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Abstract. This paper presents a method for joint detection of fences and
their shadows in orthophotos of low-rise residential areas (nadir geometry), built
upon the Adaptive Shadow Transformer (AST) architecture. The method relies
on three key components:

1) learnable separate displacement fields for fences and shadows with tailored
regularization;

2) a cross-attention mechanism that incorporates solar azimuth and elevation, as
well as fence typology;

2y a shadow fragment connectivity loss that enables the model to perceive
terrain-broken shadow segments as a unified object.

The evaluation is performed on the collected FSAD dataset, comprising 650
manually annotated images and 2,000 synthetic scenes. The proposed approach
demonstrates superiority over state-of-the-art detectors (YOLO26, RT-DETR,
Deformable DETR, and DINOv2+DETR), providing an absolute mAP@0.5 gain
of up to 5.9 percentage points on scenes with complex terrain. (Linked article
texts in English and in Russian).
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Introduction

Accurate mapping of residential areas is an important task in cadastral
accounting and urban planning. Fences (and similar structures) define the
actual boundaries of land plots [1], but their automatic detection in aerial
photographs is associated with a number of difficulties. Unlike buildings
and roads, fences have a non-rigid spatial structure: sections sag between
supports, and posts may be tilted under the influence of wind or seasonal
ground changes. Additional complexity is created by shadows cast by
fences onto the ground.

The shadow configuration depends on the height and type of the
enclosure (solid, lattice, picket), the terrain, and the position of the sun,
characterized by two angles: the azimuth ¢ (compass direction to the sun)
and the elevation « (angle above the horizon). On rugged terrain, the
shadow may break at ridges and slopes, creating false boundaries that
standard algorithms mistakenly interpret as independent objects [2].

When surveyed at nadir, the fence itself is projected as a thin line
1-2 pixels wide, whereas its shadow forms a clearly distinguishable band
whose length and structure encode the height and type of the enclosure. All
input images — both real and synthetic — are reduced to an orthophotomosaic
and considered in nadir geometry; the deviation angle of the optical axis
from nadir does not exceed the tolerance for orthophotomosaics (no more
than 3°). Thus, in orthophoto images, the shadow is not an artifact but a
valuable diagnostic feature, which motivates the joint detection of fences
and their shadows.

Modern approaches to object detection (RE-YOLO [3], DETR [4],
Deformable DETR |[5]) are oriented toward rigid structures with stable
shape. They use fixed positional encoding and are unable to adapt to local
deformations, which leads to errors in the detection of fences and their
shadows. In this work, an adaptive shadow transformer AST is proposed,
which solves these problems using three key mechanisms:

1) Separate offset fields for the fence and shadow with different regu-
larization, allowing the model to independently adapt to smooth
deformations of the object and sharp breaks in its projection.

2y A cross-attention mechanism that takes into account the azimuth and
elevation of the sun, as well as the typology of the fence, improving
the association of «fence—shadow» pairs.

32) A connectivity loss for shadow fragments, teaching the model to
perceive fragments broken by terrain as a single object.
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In contrast to the works [5, 6], where a common deformation field is
introduced for all classes, it is proposed to use separate fields for the
object and its shadow with different regularization coefficients. This
allows accounting for the different physical nature of their changes — the
smooth sagging of the fence and the sharp breaks of the shadow on terrain
irregularities.

The article is organized as follows. Section 1 contains a review of
related work. Section 2 describes the AST architecture and attention
mechanisms. Section 3 is devoted to the loss function. Section 4 presents
the experimental results. Section 5 provides information on the availability
of the software code. Section 6 contains a discussion of limitations. Section 7
concludes.

1. Review of Related Work
1.1. Classical Methods for Line Detection in Aerial Imagery

The task of extracting linear objects from aerial photographs has a
long history and is traditionally solved by methods based on the analysis of
contours and gradient characteristics of the image.

The Hough transform is one of the most common approaches to
straight line detection [7]. The method operates in parameter space, where
each image point votes for all possible lines passing through it. Despite its
widespread use, the Hough algorithm has significant drawbacks: high
computational complexity and a tendency to detect false lines in areas with
high pixel density [8]. In addition, the Hough transform copes poorly with
lines that have gaps, which is often encountered in images of fences with
frequent supports.

The LSD (Line Segment Detection) algorithm [9] uses gradient
computation and a subsequent region growing procedure to extract line
segments. The main advantage of LSD is its high speed. However, a
drawback of the method is the splitting of smooth lines into a large number
of isolated fragments, which complicates subsequent parameterization and
object search [8].

Methods based on the form factor offer an alternative approach to
line detection. In [8], an algorithm for extracting straight contour lines
based on the Euclidean form factor was developed. The essence of the
method consists in comparing with unity the value of the form factor,
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computed as the ratio of the distance between the end points of a contour
line to its actual length. The authors show that the developed algorithm
improves the stability of line extraction and performance compared with
the Hough transform [8]. In [10], it was proposed to use extracted lines as
key elements for constructing image descriptors, which provides greater
robustness to changes in brightness and contrast compared with the
classical SIFT method.

For extracting straight edges in noisy images, a method was proposed
that includes oriented filtering and the search for straight-line segments for
each direction and scale, taking into account the sign of the gradient [11].
This approach makes it possible to distinguish positive and negative
brightness jumps, which is important for detecting objects with different
optical properties.

In [12], a comparison of line detection methods for aviation navigation
was conducted. The authors evaluated classical methods (Hough transform,
LSD) and modern deep learning-based approaches as applied to the task of
recognizing runways and taxiways. The main conclusion: deep learning
methods demonstrate higher robustness to noise and illumination changes,
but are inferior to classical methods in processing speed.

1.2. Modern Methods for Object Detection in Aerial Photographs

Convolutional neural networks are actively used for segmentation and
object detection in aerial images. The U-Net architecture [13] and its
modifications show high results in semantic segmentation tasks, including
the extraction of roads, buildings, and other anthropogenic objects.
However, U-Net does not take into account the periodic structure of fences
and does not differentiate shadows from objects.

Single-stage detectors of the YOLO family provide high accuracy and
processing speed for compact objects. YOLO26 [14] is the latest model of
the family, providing native end-to-end inference without post-processing.
However, YOLO is ineffective for extended linear structures such as fences,
since the prediction grid is not adapted to objects with large length and
small width.

Transformer-based detectors offer a fundamentally different approach
to detection. The DETR architecture [4] uses an attention mechanism for
direct prediction of a set of objects without the need for non-maximum
suppression (NMS). Deformable DETR [5] introduces deformable attention,
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which allows the model to adapt to the spatial structure of objects. RT-
DETR [15] provides high inference speed, approaching YOLO indicators.
DINOv?2 [16] is a self-supervised visual feature extraction model that can
serve as a powerful feature extractor (backbone) for detectors, but is not
itself a detector and requires attaching a detection head.

In [17], a comprehensive comparison of various detectors was conducted
on the task of detecting aircraft in satellite images. The authors show that
the choice of architecture significantly affects the detection accuracy of
small objects, and YOLO demonstrates the best accuracy—speed trade-off.

1.3. Specialized Methods for Fence Detection

Despite the wide range of object detection methods, the task of
detecting fences in aerial photographs long remained on the periphery of
research. However, in recent years specialized works have appeared.

In [18], the MultiFranceFences dataset is presented, containing
orthophotographs and digital surface models for semantic segmentation of
fences in France. The authors use multimodal data (RGB + digital surface
model) and show that adding height information significantly improves
fence detection accuracy, especially in complex scenes with vegetation.

The synthetic dataset DDOS [19] includes the class «fences» (fine
mesh) and is intended for training drones for navigation under obstacle
conditions. The dataset contains 340 flights and 34000 frames with
annotations of thin objects.

In [20], a method for detecting fences on construction sites using UAVs
was proposed. The authors developed a three-stage approach: first, fence
posts are detected, then a horizontal line detector is applied to filter false
positives, and finally, the distance between posts is estimated to confirm

the presence of a fence.

In the field of environmental monitoring, methods for mapping fences
are actively being developed to assess their impact on animal migration [21].
Studies show that fences are an important factor in landscape fragmentation,

but their large-scale mapping remains a complex task.
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1.4. Methods for Shadow Detection in Aerial Images

Shadow detection is an important task in aerial image processing, since
shadows create false boundaries and distort the perception of objects.
In [2], an evolutionary shadow correction method based on deep learning
was proposed, and a benchmark dataset for UAV images was presented.
The authors show that shadows from trees and architectural elements
create significant difficulties for standard segmentation algorithms.

A review of methods for detecting clouds and their shadows [22]
emphasizes the universality of the task of analyzing «object—projection»
pairs in remote sensing. However, existing methods are oriented toward
low-resolution satellite images and do not take into account the detailed
geometry of roofs and fences. In [23], the MetaShadow method for object-
centric detection, removal, and synthesis of shadows was presented. The
method uses attention mechanisms to associate objects and their shadows,
which is conceptually close to our approach. However, MetaShadow does
not take into account the typology of the object and does not use geometric
priors (sun position, terrain).

1.5. Datasets for Linear Object Detection

For training and evaluating linear object detection methods, the
following datasets are available:

« MultiFranceFences [18] — orthophotographs with fence annotations,
territory of France;

« DDOS [19] — synthetic dataset for training drones, includes the class
«fences»;

« Al4Boundaries [24] — dataset for field boundary detection, contains
Sentinel-2 images;

« Ciyutuo Village Dataset [1] — 65 images for cross-validation; the
original polygonal annotations were re-annotated into OBB format
for «fence—shadows pairs.

« ISPRS Vaihingen [25] — benchmark for classification of urban objects
and 3D reconstruction of buildings.

