

« Bricokoe pasperenue nzobpaxkernii (512 x 512 nukceseit), Tpebyroriee
00paboTKU OOIBITOTO 00bEMA TAHHBIX HA KaXKIOH SITOXE.

« MHOro3amagublit XapakTep MOIEIN C OTHOBPEMEHHBIM BbIUUCJICHUEM
CEMAHTUYECKON 1 9MOEJINHIOBON KOMIIOHEHT (DYHKITUH ITOTEPh.

* HeobxommmMoCTh cOXpaHeHUsT MPOMEXKYTOUHBIX TPU3HAKOB st skip-
KOHHEKTOPOB, YBEJNINBAIOMAs TPEOOBAHUS K MAMSATH U BBIUMCIEHUSIM.

st cpaBrenust, o0y4enue kiaaccudeckoit Mask R-CNN (ResNet-50-FPN)
Ha TOM Ke Jaracere U 0DOPYIOBAHUU JIO COMTOCTABUMOIO YPOBHSI KA4eCTBa
(IoU =~ 0.81) 3aHsw10 8.5 4acoB. DTUM IIPEJJIOKEHHAs] ADXUTEKTYPA IIPOJIe-
MOHCTPHUPOBaJa BHIUTPHI B 41% 1o BpeMenn o6y4eHus Ipu COXPAHEHUT
KOHKYPEHTOCIIOCOBHOH TouHOCTH (I0POGHOCTH B CJICYIOIIEM Mojpa3zeie 7.3).

Cpentee BpeMsi undepeHca 0IHOro nu3obpazkenns pasMepoM 512x512
cocrasuiio 62 mc Ha GPU NVIDIA V100 (32 I'B), Bkirouast HOJIHBIN UKL
npsiMoit poxot cetu u dtan Kiacrepusamun DBSCAN. Ha 6ostee moctymmoit
sugeokapre NVIDIA RTX 4090 (24 I'B) Bpems undepenca yBeuIuBaeTcs 0
78 mc. Pazuuniia Bo BpeMeHn MKy OOyUeHreM M MHMEPEHCOM O0bICHIETCS
OTCYTCTBUEM Ha, 3Talle WHMEPEHCa 3aTPaTHBIX Olleparnii 06paTHOro pac-
IIPpOCTpaHeHUA OHII/I6I(I/I7 O6HOBJIeHI/IH BE€COB U I'PaIMEHTHBIX BBIYYUCJICHUIA.
Kpome Toro, mporenypa kiracrepusanuu ONTUMI3APOBAHA: TPUMEHSIETCS
npubsmkénneiii Bapuant DBSCAN ¢ npenBaputesibHOil buiibrpanyeil nukce-
JIell 110 CeMaHTUYeCKOil MacKke U yMeHbIeHueM ducia Touek (downsampling
AMOEIUHTIOBOIO 11015, YTO CYNIECTBEHHO CHUXKAET HAKJIAIHBIE PACXOIbI
TOCTOOPAbOOTKM.

Hauyummue pesyabrarsl JOCTUTHYTHL Ha, 95-if 3110Xe 00ydeHUsT U MPeICTaB-
JIeHBI B TabJmiie 1.

TABMUUA 1. Merpuku mMoenu Ha 95-if smoxe (Jydinme Beca)

MeTtpuka O6yuyenue | Banugauus | Pasnuna
Loss 0.240 0.250 0.010
Learning Rate 5.59 x 10~°

Pixel Accuracy 0.985 0.970 0.015
mloU 0.880 0.800 0.080
IoU «Building» 0.892 0.812 0.080
Precision «Building» 0.905 0.885 0.020
Recall «Building» 0.880 0.875 0.005
F1 «Building» 0.892 0.880 0.012

U3 Tabunpl BUIHO, 9TO MOJIEJb J€MOHCTPUPYET YCTORIUBYIO CXOAUMOCTD.
Ha6urromaercst yMepeHHBIil pa3phIB MEXKJLy 3HAUEHUsIMU (DYHKIMH [OTEPh HA
obyuaromeit (0.240) n sammpanuonsoit (0.250) BbIGOpKax, cocrassomuit 0.010.
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Mojesb 1ocTUTaeT BHICOKHUX MTOKA3aTe el MEeTPUK TOTHOCTH Ha 00ydJaroreit
BBIOOPKE, IIPU 3TOM COXPAHSIA XOPOIIee, XOTs U HECKOJIbKO CHIYKEHHOE, KAueCTBO
Ha BaJIMIAIMOHHBIX JaHHBIX. OCOOEHHO MOKa3aTe IbHBI 3HaYeHns Fl-score
nta Building: 0.892 ma oby4aroreit Boibopke u 0.880 Ha BaIUIAITMOHHOIL,
9TO CBUIETEJILCTBYET O XOPOIIeM OajiaHce MeXKIAy TOYHOCTBHIO U IIOJIHOTOM.
HaGmmonaercst ymepensbiit paspbis (8-11%) mexxy mMeTpukamu Ha obyuaroniefi
U BaJIMJIAIMOHHON BBIOOPKAX, UTO 00'bACHAETCSI TIOBBIIIIEHHOM CJIOXKHOCTBIO CIIEH
BaJIMJIAIMOHHOM 110ABBIGOPKHU (IJIOTHASL 3aCTPOiiKa, YaCTUUHBIE [IEPEKPBITHS
06bexToB). Tem He MeHee, cTabUIIbHAS CXOAMMOCTb U IETKUIl UK KayecTBa HA
95-i1 31I0X€E CBUAETENHLCTBYIOT O XOPOIIeil 06001AIoIe CITOCOOHOCTH MOJIEJIN.

s peanmsanuu MoJiesu ObLia BhIGpaHa 6ubaunorexa PyTorch™. Uc-
XOJHBIN KOJI PeaJIU3AIUN MOJIEN U BCE SKCIIEPUMEHTHI JJOCTYIIHBI B BUIE
naTepaxTupHoro bokmora®™'® Jupyter na mrardgopme Google Colab.

Ha pucynke 3 mokasanbl pe3yIbTaThbl CEPMEHTAIMNA TECTOBOTO M300ParKeHM,
COZIEPZKAINEr0 YIACTKH C N30 IMPOBAHHBIMU 3/IAHUSAME, C YMEPEHHO! ¥ C ILJIOTHOMN
3aCTpOKaMU.

B Bepxuem psigmy, Ha pucyske 3a, 36 u 36, IOKa3aHbI UCXOJIHBIE CEMAH-
TUYIECKNE MACKU, BBIIEJISIONNE Bce 00beKTh Kiaacca «Building». Macku,
MIpEICTABICHHbIE B COOTBETCTBUU C IIBETOBBIM KOAWPOBAHUEM M3 pasnena 6.4,
CJIy?KaT BXOJHBIMU JIAHHBIMU JIJTsI TIOC/IEIYIONINX ITAIOB. DTOT Pl WILIIOCTPU-
PyeT UCXOIHYIO 3aady — HEOOXOIUMOCTDb PA3JIE/IUTh eIUHYI0 CEMAHTUIECKYTO
006JIaCTh HA OTJEJbHBIE SK3EMIUISPDI JAUHBIX JOMUKOB,/KOTTEIZKEN.

Cpemauit psiji, pucyHOK 32-3€, TeMOHCTPUPYET MEePeX0o/l OT CEMAHTHKHI
K 9K3eMILIFPaM Yepe3 BU3YATU3AIUIO IIPOCTPAHCTBEHHBIX IPU3HAKOB (aMbe-
JITHIOB). 3J1€Ch KaxK bl IMKCEsIb CIIPOEIUPOBAH B IPOCTPAHCTBO, TJIE ero
KOOD/IMHATHI OIIPEJIEJISIIOTCS HE IIBETOM, & CXOJCTBOM KOHTEKCTHBIX MPU3HAKOB.
Ha pucynke 32 mjist pazpexkeHHON 3aCTPOiTKY HAOIIOIAIOTCS I6TKO Pa3IesIéH-
HBbIE U KOMIIAKTHBIE KJIACTEPhI, UTO yKa3bIBAET HA BBICOKYIO Pa3IUIUMOCTH
00bexToB. [lo Mepe yBeUUeHUsT TIOTHOCTH 3aCTPOWKN HA PUCYHKax 30 U 3e
KJIACTEPBI HAYWHAIOT IPUJIETATh JIPYT K JAPYTY, & UX TPAHUIBI CTAHOBATCS
MeHee BbIPayKEHHBIMU, BU3YAJU3UPYsi TEM CAMBIM OCHOBHYIO BBIUHCJIUTEIBHYIO
CJIOYKHOCTD 3aJ[a9H.