None of the existing datasets contains simultaneous annotation of
fences and their shadows in OBB format in cottage development areas,
taking into account fence typology and terrain. This justifies the need to
create our own annotated dataset.
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Separately, we highlight the ASD (Airborne-Shadow) dataset [26],
presented by Azimi and Bahmanyar (DLR, DAGM GCPR 2023). ASD
contains 1408 RGB images of size 512x512 pixels obtained by nadir aerial
survey from a helicopter (DLR, Munich) with a GSD of about 13 cm/pixel.
The annotation includes two shadow classes — heavy shadow and light
shadow — and covers objects from buildings and bridges to small details,
including poles and fences.

However, ASD is oriented toward semantic segmentation of shadows
and does not contain paired «fence-shadow» annotations in oriented
bounding box (OBB) format, which does not allow it to be used directly
for training and quantitative evaluation of the proposed AST method.
Nevertheless, ASD can be considered an important reference point for
assessing cross-domain generalization ability.

1.6. Methods for Associating « Object—Shadow» Pairs

The task of associating objects and their shadows has a limited number
of studies. In [27], an approach based on graph neural networks with the
inclusion of physical models for predicting soft tissue deformations was
proposed. The authors show that the use of physical priors improves
accuracy compared with purely learnable architectures.

In the field of cloud and shadow detection [22], models of atmospheric
transfer and projective geometry are used. However, these methods do not
take into account the specifics of ground objects (fences, buildings) and
their interaction with illumination.

In [28], a method for accounting for geometric transformations based
on the theory of group equivariance was proposed, but the authors consider
only rigid transformations (rotations, shifts) and do not take into account
object deformations.

1.7. Comparative Analysis of Approaches

For a visual comparison of existing approaches by key criteria important
for the task of detecting fences and their shadows, Table 1 has been
compiled.

Analysis of the table shows that existing approaches either do not
take into account object deformations, or ignore shadows, or do not
associate objects with their shadows. The proposed AST is the first
architecture combining all four key aspects: separate deformation fields,
shadow accounting, fence typology accounting, and pair association with
geometric priors.
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TaBLE 1. Comparison of approaches by key criteria

Approach Deformation accounting Typology Pair Pair

object shadow association detection
Classical methods:
Hough [7] — — . - +
LSD [9] — — — _ +
Form factor (8] — — _ - 4

Convolutional neural networks:

U-Net [13] — + — _ +

YOLO26 [14] — — — _ .
Transformer-based detectors:

Deformable DETR [5] + — — — +

DINOv2 [16] — — _ _ 4
Specialized methods:

MetaShadow [23] — + _ + _

MultiFranceFences [18] — — + — +
Proposed method:

AST + + + aF +

Legend: + fully supports, &+ partially supports, — does not support.

2. AST Architecture
2.1. Geometric Problem Statement and Notation

The AST architecture is parameterized by a binary «fence-shadow»
system and a set of metric characteristics of their relative arrangement on
the orthophotomosaic. These quantities, fixed before describing the model
modules, define the structural basis of all key AST components — offset
fields, cross-attention, and the consistency loss function — regardless of
implementation details.

Sun position. The shadow configuration relative to the fence is uniquely
determined by the sun position, characterized by two angles:

= azimuth @gun € [0, 2m) — the compass direction to the sun, determining
the direction of the shadow;

= elevation asun € (0,7/2] — the angle above the horizon, determining
the length of the shadow.

For real aerial photographs, these parameters are extracted from
EXIF/XMP metadata (GPS coordinates, date and time of survey) and
computed using a standard astronomical solar position model [29]; for
synthetic data, they are specified explicitly during generation. In the
model, the quantities gy, and agyy play two roles. First, as an external
geometric prior: they directly enter the expected shadow displacement
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types in AST

vector (subsection 3.3) and the cross-attention score (subsection 2.4),
linking the direction and length of the shadow to the position of the fence.
Second, for training, an auziliary head is introduced for estimating @gun
and agyu, from the image itself, solving a self-supervised task using the
same metadata; it does not replace the prior from metadata, but forces
the encoder features to encode illumination conditions and increases the
model’s robustness to inaccuracy or partial absence of EXIF (see the
limitation in subsection 6.2).

Fence type. For each object, the fence type 7 € {0, 1,2, 3} is determined
(solid, lattice, picket, combined). The type affects the expected shadow
structure: solid fences produce clear continuous shadows, lattice fences
produce intermittent ones, and picket fences produce periodic ones. This
information is used further in the cross-attention mechanism (subsection 2.4)
as a categorical prior that refines the correspondence between a fence and
its shadow, Figure 1.

«Fence—shadowy pair and output format. The model detects both
classes — fence and shadow — and associates them into matched pairs,
relying on the quantities introduced above Ygun, sun, and 7. For each
detected object, an oriented bounding box OBB (oriented bounding box) is
predicted — a rotated rectangle that precisely follows the orientation of the
fence or its shadow; the formal definition of the OBB and the output
parameters are given in subsection 2.5.
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TABLE 2. Parameters of the AST feature extractor

Stage ‘ Output size ‘ Blocks ‘ Attention ‘ Field

1 H/4 x W/4 x 96 2 Window No

2 H/8 x W/8 x 192 2 Deformable Afence

3 H/16 x W/16 x 384 6 Deformable | Atence, Ashadow
4 H/32 x W/32 x 768 2 Deformable | Atence, Dshadow

Note. By «deformable attention» we mean a modified version of the attention mechanism in
which the sampling positions are shifted based on the predicted field A, similar to Deformable
DETR [5], but adapted to work with hierarchical Swin Transformer features.

2.2. General Structure of AST

Taking into account the introduced notation, the AST architecture
includes the following modules:

= A feature extractor based on Swin Transformer [30]. Unlike the
standard Swin Transformer, which uses only window attention, in the
proposed architecture window attention is replaced by deformable
attention at stages 2-4 (Table 2). This allows the model to adapt to
object deformations while preserving the hierarchical structure of
Swin.

= Four heads: classification, oriented bounding box (OBB) regression,
fence type classification 7, and auxiliary estimation of the sun position
(azimuth @g,, and elevation agyy), trained in a self-supervised mode
using survey metadata (see subsection 2.1).

« A module of separate offset fields for the fence and shadow.

« A cross-attention mechanism with a geometric prior on gy, Qsun,
and 7.

Unlike Deformable DETR [5], which uses a single offset field, AST
predicts two independent fields: Agenee for the fence and Agpagow for the
shadow.

Below are the specific parameters and settings of each component
required to reproduce the model.

Patch embedding layer and encoder block. The input image of size
3xHxW is transformed into a sequence of tokens by a patch embedding layer:
convolution with kernel and stride 4x4 and 96 output channels, followed by
LayerNorm normalization, which yields a feature map H/4 x W /4 x96
(stage 1 in Table 2). Each encoder block is built according to the pre-norm
scheme and contains two sublayers with residual connections:

« an attention module (window at stage 1 or deformable at stages 2—4)
with LayerNorm before attention;



ENZRY AST: JOINT DETECTION OF FENCES AND THEIR SHADOWS 67

« a two-layer MLP with a hidden expansion of 4 times and GELU
activation, also preceded by LayerNorm.

At stages 2—4, the spatial resolution is halved and the number of channels
is doubled by a patch merging layer (linear merging of neighboring 2x2
tokens followed by LayerNorm).

Deformable attention. At stages 2-4, each query samples features at
K = 4 learnable positions at each of L = 4 pyramid scales (multiscale
mode, as in [5]); the position offsets and scalar level weights are predicted
by a linear projector from the query. The number of attention heads in the
deformable blocks is fixed and equal to 8 with a head size of 32 dimensions.
The offsets are initialized near zero, so that at the beginning of training
deformable attention degenerates into local neighborhood attention, and
then gradually diverges to the object geometry. The window block of
stage 1 uses the standard Swin configuration with a window size of 7x7
and alternation of regular and shifted window attention.

Neck and object queries. The outputs of the four stages are aligned
in the number of channels to a common dimension C' = 256 by 1x1
convolutions with GroupNorm and fed to the transformer decoder. The
decoder contains 6 layers; each layer consists of self-attention of object
queries, deformable cross-attention to multilevel encoder features, and an
FFN. N = 300 learnable queries are used, each represented by a pair of
content query and positional query; the latter is initialized from the query
reference point and refines the geometric position of the object during
decoding. On top of the decoder output for «fence-shadows pairs, a
cross-attention module with a geometric prior is applied (subsection 2.4),
associating fence queries with the keys of the corresponding shadows.

Prediction heads. All heads are implemented as three-layer MLPs with
a hidden dimension of 256 and ReLU activation. The final linear layers are
configured separately for each task.

The classification head uses focal loss [31]. Its bias is initialized to
—In((1 — m)/m) with = = 0,01, which compensates for the imbalance
between background and objects.

The OBB regression head predicts the center (z,y), dimensions (w, h),
and angle 6. The angle is parameterized by the pair (sin @, cosf) and
recovered via atan2. This eliminates the discontinuity at the £ boundary
and corresponds to the format b = (z,y,w, h, ).

The typology head is a linear layer for four classes. Training is
performed with cross-entropy.
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The sun position head is auxiliary in nature. It regresses the azimuth
via a sine—cosine pair, and the elevation « via o(-) - /2, which guarantees
a € (0,7/2]. The head is trained on metadata as a self-supervised task. It
does not replace the geometric prior pgun, Gsun in the model formulas.

The module of separate offset fields (subsection 2.3) is implemented as
two parallel linear projectors. Each outputs 2LK offsets and LK attention
weights for its class ¢ € {fence, shadow}.

Regularization and initialization. To prevent overfitting, dropout with
a drop probability of 0.1 is used in all attention and MLP blocks. In the
encoder blocks, stochastic depth (drop path) is additionally applied: the
probability of skipping a block increases linearly from 0 at the first stage
to 0.2 at the fourth. Weight initialization of linear layers is performed
according to the Xavier scheme [32], and absolute positional encodings are
initialized with a truncated normal distribution. This combination of
regularization and initialization strategies ensures stable training of two
independent offset fields, preventing the collapse of one of them in the
initial epochs.