Huzkawmit psiji, pucyHOK 30tc-3u, 0TOOparKaeT UTOrOBBI PE3y/IbTaT — KapTy
CErMEHTAIINU OT/IEJbHBIX 9K3EMILISPOB, MOy IeHHYIO MyTEM KJIACTEPU3AINN
sMOeauHroB. KaxK10My OTHeIbHOMY 3/IaHUI0 TPUCBOEH YHUKAJIBHBIN I[BET
coryiacHO pazjeny 6.4. Pe3ynbraTbl MOATBEPKIAIOT HAOJIOIECHUST: H30JIH-
POBaHHBIE 3/IaHUsI UPABUILHON GOpMbI (PUCYHOK 30/C) CErMEHTUPYIOTCS €
BBICOKOI TOYHOCTBIO M YBEPEHHOCTHIO. B yCJIOBUSX IJIOTHON M CJIOYKHOM

17 https://pytorch.org/docs/stable/index.html
18 https://colab.research.google.com/drive/1syACFrW4N1MKNUuNO871mJWkOQDgeYnj#scrollTo=
3mQXr-LDEkTF


https://pytorch.org/docs/stable/index.html
https://colab.research.google.com/drive/1syACFrW4N1MKNUuNO87lmJWk0QDqeYnj#scrollTo=3mQXr-LD5kTF
https://pytorch.org/docs/stable/index.html
https://colab.research.google.com/drive/1syACFrW4N1MKNUuNO87lmJWk0QDqeYnj#scrollTo=3mQXr-LD5kTF
https://colab.research.google.com/drive/1syACFrW4N1MKNUuNO87lmJWk0QDqeYnj#scrollTo=3mQXr-LD5kTF

164

11.B. BuHOKYPOB \RUmEN;
F - -
» .
L <=
= L
n
»
[ | £ N

(a) zommpoBannbie
0O'BEKTHI

(6) YMmepeHHas
IJIOTHOCTHL OO'bEKTOB

(6) Boicokast
ILJIOTHOCTL OO'bEKTOB

() Yérkue
KJIacTepbl

Building 91%
il

(orc) Bpicokme oreHKu

(0) Ilpuneraromue
KJIaCTepbI

(3) CMmelaHHble OIEHKU

(e) Ilepecekatommecst
KJIaCTEePbI

(u) Huskue onenkun

Pucynok 3. PeSyIII)TaTBI CerMeHTamnumn 00BEKTOB KJIacca Ja9HOIO

JIOMUKA, JJIsT TPEX TECTOBBIX CIEH

3acTpoiiku (PUCYHOK 33, 3u) aJrOPUTM, HECMOTDSI HA CJIOKHOCTHU, YCIIEITHO
pazzaessierT OOJIBIMMHCTBO NEPEKPBIBAIOIINXCA 00 bEKTOB, XOTsI YBEPEHHOCTH
MOJIEJIH JIJTsl TAKUX 0DJIacTeil, KaK IMPaBUJIO, CHUXKAETCsI, YTO BBIPAYKAETCS B
MeHee CTabMJIBHBIX I'DAHUIIAX CETMEHTOB.
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7.3. CpaBHeHune c COBpeMeHHbIMU MeTogamMn CermeHTauumn