2.3. Mechanism of Separate Offset Fields

In the standard Deformable DETR, for each query g;, an offset A;; is
predicted:

Aij =S tanh(vvoffset q; + boffset)7 Aij S R2.
In AST, the offset depends on the class ¢ € {fence, shadow}:
AEJC) = Sc- tanh(W(C) t di + b((;gsct)’

offse
where Sgence = 0,05 (fences deform smoothly), Sshadow = 0,35 (shadows
may have sharp breaks on terrain irregularities). The scales were chosen
empirically based on the analysis of object shape variability in the dataset.
The deformed position for the key/value has the following form:

(defe) _ | Al0)
Py =P+ A

2.4. Cross-Attention Mechanism with Geometric Prior

The cross-attention mechanism solves the matching problem: for each
detected fence, it determines which of the shadows in the image belongs to
it. The degree of correspondence of a «fence-shadow» pair is expressed by
the attention weight. This weight, in addition to feature similarity, is
influenced by three numerical characteristics of the scene: the fence type 7,
the sun azimuth ¢gy,, and the sun elevation agy,. Their meaning and
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physical justification are given in subsection 2.1. The attention weight is
computed as:

f shadow
Ao — Softmax. ience ) kj e 4 PE( shadow __ fence)
i J Nz bpj b;

(1)
+PE,, (‘Psun) + PEel(asun) + PET(Tfence)> ,

where Softmax is applied over the index j for each fixed 1.

The positional encoding of the sun azimuth and elevation uses a

sinusoidal representation:

. K—-1
PE.,(¢) = [sin(2"¢), cos(2¥¢)],_ ', K =4,

PEq(a) = [sin(2*a), cos(?ka)]kK;Ol, K =4.
The azimuth g, determines the expected direction of the shadow
relative to the fence, and the elevation oy, determines the expected length
of the shadow. The joint use of both angles allows the model to correctly

associate fences with their shadows under various illumination conditions.

2.5. QOutput Data Format

The AST model predicts for each detected object an oriented bounding
box OBB (Oriented bounding box) — a rotated rectangle that precisely
follows the orientation of the fence or its shadow:

b = ('r’ y7 w? h7 0)7

where (z,y) are the coordinates of the box center, w is the width, A is the
height, and 6 is the rotation angle. For each object, the class, fence type 7,
and confidence score are additionally predicted.

2.6. Inference and Grouping of Shadow Fragments

The fragment connectivity loss Leonn is used not only at the training
stage but also at the inference stage. During training, an auxiliary
classification task is formed for pairs of shadow fragments: whether two
fragments belong to the same shadow broken by terrain, vegetation, or
local occlusions.

At the inference stage, the model first predicts a set of detections
of the classes fence and shadow. For each shadow, a feature vector is
additionally formed, used by the auxiliary connectivity head. For a pair of
shadow fragments ¢ and j, the probability of their belonging to the same
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shadow is computed as:

ﬁij — (MLP([qshadow, qshadow; pzshadow _pqhadow; A?hadow; A;hadow]))

i > 45 J )

shadow

shadow a1d q; are the features of the corresponding object

%

where ¢
queries, phadow pjhadow are the centers of the predicted OBBs, and
Ashadow A;hadow are the corresponding offset fields.

Next, a connectivity graph G = (V, E) is constructed, where the
vertices V are the detected shadow fragments, and edges are drawn
only between pairs of fragments whose center distance does not exceed
the admissible radius Rpyax. Edges with p;; < Teonn are removed. The
connected components of the graph are interpreted as separate shadows.
In the implementation, by default, Tconn = 0,5 and Rpax = 3,5 m are
used, converted to pixels taking into account the GSD. The value of
Rpax is justified by the physical constraints of the scene: at a maximum
fence height h ~ 2,5 m and a minimum sun elevation ag,, = 35° (a
typical constraint for aerial surveying to avoid excessively long shadows
overlapping neighboring plots), the maximum theoretical shadow length is
2,5/ tan(35°) & 3,57 m. Thus, Ryax covers all physically possible shadow
breaks for the given survey range. For images with a different GSD or at a
different time of day, Ry,.x is automatically scaled proportionally to the
length of the reference shadow.

This procedure allows preserving the advantages of end-to-end detection
while simultaneously ensuring the grouping of broken fragments. If fragments
of the same shadow have a significant physical break caused by terrain or a
tree crown, the model does not merge them into a single continuous box,
but assigns them a single group identifier shadow_group_id. If subsequent
vectorization is required, the group can be approximated by a single
polyline or a minimal oriented rectangle.

3. Loss Function

The final loss function is a weighted sum of four components:
Etotal = ‘Cdet + )\1 Edef + )\2 ‘Ccross + )\3 Econna

where \; = 0,1, Ay = 0,5, A3 = 0,3. The coeflicients were selected using
grid search with a step of 0.1 for A\; and 0.05 for Az, A3 on the validation
set (10% of the data). The optimal values correspond to the best mAP on
validation.
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3.1. Detection Loss

The detection loss combines three components:
‘Cdet = Lcls + ACbox + 'Cgiouz

where L5 is the focal loss [31] for classification, Ly0x is the L1 loss for
OBB parameter regression, and Lgiou is the generalized IoU loss computed
for oriented boxes R-GIoU (Rotated GIoU) [33]. Unlike the standard
horizontal GIoU, R-GIoU computes the intersection area of rotated
rectangles, which is correct for linear objects of arbitrary orientation.

3.2. Regularization of Offset Fields

Since fences and shadows have different natures of deformations, the
work uses different regularization coefficients:

N
1
(2) ‘Cdef = N Z(Mfence HvAfence(piM@‘ + Hshadow HVAshadow(pi)Hi)a
=1

where fifonce = 1,0 and pishadow = 0,2. A weaker coefficient for Agpadow
allows the shadow offset field to preserve sharp breaks at the boundaries of
terrain irregularities, while the fence field remains smooth. This separation
eliminates the contradiction between the requirement of smoothness for the
fence and the admissibility of breaks for the shadow.

3.3. «Fence-Shadow» Consistency Loss

The consistency loss ensures a geometric link between matched pairs:

ﬁcross = Z H(p;hadow - pgence) - dproj Hza
(i,)€eP
where P is the set of matched «fence-shadows pairs, and dp..; is the
expected shadow displacement vector computed from the geometric model.

For flat terrain, the shadow displacement vector is determined by the
fence height Agence, the sun elevation ag,,, and the azimuth pgyy:

o hfence sin Psun
®) Dproj = tan dsun Los gosuj '

Here, the factor hfence/ tan agyn determines the length of the shadow
(the lower the sun, the longer the shadow); the unit vector [~ sin ¢, —cos @] "
sets the direction opposite to the sun azimuth.

Adaptation to complex terrain. On rugged terrain, the real shadow
projection deviates from the theoretical one, which could lead to incorrect
penalization of the model (conflicting gradients). To solve this problem, an
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adaptive weight coefficient wyejier is introduced, depending on the local
surface slope, and the consistency loss is modified:

(4) £cross — Z Wrellef pgence H shadow __ fence) dprojHQ.
(i,9)€eP

The weight wyelier € [0, 1] is computed based on the local elevation gradient
(available at the training stage from a synthetic DEM or approximated from
textures on real data). On flat areas, wyelier — 1, providing a rigid geometric
constraint. In zones of strong elevation change (slopes, ravines), wyelier — 0,
allowing the model to rely on visual features and the connectivity loss
Leconn, which is specifically designed to work with broken shadows on
complex terrain.

Formula (3) is also valid for orthorectified images (nadir survey,
constant scale). For oblique images, it must be generalized taking into
account the homography linking the ground plane to the image plane.

The fence height hgence is estimated from a digital surface model
(DSM) obtained from a stereo pair or lidar data. In the absence of a
DSM, the average value for the given fence type is used: hgoiq = 1,8 m
(solid fence), hiagtice = 1,5 m (lattice fence), hpicket = 1,2 m (picket fence),
heomb = 1,6 m (combined fence).

Separate attention is required for the coordination of coordinate systems.
The sun azimuth gy, is specified relative to geographic north, whereas
formula (3) uses the image orientation (X to the right, Y downward). The
correspondence is achieved by taking into account the yaw angle of the tile
extracted from EXIF metadata, which ensures correct recalculation of the
shadow direction in pixel coordinates.

3.4. Shadow Fragment Connectivity Loss

The connectivity loss teaches the model to perceive fragments broken
by terrain as a single object:

Leonn = — Z [yi; log pij + (1 — ys;) log(1 — pis)],
(i,9)€F

where F is the set of shadow fragment pairs, y;; = 1 if fragments 7 and j
are parts of the same shadow broken by terrain, and y;; = 0 otherwise. The
pairs F are formed at the annotation stage: annotators mark fragments
belonging to the same shadow with a single identifier shadow_group_id.
At the training stage, for each image, up to 32 fragment pairs are
randomly selected in a balanced manner (50% positive, 50% negative). The
quantity p;; is the probability predicted by the model that fragments i
and j belong to the same shadow.
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TABLE 3. Composition of the FSAD dataset

Fence type Images Objects Pairs

Solid 220 440 380
Lattice 180 320 280
Picket 150 300 250
Combined 100 180 150
Total 650 1240 1060

4. Experimental Results
4.1. Datasets and Training Procedure

Training and validation were conducted on a combination of data:

1) The proprietary FSAD dataset (Fence & Shadow Aerial Dataset),
containing 650 aerial photographs of cottage development with manual
annotation of fences and their shadows. The images were obtained
from UAVs (resolution 5280x 3956, flight altitude 80-120 m, camera
oriented strictly at nadir) in 2023-2025 in four regions of Russia
(Moscow, Kaluga, Tula, and Tver oblasts) and orthorectified in Agisoft
Metashape using RTK-GPS data and ground control points, which
ensures constant scale and the absence of perspective distortions; the
average ground sampling distance (GSD) is 2,1-2,8 cm/pixel.