11 OleHKM KOHKYPEHTOCIIOCOOHOCTH TPETOKEHHOTO TTOIX0/1a ObLIa,
MIPOBEJIEHA CEPUST IKCIEPUMEHTOB TI0 COMIOCTABIEHUIO C PSIIOM COBPEMEHHBIX
METOJIOB CEMaHTUYECKOW U MHCTAHC-CerMeHTanuu. Bee Mojenn obyJanch
W TECTUPOBAJNCH HA OJHOM M TOM K€ CHEINAJIU3NPOBAHHOM IATACETe
a’pOodOTOCHUMKOB C COXPAHEHHEM OJMHAKOBBIX CTPATEruii ayrMeHTAIlu 1
pasmmanuu. Jljis MeTooB, m3HAYAIBHO IIPeIHAZHAYEHHBIX JJIsl JaTaceTOB
oburero Haznauenusi (COCO, Cityscapes), Gblin aJanTHPOBAHBI BXO/IHbIE
paspeliieHnst 1 IpoBezieHo noobyuenne (fine-tuning) Ha meneBoM maracere.
Pesynbrarhl cpaBHEHUs 10 KJIIOYEBBIM MeTpHUKaM s Kjaacca «Building»
npejcTaBiaensl B Tabsure 2.

Tasnuna 2. CpaBHeHHE MPEJIOKEHHOIO METOJIA ¢ COBPEMEHHBIMEI
apXUTEKTYPaMH CErMEHTAIUN

Bpewmsa

Mertog (ron) IoU 1 | Fl-score T | mIoU 1 | undepenca

| (ms/img)
Mask R-CNN (2017) 0.824 0.875 0.795 150
Panoptic-DeepLab (2020) 0.835 0.882 0.810 80
Mask2Former (2022) 0.855 0.898 0.832 120
DINOv2 (2023-2025) 0.862 0.905 0.840 105
SAM 2 (LoRA-ananranus) (2024-2025) | 0.858 0.900 0.835 65
MR-DeepLabv3 ™ (2025) 0.854 0.902 0.838 88
OneFormer (2025) 0.865 0.908 0.842 95
IlpenJioxkenHas (2026) 0.812 0.880 0.800 62

Kak BumHO m3 Tabauibl 2, npeioKeHHas MOJIeJb JIEMOHCTPUPYET
cornocraBuMyto 3¢ deKTuBHOCTD ¢ KiaccudeckuM Mask R-CNN: eé TounocTb 110
ToU (0.812 mporus 0.824) u Fl-score (0.880 nporus 0.875) Haxoaurest Ha
OJTHOM YPOBHE, IIpU 3TOM ODecriednBas 3HAYUTEbHOE YCKOpeHne nHdepeHca —
62 mc. mporus 150 Mmc. Ha m300pakenue pazmepom 512x512.

Ilo cpaBHEHUIO ¢ COBpEMEHHBIMU TPAHCHOPMEPHBIMU APXUTEKTYPAMUI
(Mask2Former, OneFormer, DINOv2) npejaraemasi MoJeJib YCTYIIAET B
abcourrorHol TounocTu Ha 4-5% (manpumep, OneFormer gocturaer IoU
= 0.865), OIHAKO TIPEBOCXOJUT UX IO CKOpocTH B 1.5-2 pasa m TpeGyer
3HAYUTETFHO MEHbIIE BBIYUCIUTETHLHBIX PECYPCOB. DTO JIeTIaeT eé 0COOEHHO
[IPUBJIEKATEIHLHOM JJISI CIIEHAPUEB MaCCOBOI 0OPAOOTKU JAHHBIX B YCJIOBUSAX
OTPAHUYIEHHBIX PECYPCOB.