Annotation was performed in Supervisely*™ by three annotators
with subsequent verification. For each object, the following were
indicated: oriented bounding box (OBB), class (fence/shadow),
shadow group identifier (shadow_group_id), fence type. Survey
metadata (date, time, GPS coordinates) were saved for subsequent
computation of the sun position. The composition of the dataset is

given in Table 3.

2 2000 images of synthetic data generated in Unreal Engine 5" using the
open-source plugin Colosseum™ (a fork of the archived AirSim). Four
types of fences were modeled, terrain with slope angles of 0-30°, sun
azimuth 30-150°, and sun elevation 20-60°. The virtual camera was
oriented strictly at nadir, and the rendering resolution was selected so
that the GSD corresponded to real images (2,1-2,8 cm/pixel). This
ensures consistency of shadow geometry between synthetic data and
the projection formula (3) used in Leross-


https://supervisely.com
https://www.unrealengine.com/unreal-engine-5
https://codexlabsllc.github.io/Colosseum/
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For each frame, the exact values of pgun, Qsun, and the elevation
map were saved. To minimize the domain gap between synthetic
and real data, a set of tonal and stylistic adaptation measures was
used. In particular, for synthetic images, histogram matching was
performed to align the global brightness and contrast distribution
with real FSAD orthophotos. Additionally, random color jittering
and haze simulation were used in the Unreal Engine 5 render pipeline,
which imitates the optical distortions of a real camera and smooths
out the unnaturally sharp boundaries of synthetic shadows.

Figure 2 presents a visual comparison of a synthetic image
before (Figure 2a) and after (Figure 2b) applying the adaptation

(b) the same scene after histogram
(a) original scene render in Unreal matching, color jittering, and haze
Engine 5 simulation

(c) real orthophoto from the FSAD
dataset

FIGURE 2. Visual assessment of domain gap minimization

complex with a real FSAD orthophoto (Figure 2¢). All images
are shown after orthorectification (nadir geometry). Brightness
distributions are shown in Figure 3.

Histogram matching and haze simulation smooth out the unnatural
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—— Synthetic before adaptation
After adaptation
——- Real FSAD data
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Brightness

F1GURE 3. Brightness distributions of synthetic data before

and after adaptation in comparison with real FSAD data

(illustration for Figure 2)

sharpness of synthetic shadows and align the global brightness
distribution (Figure 3), which confirms the effectiveness of the chosen
strategy for minimizing the domain gap.

3) Ciyutuo Village Dataset [1] — 65 images for cross-validation.

The dataset was divided into training (80%), validation (10%), and test
(10%) sets, stratified by fence type and region. Training was conducted in
two stages: pretraining on synthetic data (30 epochs), fine-tuning on real
data (90 epochs). Optimizer AdamW, initial learning rate n = 104 with
cosine decay, batch size 8, input image resolution 1024x1024. Training was
performed on 2xNVIDIA A100 (80 GB), total time — about 8 hours. All
results are reported as the mean over three independent runs with different
initializations.

To control overfitting on the small real sample, the following measures
were applied. The number of epochs at both stages was fixed (30 and 90).
Early stopping was not used, since cosine learning rate decay combined
with regularization (dropout and stochastic depth, Section 2), as well as
weight decay = 0.01 in AdamW, ensured monotonic growth of mAP@0.5 on
validation up to the last epoch without divergence of the training and
validation curves (Figure 5). In the first 500 iterations of each stage, linear
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warmup of the learning rate from 0 to 7 was applied. For testing, in each of
the three runs, the checkpoint with the best mAP@0.5 on the validation set
was saved. These weights were used in all tables of Section 4.

Augmentation was limited to photometric transformations (brightness,
contrast, color noise, blur) and geometric transformations preserving
the nadir projection: rotations by multiples of 90° and reflections. With
each such rotation/reflection, the sun azimuth value g, is corrected
analytically so that the geometric prior in (1) and (3) remains valid.
Perspective and arbitrary affine distortions are not applied, since they
violate the flat shadow geometry underlying the loss Leposs-

When using random crops, which can break a «fence—shadow» pair,
the «orphaned objects» strategy is applied: if one element of a pair falls
into the crop and the other does not, the remaining object continues
to participate in training of the standard detection loss Lget, but the
association component Lo for this pair is forcibly zeroed. This allows
the model to learn object detection independently of the presence of their
shadows in the frame.

4.2, Baseline Models for Comparison

For an objective evaluation of the effectiveness of the proposed AST
method, four competitor models representing different architectural
approaches to object detection were used in the experiments:

= YOLO26 [14] — the latest version of the YOLO family, providing
native end-to-end inference without post-processing. It was chosen as
a representative of single-stage detectors focused on high speed.

« RT-DETR [15] — a real-time transformer detector combining attention
mechanisms with optimizations for fast inference.

» Deformable DETR [5] — a detector with deformable attention, which

serves as the direct base architecture for the proposed AST. Its choice
allows evaluating the contribution of the proposed modifications.

« DINOv2+DETR — a combination of the powerful self-supervised
feature extractor DINOv2 (ViT-B/14) [16] and the standard DETR
detection head [4] with 300 queries. DINOv2 itself is not a detector,
so for a fair comparison, a detection head similar to that used in the
original DETR was attached to it. The DINOv2 weights were not
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TABLE 4. Comparison of detection accuracy (mAP@0.5 1
based on Rotated IoU, mean + standard deviation over three

runs)
Model Fences Shadows on terrain ‘ Average*
flat complex
YOLO26 [14] 0,795 + 0,008 0,652 £+ 0,011 0,481 £ 0,014 0,698
RT-DETR [15] 0,812 + 0,007 0,668 £ 0,010 0,498 £ 0,013 0,714
Deformable DETR [5] 0,821 + 0,006 0,682 £ 0,009 0,522 £ 0,012 0,727
DINOv2+DETR [16] 0,834 + 0,006 0,698 £ 0,009 0,543 £ 0,011 0,743
AST 0,851 + 0,005 0,725 + 0,008 0,602 + 0,009 0,769

Note. Average™ is weighted by the number of objects in the test set: fences — N3 = 106,
shadows (flat terrain) — Ny = 74, shadows (complex terrain) — N3 = 32.

frozen; full joint training with the detection head was performed, but
a reduced learning rate (Mpackbone = 107°) was used for the backbone
layers, which is standard practice to prevent catastrophic forgetting
of pretrained visual features.

All listed models were trained on the same FSAD dataset with an
identical split into training, validation, and test sets. To ensure a fair
comparison, all training conditions were unified: input image resolution
(1024x1024), augmentation set, optimizer, and number of epochs. This
allows direct comparison of results, since all differences are due solely to
the architectural features of the models.

4.3. Comparison of Detection Accuracy

The results of the detection accuracy comparison are presented in
Table 4. The values of the mAP@0.5 metric (Rotated IoU was used) were
computed separately for fences, shadows on flat terrain, and shadows on
complex terrain. For each model, the mean values and standard deviations
over three independent runs are given. The «Averages column contains
the mAP@OQ.5 value weighted by the number of objects in the test set,
taking into account the different number of objects in each scenario; the
corresponding weights N1, No, N3 are given in the note to the table.
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TABLE 5. Error analysis (shadows on complex terrain)

Model FNR | FPR | Breaks |
YOLO26 [14] 0,438 0,132 56%
RT-DETR |[15] 0,385 0,108 48%
Deformable DETR |5] 0,332 0,088 39%
DINOv2+DETR [16] 0,288 0,075 32%
AST 0,175 0,052 8%

Note. Here and below, arrows indicate the direction of metric improvement:
1 — larger values are better, | — smaller values are better.

The proposed AST method outperforms all baseline models in all
categories. The most significant advantage is achieved in the detection of
shadows on complex terrain: the absolute gain in mAP@Q.5 over the best
baseline model (DINOv2+DETR) is 5.9 p.p. (percentage points) — 0.602
versus 0.543, which corresponds to a relative improvement of approximately
10.9%. For fences, the absolute gain of AST over DINOv2+DETR is 1.7
p.p.

For a more detailed analysis of errors in shadow detection on complex
terrain, Table 5 provides three additional indicators: false negative rate
FNR, false positive rate FPR, and the proportion of shadows broken into
fragments. All three metrics are minimized, i.e., the lower the value, the
better.

The «Breaks» metric in Table 5 shows the proportion of ground-truth
shadows on complex terrain that the model erroneously split into several
disconnected OBB boxes. For example, the value of 0.56 for YOLO26
means that 56% of shadows were detected with breaks (as several separate
objects). The closer the value is to 0, the better the model preserves the
geometric integrity of shadows. AST demonstrates a significant reduction
in all three types of errors. Particularly indicative is the proportion of
broken shadows: thanks to the fragment connectivity loss (Lconn), this
indicator is reduced from 32% for DINOv2+DETR to 8% for AST. The
significant decrease in FNR (from 28.8 to 17.5%) confirms that the model
misses objects less often, and the decrease in FPR, (from 7.5 to 5.2%)
indicates a reduction in false detections.
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TABLE 6. Contribution of components (mAP@0.5 for shadows
on complex terrain; values in parentheses are gains in p.p.)

Configuration mAP 1
Deformable DETR (base) 0,522
+ separate fields Afence; Ashadow 0,548 (+2,6)
+ separate regularization (ffence 7 Mshadow) 0,556  (+0,8)
+ fence typology module 0,574 (+1,8)
+ cross-attention with sun, Qsun 0,588 (+1,4)
+ connectivity loss Lconn 0,602 (+1,4)

4.4. Ablation Analysis

To evaluate the contribution of each proposed component, an ablation
analysis was conducted. The baseline is Deformable DETR, to which
modifications implemented in AST were sequentially added. The results
are presented in Table 6.