OcobeHHO TTOKa3aTeIbHO CPABHEHHUE C JIByMs CIIEIIUAIU3UPOBAHHBIMI
mozensimu 2025 roga:

SAM 2 (LoRA-azanranus ijis JUCTAHIMOHHOIO 30HIMPOBaHUA) obeciie-
YUBaeT COIOCTABUMYIO CKOpoCTh (65 Mc nporus 62 mc), HO TpebGyer
CJIOXKHOTO NaiIiaiiHa ¢ IPOMIITAMH U JI000y9IeHneM Ha dTale nHdpepeHca.
IIpenoxkennast Momesb, HAIPOTUB, PAOOTAET ABTOHOMHO U IIPOIIE
B Pa3BEPTHIBAHUU.
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MR-DeepLabv3", onTuMmu3npoBaHHAs IS CEIMEHTAIMN 3IAHUN, JIeMOH-
crpupyet Ha 4.2% 6Gosiee Boicokyio TounocTb (IoU = 0.854), onnako
paboraer ua 30% mezyennee (88 mc nporus 62 mc). s 3amaa onepa-
TUBHOTO KapTOrpadpUpOBaHUs U aHaIu3a GOJIBIIUX TEPPUTOPHIl TaKas
Pa3HMIA B CKOPOCTU MOYKET ObITh KPUTUIHOM.

Takum obpazom, mpegnoxentas moaudunumpoBannast U-Net ¢ auckpumm-
HATUBHBIMU SMOE/[JIMHIaAMU [IPEJICTABIISIET COOOM MTPAKTUIHBIN KOMIIPOMICC
MEXK/Ty TOYHOCTBIO, CKOPOCTBIO MH(MEPeHca N apXUTeKTypHOI npoctoroit. Ona
0c00eHHO 3P DEKTUBHA JJI CIIEINAIN3UPOBAHHBIX JAHHBIX a3P0(hOTOCHEMKH,
rJie Tpebyercs Oasanc MeXK/Ty KadeCTBOM CErMEHTAINH U IPOU3BO/UTETLHOCTHIO
HA JIOCTYITHOM OOODY/IOBAHUH.

7.3.1. AHanuz 3Ha4UMOCTH KOMMOHEHTOB DYHKLUUM MOTEPD

B rabsurie 3 npeicTaBieHbl pe3yIbTAThl HCCIEI0BAHNS BIUAHUS KO3bDU-
1eHTa O0AJTAHCHPOBKY \ U KOMIOHEHTOB IPE/IOZKEHHON (QyHKINHA TOTEPD Liotal-
Bce axcriepuMeHThI TPOBOIMIINCH ¢ (DUKCHPOBAHHBIME THIIEPIAPAMETDAMEI
(Ovar = 0.5, d4ist = 2.0) u pazmepHOCTBIO 3MOeMHIOB d = 32.

TAB/INIA 3. AHaJU3 3HAUMMOCTH KOMIIOHEHTOB (DYHKIMH HOTEPh
(MeTpUKHU Ha BaJMJAIMOHHOM BHIGOPKE)

Koudurypauus | IoU (val) 1 | Fl-score (val) 1 | mIoU (val) 1

Tlosmmaa (A = 0.5) 0.812 0.880 0.800
=0.3 0.775 0.858 0.762

A=0.7 0.782 0.863 0.769

Bes Lyar 0.732 0.826 0.715

Bes Laist 0.745 0.835 0.728

Tonbko Lsemantic 0.712 0.802 0.695

Pesysibrarhl MoITBEPKIAI0T KPUTUIECKYIO BaXKHOCTH 0O0MX KOMIIOHEHTOB
Lyar 1 List I 33/1a91 THCTAHC-CETMEHTAIINN: UX UCK/IIOYEHNE TIPUBOIUT K
sameTHOMY TaieHnto Merpuk (cHmkenue IoU na 7-9%, mIoU na 8-9%). Orcyt-
crBUE 060UX KOMIIOHEHTOB (IIOCJIeHsIsl CTPOKA TabJIMI[BI) IIPUBOIUT K Hauboee
3HAYUTEJILHOM JIErpaaliui KadecTBa, YTO JeMOHCTPUPYET IIPUHIUITHAIBHY IO
POJIb SMOEIMHT-OPUEHTUPOBAHHOTO O0YUIEHUsI JIJTsi PA3/IEICHUS IK3EMILISPOB.
Kosddbunment damancuposku A = 0.5 obecrieqnBaeT ONTUMATLHOE KAIECTBO,
IPEBOCXOIs anbrepHaTuBHbIE 3HaveHus A = 0.3 mw A = 0.7 na 3-4% mo
OCHOBHBIM MeTpukaM. llosiHast kondurypaiust ¢ A = 0.5 1eMoHcTpupyer
HaWJIY4IlA€e PE3yJIbTATHI IO BCEM METPUKAM.

7.3.2. YHyscTBUTENILHOCTL K runepnapamMeTpam

3aBUCUMOCTb KAYeCTBA MOJIEJIU OT TUIEPIapaMeTPOB Oyar, Odist, A U
pa3mepHOCTH SMOeIMHTOB d TpeicTaB/ieHa B Tabir. 4.

Anayms IIOJIYIE€HHbIX 3HAYEHU BBISIBUJI cieayomue 3aKOHOMEPHOCTHU:
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TABMMLA 4. Bumsnune runepnapamerpos Ha Mmerpuku (Fl-score
1tst kiacca «Building» )

ITapameTp dunanazon | OoTumym Bausinue
var 0.2,1.0 0.5 Bricokast 4yBCTBUTEILHOCTD
Odist 1.0,3.0 2.0 IITupokuit onTuUMyM
A 0.1,1.0 0.5 Bananc IoU u mAP
d (smbennuuros) 8, 64] 32 Hacpienue npu d = 32

Hauboavwee sauanue na umoz080e KAGYECMB0 0KA3HIEAEM, NOPO2 dyar,
YNPABAAOUWUT KOMNAKMHOCMBI0 ambeddune-raacmepos. OnruMaabHOe
3HAYEHHUE JIEXKHUT B y3KoM Auara3one [0.4,0.6].

Iopoe pasdenerun baisy umeem wuporud onmumym ([1.8,2.4]), ato corma-
CYeTcs C eCTECTBEHHO! BAPUATUBHOCTHIO PACCTOSHUN MEXKJLy 00beKTaMU
HA a3POCHUMKAX.

Koappuyuenm A demoncmpupyem ostcudaemovili KOMNPOMUCC: TIPUA HE3-
KHUX 3HadYeHusx camxkaerca mAP, a npu soicokux — nagaer loU. Onru-
MaJIbHBI Gasanc jpocruraercst B uarepsadte [0.4,0.7].

Kavwecmeo pacmém ¢ yseaunenuem pasmeprocmu d do 32, nocae wezo
nacmynaem Hacviuerue. Beroop d = 32 obecrieduBaeT ONTUMAJIBHOE
COOTHOIIIEHUE TOYHOCTU U BHIYUCIUTEILHBIX 3aTPAT.

7.3.3. CpaBHeHue anbTepHaTUBHBIX (DYHKLMI NOTEPb

B kadecTBe IOMOMHATEIHHOIO SKCIIEPUMEHTa ObLIa MCCIEI0BAHA BO3MOXK-
HocThb 3aMenbl Hinge Loss B koMoHeHTax Lyar U Lgisy HA Apyrue QyHKINU,
[IpUMeHsieMble B MeTpuiecKoM oOyuernu [38]. PesysbraTs! npeicraBieHs!
B Tabsuie 5.

TabuiaA 5. CpaBHeHUe aJbTEPHATUBHBLIX (PYHKIUH TOTEPD IJIsT
00y4eHust SMOEITUHIOB

Tun dyHkummn F1l-score 7 | mIoU 7
Hinge Loss (6a3a) 0.880 0.800
Contrastive Loss 0.875 0.792
Triplet Loss 0.876 0.794
Center Loss 0.872 0.789

OkcnepuMenT mokaszaj, uro Hinge Loss, ncrosp3oBaHnas B MPe/JIOKEHHOM
MeTo/ie, obecrieunBaeT HauIy e pe3yasTarsl. Bosee coBpemennbie Contrastive
u Triplet Loss e nokazanu 3aadnmoro yiyumienus (mpourpsim 0.4-0.8% no
Fl-score u 0.6-1.1% no mIoU), TpeGyst npu 9TOM TIIATEIBHOTO TOAGOPA
TUIIEPIIAPAMETPOB U JIEMOHCTPUPYs CKJIOHHOCTDh K HECTaOMIBHOCTH Ha JTAHHBIX
C MaJIBIM KOJIMYECTBOM IK3EeMILIAPOB Ha M300parkeHue.
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8. Obcyxpaenune
8.1. KnioueBble npeunmyLiecTBa apxuTeKkTypbi