The largest gain comes from the separation of deformation fields (+2.6
p.p.), which confirms the hypothesis about the different nature of fence and
shadow deformations. Separate regularization (2) additionally improves the
result by 0.8 p.p., allowing the shadow field to preserve breaks without
losing the smoothness of the fence field. The addition of the fence typology
module and cross-attention taking into account the sun position gives gains
of 1.8 and 1.4 p.p., respectively. The shadow fragment connectivity loss
Leconn provides another 1.4 p.p., which is especially important for scenes
with complex terrain.

As already noted, the fence height hgence directly determines the
expected shadow length in L0ss (see formula (3)). In this regard, it is of
interest to evaluate the model’s robustness to errors in specifying this
parameter. During testing, the fence height was varied in the range of
+30% relative to the base values (for a solid fence, for example, values
from 1.26 to 2.34 m were considered). According to the obtained data, the
decrease in mAP@Q.5 for shadows on complex terrain did not exceed
1.8 p.p. Such an insignificant degradation is explained by the fact that
Leross acts as a soft prior rather than a hard constraint, so the model
compensates for the inaccuracy of the fence height through visual features
and the cross-attention mechanism.
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TABLE 7. mAP@Q.5 for shadows on complex terrain under
degraded conditions (values in parentheses are drops in p.p.)

Model | Original | + Noise (0=25) | + Ag = 15°
YOLO26 [14] 0,481 0,358 (—12,3) | 0,372 (—10,9)
RT-DETR [15] 0,498 0,375 (~12,3) | 0,389 (~10,9)

Deformable DETR [5] | 0,522 0,402 (—12,0) | 0,418 (—10,4)
DINOV24+DETR [16] | 0,543 0,428 (~11,5) | 0,445 (~9,8)
AST 0,602 0,541 (—6,1) 0,558 (—4,4)

4.5. Robustness to Changes in Survey Conditions

To evaluate the robustness of the models to data quality degradation,
experiments were conducted with the addition of Gaussian noise (o = 25)
and a change in the sun azimuth by Ay = 15°. The results are presented
in Table 7.

AST demonstrates a significantly smaller drop in accuracy under image
quality degradation and changes in illumination conditions. When noise is
added, the mAP drop for AST is 6.1 p.p. versus 11.5-12.3 p.p. for baseline
models. When the azimuth changes by 15°, the AST drop is 4.4 p.p. versus
9.8-10.9 p.p. for competitors. Such robustness is explained by the explicit
accounting of the sun position in the cross-attention mechanism (1), which
allows the model to adapt to illumination changes without retraining for
specific survey conditions.

4.6. Qualitative Results

Figure 4 presents examples of detection on an orthophoto of a cottage
plot (strictly top-down view, nadir), illustrating the advantage of the
proposed approach in preserving the integrity of the fence and its shadow.
The scene from the test images of the FSAD dataset contains a rectangular
picket fence perimeter; solar illumination forms a striped shadow along
each solid side of the perimeter on the shaded side.

Figure 4a shows the result of the baseline Deformable DETR model.
The model perceives the fence and its shadow as a set of disparate fragments
along individual sides of the perimeter, without linking them through
corners: the shadow is split into many disconnected detections with low
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(a) Deformable DETR: fence and (b) AST: holistic perception of the
shadow split into disconnected fence and shadow as a single object
fragments along the shaded side

FIGURE 4. Qualitative comparison on an orthophoto of a
cottage plot (nadir geometry, after orthorectification)

confidence (30-48%), and the confidence monotonically decreases from the
top cottage to the bottom one (44-48% on the top, 36-42% on the middle,
and 30-35% on the bottom).

The fence is also detected only partially, in short segments along
individual sections of the fence, with a noticeable spread across cottages:
67-74% on the top, 63-68% on the middle, and 60-62% on the bottom.
The integrity of the perimeter is completely lost: the contour does not
close at the corners, and the shadow breaks up into separate rectangular
fragments at each side.

Figure 4b presents the AST result. The model restores a continuous
fence contour along the entire perimeter with closed corners (confidence
90-95% across the three cottages) and perceives the shadow as a single
object — a closed band along the shaded side (confidence 84-90%). At
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TABLE 8. Comparison of computational complexity of models
(resolution 1024x1024)

Model ‘ Parameters (M) ‘ FLOPs ‘ FPS 1
YOLO26 [14] 12,4 45,2 84,5
RT-DETR [15] 32,1 98,5 42,3

Deformable DETR [5] 40,5 172,4 18,6
DINOv2+DETR [16] 86,2 215,3 11,4
AST 48,7 195,8 16,2

the same time, the confidence also monotonically decreases from the top
cottage to the bottom one (95/90% on the top, 93/88% on the middle,
91/84% on the bottom), which reflects the deteriorating visibility of the
fence and shadow in the lower part of the image. Unlike Deformable
DETR, the fence contour remains continuous on all four sides of each plot,
and the shadow is reproduced as a solid band without breaks or false splits.
Several more examples of the Deformable DETR and AST models are
given in the Appendix.

The integrity of the result is achieved through two mechanisms. First,
the connectivity loss Lconn teaches the network to perceive all fragments of
one shadow as a single whole, which reduces the number of erroneous
breaks from 32% to 8% (Table 5); this also holds for scenes with complex
terrain. The second mechanism is separate offset fields for the fence and
shadow with different regularization, which allows preserving the fence
shape at bends and accurately reproducing the shadow geometry. The
visual improvement is confirmed numerically: the AST confidence in the
fence is 90-95% and in the shadow — 84-90%, whereas for the baseline
Deformable DETR these values are 67-74% and 30-48%, respectively,
which is consistent with the data in Table 4.

4.7. Computational Complexity and Inference Speed

For an objective comparison of different detector architectures, Table 8
provides computational complexity metrics: the number of parameters, the
number of floating-point operations (FLOPs), and inference speed (FPS).
Along with lightweight detectors (YOLO26, RT-DETR), the comparison
includes heavier models: Deformable DETR, as well as the combination of
DINOv2 with DETR, which allows evaluating the position of the proposed
AST model among the considered architectures.
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As can be seen from Table 8, the presented models demonstrate
a natural trade-off between computational efficiency and architectural
complexity. Lightweight detectors (YOLO26, RT-DETR) expectedly
show higher inference speed due to fewer parameters and FLOPs. At the
same time, transformer architectures, including Deformable DETR and
DINOv2-+DETR, have significantly greater computational capacity due to
self-attention mechanisms and multistage feature processing.

The proposed AST model holds an intermediate position: in terms
of parameter count (48.7 M) and FLOPs (195.8), it is comparable to
Deformable DETR, but is somewhat slower at inference (16.2 FPS versus
18.6). This is attributable to the additional shadow-connectivity graph
construction performed at the post-processing stage. Nevertheless, the
accuracy gain on complex terrain (+5.9 p.p. in mAP) over the best baseline
model (DINOv2+DETR) justifies the additional computational cost for
cadastral accounting tasks, where inference is performed offline and speed
requirements are not critical.

The additional computational costs of AST at the inference stage
are associated with the construction of the shadow connectivity graph
(subsection 2.6). The theoretical complexity of pairwise comparison of
fragments is O(N?), where N is the number of detected shadows. However,
in practice, this operation is not a bottleneck for two reasons:

1) Spatial pruning — graph edges are built only for pairs whose distance
does not exceed Rpmax. The use of a spatial index (e.g., a KD-tree)
reduces the complexity of candidate search to O(N log N).

2) Limited number of shadows: on a typical 1024x1024 tile of cottage
development, the number of detected shadows N rarely exceeds
30-50, which makes the computation of the MLP for pairwise features
negligible (less than 2 ms on GPU).

Thus, the grouping procedure does not impair the overall performance of
the system.

4.8. Cross-Validation on an External Dataset

To evaluate the generalization ability of the model, testing was
conducted on the external Ciyutuo Village dataset [1], containing 65 images
from China. The original annotation of the dataset does not contain the
classes «fence» and «shadows and is made in polygon format, so for the
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TABLE 9. Cross-validation results on the Ciyutuo Village
dataset (mAP@Q.5, mean + standard deviation over three

runs)
Model ‘ Fences ‘ Shadows
YOLO26 [14] 0,595 + 0,016 | 0,351 & 0,018
RT-DETR [15] 0,622 4+ 0,015 0,378 + 0,017

Deformable DETR [5] | 0,641 40,014 | 0,412 4 0,016
DINOv2+DETR [16] | 0,679 £0,013 | 0,453 +0,015
AST 0,714 + 0,011 | 0,538 + 0,013

purposes of this work, all 65 images were re-annotated into OBB format for
«fence-shadow» pairs according to the same rules as FSAD (oriented box,
class, fence type, shadow group identifier). Re-annotation was performed
manually; none of these images were used in the training and validation of
AST. The results are presented in Table 9.

Since the Ciyutuo Village scenes contain predominantly rugged terrain,
the drop in shadow accuracy in the text is calculated relative to the
«complex terrain» column of Table 4.

AST outperforms all four baseline models in both fence and shadow
detection. The absolute gain over the best baseline model (DINOv2+DETR)
is 3.5 p.p. for fences and 8.5 p.p. for shadows; over Deformable DETR, - 7.3
and 12.6 p.p. respectively. The indicators on Ciyutuo Village are lower
than on FSAD for all models without exception, which is expected when
the domain changes. At the same time, the magnitude of the accuracy
drop correlates with the robustness of the model: YOLO26 loses 20.0 p.p.
in fences and 13.0 p.p. in shadows relative to its results on FSAD, whereas
AST loses only 13.7 and 6.4 p.p. This is consistent with the results of
Table 7 and confirms that explicit accounting of shadow geometry makes
the model less sensitive to the data distribution.