T'maBHast 0COOEHHOCTh APXUTEKTYPHI 3aKJI0YAETCsI B COBMECTHOM pe-
[IEHUH 33J1a9 CEMAHTUIECKON U MHCTAHC-CEIMEHTAINN B PAMKAX €JINHOI
MOJIEJIH, UTO TO3BOJIIeT M30eKaTh HAKOIJICHUS OMMOOK, XaPAKTEPHOIO st
I0CJIeIOBATEIBHBIX MTOJXO00B. IMOEJIMHI-OPUEHTUPOBAHHASI TapaIurMa obec-
[EYNBAeT TUOKOCTDh B PA3JIEJIEHUN TIEPEKPBIBAIOIINXCS OOBEKTOB U aJIAIITAIIIO
K PA3JINIHBIM CIIEHaM dYepe3 HACTPONKY MapaMeTpPOB KJIACTEPU3AIINH.

st a3podOTOCHIMKOB apXUTEeKTypa ocobeHHo 3ddexTuBHa O1arogapst
COXPaHEHUIO KOHTEKCTHON mHpopMaImm depe3 skip-KOHHEKTOPHI W CIIOCOOHOCTH
0bpabaThiBaTh 00BEKTHI PA3INIHBIX MACIITaboB. MeTpuaeckoe oOydeHne B mMpo-
CTpaHCTBE 3MOEJIMHIOB CHUYKAET UyBCTBUTEILHOCTD MOJIENIN K U3MEHEHUSIM
YCJIOBUI CHEMKH, 9TO KPUTHYECKH BAYKHO JIJIST JUCTAHIIMOHHOTO 30HIUPOBAHUS.

8.2. OrpaHuyeHuns n BbI30BbI

OCHOBHBIM OrpaHUYEHUEM I10JIXO0JIA SIBJISETCS HOBBIIIEHHAS] BBIYUC/IATE b
Hasl CJIOKHOCTD, CBSI3aHHAS C XPAHEHHEM W 00pabOTKOI IMOEIIMHTOB [IJIsT BCEX
nukceseit nzobpaykenust. Knacrepuzamus DBSCAN mozker orpannduBarh
MTPOU3BOJIUTEILHOCTh CUCTEMBI IIPU 00pabOTKe M300parKeHU BBICOKOTO
pasperieHus.

KauectBo mHCTaHC-CErMEHTAIIMY CYIIECTBEHHO 3aBUCUT OT MPABUJIBHOIO
BBIOOPA TTAPAMETPOB AJTOPUTMA KJIACTEPU3AINU U OATAHCUPYIOIIEro Ko3dbduim-
enta A\ B QyHkuun norepb Liota u3 (1). Kpome roro, acbdekrusnocrs mMeTona
9yBCTBUTEJIbHA K KAYECTBY U COTJIACOBAHHOCTH PA3METKM TPEHUPOBOYHBIX
JIAHHBIX, OCOOEHHO B 0OJIACTIAX TMEPEKPBITUH 00HEKTOB.

8.3. BnusHue rnybuHbl apxmMTEeKTypbl Ha KAYECTBO CErmMeHTaLumn

BaxKHBIM aclieKTOM sIBJISIETCS BJIMSHUE KOJIMIECTBA OJIOKOB SHKOJEPA U
JIeKojiepa Ha KadecTBO cermeHnTanuu. Buibop 4 yposHeit B Tekyme#t peagn3anun
[IPEJICTABJISET CODOI ONMTUMAIBHBIN KOMIPOMUCC JIJIst 331490 CErMEHTAIIN
a3p0oPOTOCHIMKOB:

o JlocraTounasi TyiybuHa JIJIsI U3BJIEYEHUs] IPU3HAKOB O0ObEKTOB PA3HOI'O

Macmraba.

« MunumaibHo HEOOX0UMOe yMeHbllenue paspemienus (B 16 pas) njisa
co31aHnsT MHMOPMATUBHOTO Bottleneck.

« Coxpanenue mpocTpaHcTBeHHON nHpopMarun depe3 3 deKTUBHBIE
skip-KOHEKTOPHI.

« YIpaBJjsieMblil pa3Mep MOJIEJIU Jjis O0yYIeHUs Ha, JTOCTYIHBIX BBIYUCIIU-

TEJIbHBIX PECypCax.
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DKcnepuMeHTaIbHbIe HAOIIONEHNS TIOKA3BIBAIOT, YTO YBEeJUYEHUE TJIyOUHbBI
J10 5 ypOBHEl HE3HAYUTEIHHO YIIydIaeT KadeCTBO CeTMEHTAIN (IIPUpOCT
mloU wmenee 1%), Ho ysesmunBaer pems obyuenus ua 40%. Ymenbtenue j10 3
YPOBHEll IPUBOUT K CYIIECTBEHHOMY CHIKEHUIO KAYECTBA CETMEHTAIINN MEJIKUX
00bexkToB. Hanbonbimmit BLIUTPHIIT OT YBEIUYIeHUsT TIyOUHBI HAOIIOMAETCS JIJIsT
CJIOXKHBIX CIEH ¢ OOJIBITMM KOJUIECTBOM IEPEKPBIBAIOIINKCS 00BEKTOB.

8.4. NMepcnekTuBbI pa3suTus
[lepcniek THBHBIMU HAIIPABJIEHUSIMUA JJIsE OYIYIIUX UCCJIEIOBAHUI SIBJISIOTCSI:

o NaTerparmsa MexaHn3MOB BHUMAHUS IS YIIYIIIEHNsT BBIICTCHISA TPAHMII
00HEKTOB.

o OnTuMu3aIus BEIYUCIUTEILHON 9P (MEKTUBHOCTH Yepe3 PasperKeHHoe
MpeICTaBIeHIEe SMOEITUHIOB.

« Pacmmpenne QyHKITMOHAJIBHOCTH JIJIsI MOIEPKKHU CJIab000yIeHHOTO U
MYJIBTUMOJIAJIBHOTO 00y YeHUsI

o ABTOMaTH3aIMs MOAOOPa MAapaAMETPOB KJIACTEPU3AIIAMN.

IIpakTuyeckass 3HAYNMOCTb METO/IA OXBATHIBAET PA3JIUIHBIE 00JIACTH,
BKJIIOYad I'OPOJICKOE IJIAHUPOBAHUE, CEJIbCKOE XO3AHCTBO, 9KOJIOTTIECKUiT
MOHUTOPHUHI' U CUCTEMBI OE30IIaCHOCTH.

3aknoyeHne

IIpegnoxkeHHast apXUTEKTypa IPEJCTaB/IsieT co0ol cOaTaHCUPOBaHHBIN
KOMITPOMUCC MEXKJy TOYHOCTBIO CErMEHTAIINN, TMOKOCTBIO IIPUMEHEHUS 1
CJIOXKHOCTBIO peajim3ariuu. HecMOTpst Ha OIPeJIe/IEHHYI0 BBHIYUCIUTEIBHY O
3aTPATHOCTD, METO/I JEMOHCTPUPYET KOHKYPEHTHBIE PE3YJIbTATHI HA 3a1a9aX
CerMeHTaIN a3POMOTOCHUMKOB 1 OTKPBIBAET HOBBLIE BO3MOXKHOCTHU JJISI
HCCJIeIOBAHNI B 00JIACTH COBMECTHON CEMaHTUYECKONW U MHCTAHC-CEIMEHTAIINN.
Jlanbueiinas paboTa OyIeT HAIpaBIeHA Ha, OMTUMU3AIIIO TTPOM3BOUTETLHOCTH
1 pacimuperue (yHKIMOHAJbHBIX BO3MOXKHOCTEH METO/IA.
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