The decrease in absolute accuracy is explained by differences in the
architecture of development, fence types, and survey conditions between
the Russian regions (FSAD) and the territory of China (Ciyutuo Village).
The consistent gain of AST over the entire spectrum of baseline models
shows that the proposed mechanisms — separate offset fields, fence typology
accounting, and geometric priors of the sun position — are effective not only
on the data used for training but also on new scenes with a different
feature distribution.
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Additionally, let us consider the ASD (Airborne-Shadow) dataset [26].
Its annotation is oriented toward semantic segmentation of shadows (classes
heavy and light shadow) and does not contain paired «fence—shadow»
annotation in OBB format. Therefore, direct quantitative comparison
with AST using the mAP@0.5 metric is impossible without re-annotating
the dataset. Nevertheless, ASD confirms the relevance of the task of
fine-grained shadow detection in nadir aerial images (ASD, DLR) and is
considered a promising direction for adapting the model.

4.9. Convergence Analysis and Detection Quality

To visualize the training process and conduct a detailed analysis of
detection quality, two plots were constructed.

Figure 5 presents the mAP@0.5 curves (averaged over all classes) on
the validation and training sets, as well as the total loss Liota on the
training set as a function of the epoch number. The vertical dashed line
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FIGURE 6. Precision—Recall curves on the FSAD test set. Solid
lines — AST for three scenarios; dashed line — DINOv2+DETR
for shadows on complex terrain. The AP values in the legend
correspond to Table 4

separates the two stages: pretraining on synthetic data (epochs 1-30) and
fine-tuning on real data (epochs 31-120).

At stage 1, the model quickly reaches mAP@0.5 ~ 0,50 due to the
diversity of synthetic scenes. At the transition to stage 2, a short-term loss
spike is observed (AL & 0,35), caused by the difference in the distributions
of synthetic and real images. Then mAP monotonically increases to the
final value of 0,726 (arithmetic mean of three scenarios; the object-weighted
mean is 0,769, see Table 4). The discrepancy between the training and
validation curves does not exceed 0.02 throughout stage 2, which indicates
the absence of overfitting.

Figure 6 presents PR curves for three detection scenarios (fences,
shadows on flat terrain, shadows on complex terrain) and, for comparison,
the PR curve of the DINOv2+DETR model for shadows on complex
terrain.

The area under each curve equals the APQIoU = 0.5 value given in
Table 4. The AST curve for shadows on complex terrain (solid red) runs
substantially above the DINOv2+DETR curve (dashed red) over the
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entire recall range. In particular, at recall = 0.7, the precision of AST is
~ 0,58, whereas that of DINOv2+DETR is only ~ 0,38. This confirms that
separate offset fields and the fragment connectivity loss allow the model to
confidently detect broken shadows without sacrificing accuracy.

5. Data and Software Availability

The demonstration source codes developed and used in this study are
published in an open repository on the GitHub** platform.

6. Discussion
6.1. Analysis of Results

The experiments show that separate offset fields and fence typology
accounting are key factors determining detection accuracy. AST demon-
strates the most significant gain in scenes with complex terrain, where
shadows break at ridges and slopes. The fragment connectivity loss reduces
the proportion of breaks from 32% (DINOv2+DETR) to 8% (AST).

In quantitative terms, in the most complex scenario — shadows on
rugged terrain — AST correctly detects about 82.5% of objects (recall
1 —FNR), and erroneous outcomes are distributed asymmetrically: misses
account for 17.5%, while the proportion of false positives is only 5.2%.
The model is more likely to miss a difficult fragment than to produce a
nonexistent object. This error structure is explained by the fact that
the geometric priors of the sun position and separate offset fields rigidly
constrain the space of admissible predictions and cut off false boundaries.
The remaining misses are concentrated in difficult places where the shadow
is broken by terrain and crowns, and where the connectivity loss keeps the
proportion of broken fragments at 8%. For fences with a more stable shape,
the ratio is even more favorable (mAP@0.5 = 0.851). This confirms the
conclusion: the main source of AST errors is not false detections but
underdetection of shadows in zones of complex geometry.

The use of OBB instead of horizontal boxes allows accurately determin-
ing the fence length and its orientation, minimizing false positives, and
improving the accuracy of subsequent cadastral assessment.


https://github.com/ivinokurov/AST
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Separate regularization of offset fields (2) with different coeffi-
cients fifence and Ughadow allows resolving the contradiction between
the requirement of smoothness for the fence and the admissibility of sharp
breaks for the shadow. The ablation analysis (Table 6) confirms that this
component provides an additional gain of 0.8 p.p. compared with unified

regularization.

6.2. Limitations

The proposed method has a number of limitations. Below are the main
factors affecting the applicability of the model and determining directions
for further research.

1) Fence type annotation is required. In the current implementation, the
fence type is predicted by a separate head, which introduces an
additional error. If the type is misclassified, the geometric prior (3)
may be inaccurate.

2y Limited dataset. 650 manually annotated images are insufficient for
deep learning. Expanding the dataset is a priority task.

3) Simplified projection model. Formula (3) assumes flat terrain. On
rugged terrain, the real shadow projection deviates from the computed
one, which reduces the accuracy of the loss Leross-

4) Range of admissible survey tilt angles. The AST architecture and the
shadow projection formula (3) are strictly valid for a flat (nadir)
projection, which corresponds to the standard of orthophotomosaics
used in cadastral accounting and topographic work (admissible
deviation of the optical axis from nadir no more than 3°). This
limitation is a deliberate design decision, since the target task —
cadastral mapping — works specifically with orthophotomosaics.

5) Dependence on metadata. Correct determination of the sun position
requires accurate survey metadata (date, time, GPS). In their absence
or inaccuracy, the geometric prior loses effectiveness, although the
introduced auxiliary sun position estimation head (Section 2) partially
compensates for this drawback by encoding illumination conditions
directly in the image features.

6) Seasonal factors and vegetation. The current version of the FSAD
dataset and the AST model are oriented toward surveying during
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periods without foliage (late autumn, early spring) or on coniferous
species. In summer, dense tree and shrub crowns can completely
shield fences and their shadows, which requires either the use of
multispectral data (e.g., near-infrared for vegetation segmentation) or
the integration of lidar data to «penetrate» through the foliage.

7) Rare errors under unfavorable illumination. In isolated cases (see
Figure 7d in the Appendix), the model may mirror the shadow
direction if a low sun elevation is combined with local terrain, while
the features of the fence itself are weakly expressed. This is a direction
for future improvements — for example, through a stricter constraint
on the sun azimuth or ensembling several hypotheses about the
shadow position.

6.3. Future Prospects

The results of the conducted research allow outlining the following
promising directions for further work.

1) Expanding the volume of the FSAD dataset to at least 2000 images
by including scenes from new geographic regions and ensuring its
open publication for the scientific community.

2) Re-annotating the ASD dataset [26] into OBB format for a second
external cross-validation site: converting the semantic shadow
annotation (heavy/light shadow) into OBB with the establishment of
«object—shadow» pairs. This will allow an independent quantitative
evaluation of AST on data from a different sensor, region, and GSD,
complementing the results on Ciyutuo Village (Section 4).

3) Integration with lidar data for accurate determination of terrain
and replacement of the flat shadow projection model (3) with a
three-dimensional model taking into account elevation changes.

/) Development of a projective shadow model for oblique survey:
replacing the flat formula (3) with a homography «ground plane —
image plane» taking into account camera orientation angles. This will
eliminate the limitation formulated in subsection 6.2 and allow AST
to be applied without preliminary orthorectification, expanding its
scope beyond cadastral orthophotomosaics.

5) Adaptation of the proposed method for detecting temporary fences,
including construction site fences and seasonal fences.
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6) Implementation of the developed approach in systems of automatic
cadastral valuation of land plots.

7y Generalization of the method to other «object—shadow» pairs, in
particular to power line poles and small architectural forms.

8) Investigation of Gaussian loss functions such as GWD [34], KLD, or
KFIoU [35]. They approximate boxes with Gaussian distributions,
computing distance via the Wasserstein metric or Kullback—Leibler
divergence. This simplifies computations, ensures differentiability,
and accelerates convergence. An alternative is EPIoU [36] with the
replacement of rectangles by ellipses.

7. Conclusion

The paper presents the Adaptive Shadow Transformer AST for
detecting fences and their shadows in orthophotos. Key results:

1) An architecture with separate offset fields for the fence and shadow
with different regularization coefficients has been developed, taking
into account the different physical nature of their deformations.

2) A cross-attention mechanism has been introduced that takes into
account the sun azimuth and elevation, as well as fence typology.
3) A shadow fragment connectivity loss has been proposed, reducing the

proportion of false breaks from 32% to 8%.

4) The FSAD dataset (650 images) with detailed annotation of fences,
shadows, and their mutual correspondence has been collected and
annotated.

5) Cross-validation on the external Ciyutuo Village dataset (after re-
annotation into OBB) has been conducted, confirming the consistent
superiority of AST over baseline models on data from another domain
as well.

6) The robustness of AST to noise and changes in illumination conditions
has been demonstrated.

The method is based on empirical engineering solutions, which makes
the work reproducible and practically applicable for cadastral accounting
tasks.
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Appendix. Comparison of Deformable DETR and AST results

(a) Deformable DETR (b) AST (c¢) Deformable DETR (d) AST (errors)
Ficure 7. Comparison of Deformable DETR and AST results on test scenes from FSAD

The recognition results in the last image are unsatisfactory: on two of the four plots (top-right and
bottom-left), the AST model incorrectly determines the shadow direction — the shadow contour is mirrored and
goes in the direction opposite to the real shading. Additionally, on these same plots, the confidence level drops to
22-30% for the fence and to 10-15% for the shadow. The remaining two plots (top-left and bottom-right) are
recognized correctly with a confidence of 90-95% for the fence and 84-90% for the shadow.
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Beepenne

TouHoe KaprorpahupoBaHue MPUIOMOBBIX TEPPUTOPHIL SIBJISIETCS BayK-
HOI 3aja4deil KaJaCTPOBOTO YYETa U IPaIOCTPOUTELHOIO IIJIAHUPOBAHMUSI.
Orpaxkenus (3a00pbl U T.11.) OIPEAEISIOT (DAKTUIECKUE TPAHULIBL 36MEJTb-
HBIX y4acTKOB [1], HO UX aBTOMaTHYeCKasl JeTeKIusd Ha adpOodOTOCHUMKAX
COTIPSI?KEHA C PSIZIOM TpyHOCTel. B oryinane ot 31anuit u qopor, 3a60pbl
UMEIOT HEXKECTKYIO IPOCTPAHCTBEHHYIO CTPYKTYPY: CEKIMH IIPOBUCAIOT MEKLY
oropaMu, CTOJI0bI MOTYT OBITh HAKJIOHEHBI II0JI JIefiCTBIEM BeTpa UJIM CE30HHBIX
U3MEHEHUil TPYHTA.

JIOnOIHUTEIBHYIO CIOXKHOCTD CO3JAIOT TEHU, 0TOpachBaeMble 3a00paMu
Ha rpyaT. Kondurypanus TeHn 3aBHCAT OT BBICOTHI U THUIIA OTPAKJICHUS
(crutomuoe, peméTyaToe, MTAKETHOE), Peabeda MECTHOCTH W [OJIOXKEHUS
COJIHIIA, XaPAKTEPU3yeMOro JBYMs YIJIAMI: a3umymom ¢ (KOMIACHOe HApaB-
JIeHHe Ha COJHIE) U 6vicomoti o (yrou Hax ropusontoM). Ha nepeceuéunoil
MECTHOCTH TE€Hb MOXKET Pa3phIBAThCs HA KOHbKAX U CKJIOHAX, CO3/aBasl JIOXKHBIE
IPaHMUIIBI, KOTOPBIE CTAHJAPTHBIE AJTOPUTMBI OMIMOOYHO HHTEPIPETUPYIOT KaK
CaMOCTOATEIbHbIE 0ObEKTHI [2].

[Ipu cvémre B Hagup cam 3ab0p MPOENUPYETCsS B TOHKYIO JIMHUIO MIAPHHON
1-2 nukcesist, TOrIa KaK €ro T€Hb 00PA3yeT XOPOIIO PA3IUUUMYIO IIOJIOCY,
JUIMHA, U CTPYKTYPa KOTOPOU KOJUPYIOT BBICOTY U TUII OrpakjieHus. Bce
BXO/IHBIE M300paKeHNsI — KaK peajibHbIe, TaK ¥ CUHTETUIECKUE — IIPUBEIEHBI
K OPTOQOTOILIAHY U PACCMATPUBAIOTCS B HAIUPHON T€OMETPHUI; YTOJI OTKJIOHE-
HUS OIMTHYECKOH OCH OT HAUPA HE MIPEBBINIAET JOMYCKA I OPTO(QOTOILIAHOB
(me 6ostee 3°). Takum o6paszoM, Ha OPTOMOTOCHUMKAX TEHb SBJISETC HE
apredaKTOM, a IEHHBIM JUATHOCTUYECKUM IIPU3HAKOM, 9YTO MOTHBHUPYET
COBMECTHYIO JETEKIUIO OlpakKJICHUl U UX TeHeil.

Cospemennble noxozpl K gerekimn oobekToB (RE-YOLO [3], DETR [4],
Deformable DETR [5]) opueHTupoBanbl Ha KECTKUE CTPYKTYPbI ¢ YCTORIUBOM
dopmoit. Orr UCHOTB3YIOT (PUKCHPOBAHHOE TO3UITMOHHOE KOJUPOBAHUE U HE
CIIOCOBHBI JIANTUPOBATHCS K JIOKAJBHBIM J1eDOPMAIUIM, YTO IPUBOINAT
K omubKaM TpH JieTekiuu 3ab0opoB um ux TeHei. B Hacrosieit padore
npeJIaraeTcs aJalTHBHBI TeHeBoil Tpancdopmep AST, KoTOpHIil pernraer
yKa3aHHbIE MTPOOJIEMBI ¢ MMOMOIILI0 TPEX KJIIOYEBBIX MEXaHU3MOB:

1) PazmenbHBIE TIOJIST CMEIEHUsT /I OTPaYKICHUS U TEHU C Pa3IUTHOMN
peryssipu3anueil, TO3BOJISIONIEe MOJE/IN HE3ABUCUMO aIalITAPOBATHCS
K IUIABHBIM AedopMalisiM 00beKTa U PE3KUM U3JI0OMaM €r0O IPOCKITUH.

2) Mexanu3M mepeKpECTHONO BHUMAHUS C YIETOM a3UMYyTa W BHICOTHI
COJIHIIA, & TAKZKE TUITOJIOTUU OTPAXKIECHUS, YJIYUIIAIONINNA CBA3bIBAHIE
Iap «OrpazkIeHHe-TEHb».

3) [orepst cBst3HOCTH (DPArMEHTOB TeHEl, 00y Jak0Iasi MOJIeJIb BOCIPUHAMATD
paszopBaHHbIE peIbedoM (PPArMeHThl KaK €IUHBII 0O0bEKT.
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B ommuue or pabor [5, 6], rae BBoguTca obiee nosie jgedopManuy st
BCEX KJIACCOB, MPEJJIAraeTCsl UCIOIb30BaTh Pa3/Ie/IbHbIE TOJIs Jjisi O0beKTa U
€ro TeH! C PA3IMIHBIMU KOI(DDUIMEHTAMU PEryJISIPU3AIUIT. ITO HO3BOJISIET
YYUTBHIBATH PA3JINYHYI0 (PU3NYECKYIO IPUPOJIY UX W3MEHEHUI — IJIaBHOE
IpoBHCcaHre 3a00pa U pe3Kne M3JOMbI TeHH Ha Iepernajax pesbeda.

Crarbst Opraan3oBaHa cieayromumM obpa3om. Pasmen 1 comepkut 0630p
cBsi3aHHBIX paboT. Pazen 2 onuckiBaer apxurekTypy AST n MexaHU3MBI
BHuMaHus. Paznen 3 mocBsmén dbyHKnuu morepb. B pasjene 4 mpejcraBieHb
9KCIIEPIMEHTAJIbHBIE PEe3YIbTAaTh. B paszene 5 MpuBeaeHbl CBEIEHUS O TOCTYII-
HOCTH IIPOTPaMMHOTO Koja. Pazmenr 6 comepKut ob6Cy:KaeHne OrpaHnIeHmii.
Paznen 7 mogsoauT uror.

1. O630p cBs3aHHbLIX paboT
1.1. Knaccuueckue meToabl AETEKLMN TINHWIA HA a3pou300bpakeHusx

3ajiava BbIJEIEHNS JUHEHHBIX 00BEKTOB Ha adpO(hOTOCHUMKAX NMeeT
JABHIOIO UCTOPHUIO 1 TPTUIIMOHHO pellaeTcsd MeTOIaMUi, OCHOBAHHBIMHU Ha
aHajn3e KOHTYPOB U I'PaJHMEHTHBIX XapaKTEPUCTUK M300parKeHusl.

IIpeobpazoBanne Xada sBIsieTCsS OJHUM U3 HAMOOJI€E PACIIPOCTPAHEHHBIX
HOJIXO/IOB K JIETEKIN MpsIMbIX JuHuil [7]. MeTton paGoraer B mpocTpaHCTBe
IapaMeTpoB, TJe KayKJas TOUKa N300ParKeHUsI TOJIOCYET 3a BCe BO3MOYKHBIE
JIMHUU, TIpOXoIdiye depe3 Heé. HecMoTps Ha MIMPOKOe pacmpocTpaHeHue,
ajqropur™ Xada 00J1a/1aeT CyIeCTBeHHBIMU HEIOCTATKAME: BBICOKAs BHIUUC/IU-
TeJbHAS CJIOXKHOCTb U CKJIOHHOCTH K OOHAPYKEHUIO JIOKHBIX JIMHUI B MeCTax
€ BBICOKOH IJIOTHOCTBIO IuKcedsiedi [8]. Kpome roro, npeobpazosanue Xada
IJIOXO CIIPABJISETCS € JIMHUSIMU, UMEIOIIUMU PA3PBIBBI, UTO YACTO BCTPEIAETCS
Ha M300parKeHnsIX 3a00POB C TaCTHIMU OMTOPAMH.

Asropurm LSD (Line Segment Detection) [9] ucnionbsyer Buraucienue
IPaJIMeHTa ¥ HOCJIEAYIONLYIO IIPOLELyPy region growing s BbLIAEJICHUs
orpeskos Juuuii. OcHoBHOE TpenMyIecTBo LSD — BbICOKast CKOPOCTh pabOTHI.
O/iHAKO HEOCTATKOM METOJa ABJISIETCA Pa3OUeHNUe IJIABHBIX JIMHUIT HA
GOJIBIIOE IMCIIO U30JUPOBAHHBIX (PPATMEHTOB, YTO 3aTPY/HAECT MOC/IELYIONTYIO
HapaMeTpHU3aliio U OUCK 00BeKTOB [8].

Mertompr Ha ocHOBe (hOpM-aKTOPa MPEJIATAI0T AJbTePHATHBHBIN ITOIXOT
K gerekiuu Jyunuii. B padore [8] pazpaboran ajropurm BblIeJIEHUs [P~
MBIX KOHTYPHBIX JINHUI HA OCHOBE eBKJINI0Ba dopM-hakTopa. CyrmHOCTh
MEeTO/Ia 3aKJ/II0YAETCs B CPABHEHWH C euHUIEi 3nadenns popM-pakTopa,
BBIYUCIISIEMOTO KaK OTHOIIEHUE PACCTOSHUS MEYKJLy KOHIEBBIMHU TOYKAMU
KOHTYPHOI JIMHUN K €€ PaKTUIeCKO# jyinHe. ABTOPBI MOKA3BIBAIOT, ITO



100 1. B. BUHOKYPOB RUmEEN:

pa3pabOTaHHBIN AJITOPUTM TTO3BOJISIET MTOBBICUTH CTAOMIBHOCTD BBIJIETEHUS
JHU# 1 GpICTPOJIelicTBIE 10 CpaBHEHUIO ¢ peobpasoBanueM Xada [8].

B pabore [10] npe/jio:KeH0 UCIOIb30BAHAE BBIIEJICHHBIX JUHUNA B KA4eCTBE
KJIIOYEBBIX IJIEMEHTOB JIJII TTOCTPOEHUS JIECKPUIITOPOB N300ParKeHU i, ITO
obecrreanBaeT OOJIBIMYIO0 YCTOWINBOCTD K M3MEHEHUSIM IPKOCTU W KOHTPACTA, TI0
CpaBHEHHIO ¢ KjaccuueckuMm meromom SIFT.

JI1s1 BBIJIe/TIEHUST TIPSIMOJTMHEITHBIX KPOMOK Ha, 3allly MJIEHHBIX N300PayKeHUIX
[IPE/UIOZKEH METO/T, BKJIIOYAIONINI OPHEHTHPOBAHHYIO (DUIIBTPAINIO U TIOUCK
TIPSIMOJIMHEHHBIX CETMEHTOB JIJIsT KAa2KJIOTO HAIPABJICHUS W MacITaba ¢ yI6TOM
3HaKa rpajuenTa [11]. Tor noaxo/ HO3BOJIIET PA3/IMYATh [OJIOKUTE/IbHbIE U
OTpUIIATEIbHBIE TIEPENaIbl SPKOCTH, YTO BaYKHO JJIsl JIETEKIINN OObEKTOB
C pa3/IMYHbIMU OITHUYECKUMU CBOICTBaMHU.

B pa6ore [12]| npoBeseno cpaBHeHUE METOIOB JAETEKIMU JIMHUN JJist
ABUAIMOHHON HABUIAIMU. ABTODBI OLEHUBAIU KJIACCUYECKUE MeTObI (1Ipe-
obpasosanue Xada, LSD) u coBpemMeHHBIE 110J[X0/IbI HA OCHOBE IJIyGOKOIo
0oOy4YeHns IPUMEHUTEIBHO K 33/1a9e PACIO3HABAHUS B3JETHO-TIOCAIOIHBIX
I0JIOC ¥ PYJIEXKHBIX JI0pozkeK. OCHOBHOI BBIBO: METOJIbI IJIyOOKOr0 00y YeHuUst
JIEMOHCTPHUPYIOT 00JIee BBICOKYIO YCTONYMBOCTD K 3AIMYMJIEHIIO U M3MEHEHUIO
OCBEIIEHUs, OJTHAKO YCTYHAIOT KJIACCHIECKUM METOJaM B CKOPOCTH 0OPabOTKH.

1.2. CoBpemeHHblE MeTOabl AeTeKUMM 00BHEKTOB Ha aspocdoTocHMMKax

CBéprounble HEHPOHHBIE CETH AKTUBHO MPUMEHSIIOTCS JIJIsi CETMEHTAIIH U
JIeTeKIMK 00beKTOB Ha aspocHUMKax. Apxurekrypa U-Net [13] n eé moguduka-
IIM [OKA3BIBAIOT BHICOKUE PE3YJILTATHI B 33/[a9aX CEMAHTHIECKON CerMeHTaINN,
BKJIFOUAsl BbIJIEJIEHUE JOPOT, 3[1aHUl U APYIUX AHTPOIION€HHBIX OObEKTOB.
Ojnako U-Net He yunThIBaeT NepUOUIECKYIO CTPYKTYPY OIPaXKI€HUT U He
muddepeHnupyeT TeHn 0T 00bEKTOB.

Onnosramubie nerekTopbl cemetictBa Y OLO obecriednBatoT BBICOKYIO
TOYHOCTD W CKOPOCTH 0OPabOTKU [t KOMIAKTHBIX 00bexToB. YOLO26 [14]—
IOCJIeTHSIST MOJIENTh ceMeficTBa, obecrieunBaomias HaTuBHbIN end-to-end nnde-
penc 6e3 nocrobpaborku. Oarako YOLO HesdderTuBeH J1jisi MPOTAXKEHHBIX
JITHEHHBIX CTPYKTYP, TAKUX KaK 3a00pbI, TIOCKOJbKY CeTKa IPeJCKa3aHuil He
aJIanTUPOBaHa K 00beKTaM C OOJIBIION JJIMHON 1 MaJION IMUPUHOIA.

TparcdopmepHbIe JeTEKTOPHI IIPEJJIAraloT MPUHIMITAAJIBHO UHOMN ITOIXO0T
k gereknuu. Apxurekrypa DETR [4] ucnionb3yer MexanusM BHUMAHHUS JJIst
IIPSIMOTO IIPEJICKA3aHNsT MHOXKECTBa 00bEKTOB 0e3 HeOOXOIUMOCTH IIPOLELY P
nogasienns He-MakcuMyMoB NMS (Non-Mazimum Suppression). Deformable
DETR [5] BBopuT nedopmupyeMoe BHUMAHKE, KOTOPOE TIO3BOJIAET MOJEJIN
aJIAIITHPOBATHCS K TIPOCTPAHCTBEHHOM cTpyKType 06bekToB. RT-DETR [15]
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obecrieanBaeT BBICOKYIO CKOPOCTh MH(EPEHCa, IPUOINKALCH K OKA3aTEISIM
YOLO. DINOv2 [16] — Mo/1es1b caM000y9aeMOoro n3BJIeYeHus] BU3yabHbBIX
[IPU3HAKOB, KOTOPasl MOYKET CJIYZKATh MOITHBIM 3KCTPAKTOPOM IIPU3HAKOB
(backbone) miist mereKTOPOB, OMHAKO caMa 10 cebe He SIBJISeTC JIeTeKTOPOM U
TpebyeT MPUCOETMHEHUS JIETEKIIMOHHOM TOJIOBBI.

B paGore [17] 1poBeieHO KOMIIIEKCHOE CDABHEHHE PA3INIHBIX JI€TEKTOPOB
Ha 3aJ1a4e 00HAPYKEHWs BO3JLYIIHBIX CYJ0B Ha CIIYTHUKOBBIX CHUMKAaX. ABTODBI
IMOKA3BIBAIOT, 9TO BHIOOD ApXUTEKTYPhI CYIECTBEHHO BJINSI€T HA TOYHOCTH
JleTeKnuu MaJbix 00bekToB, a YOLO nemoHCTpUpYyeT HamMIydIiee COOTHOIICHUE
TOYHOCTH U CKOPOCTH.

1.3. CneumanusuposaHHble MeTOAbI AETEKLUN OrpakaeHui

HecmoTpst Ha mupokuii CrieKTp METOOB JIETEKINN 00bEKTOB, 3a71a9a,
OOHADYKEHUST OI'PAXKICHUN Ha adPOPOTOCHUMKAX JIOJT0e BPEMsl OCTaBa-
Jiach Ha nepudepun ucciegopannii. OHAKO B MIOCIEIHUE TOIbI TOSBUJINCH
CIIEIUAN3UPOBAHHBIE PAOOTHI.

B paGore [18] npeacrasien garacer MultiFranceFences, conepxxamniuii
opTOOTOCHUMKH U IU(POBBIE MOJE/N TOBEPXHOCTH JJIsI CEMAHTHIECKON
CerMeHTAIMN OTPaXKJIeHnil Ha Teppuropun Opaniun. ABTOPHI UCIOIL3YIOT
MyabTuMOzanbHble nanabie (RGB + mudposasi MoJesib IOBEPXHOCTH) U
MOKA3BIBAIOT, UTO J00aB/IeHne HHMOPMAIIMYI O BBHICOTE 3HAYATE/LHO YTy IIaeT
TOYHOCTD JIETEKIUH 3a00POB, OCOGEHHO B CJIOMKHBIX CIEHAX C PACTHTEIBHOCTHIO.

Cuurernaeckuit naracer DDOS [19] Briouaer kiace «3a6opbl» (MesKast
ceTKa) U TpeJHA3HavYeH JJIs O0yUeHUs JIPOHOB HABWTAIMHM B YCJIOBUSIX
npensarcreuii. Jlaracer comepxkut 340 monéros u 34 000 KaapoB ¢ pazMeTKOi
TOHKUX OOBEKTOB.

B paGore [20]| upesgioxken meros 06HADYKEHUsI OIPAXKICHUN HA CTPO-
UTEJILHBIX TLUIOMAAKax ¢ ucrnosjb3oBannem BILJIA. ABropsr paszpaborann
TPEXITAIHBIN MOJXO0JI: CHAYAJA JIETEKTUPYIOTCS CTOMKY OrParkJIeHMs, 3aTeM
[IPUMEHSIEeTCsl TOPU3OHTAIBHBINA JEeTEKTODP JIMHWH JJTsi (DUIIBTPAIAN JIOKHBIX
cpabaTbIlBaHUll, U HAKOHEI] OIIEHUBAECTCH PACCTOSIHUAE MEXKIy CTOUKAMU I
[IO/ITBEPKICHUS HAJIMYUS OTPAXKICHUSI.

B obnacTu 9K0JI0rnYecKOro MOHUTOPUHTA AaKTUBHO PA3BUBAIOTCS METOJIbI
KaprorpadgupoBaHus 3a00POB JJIsI OIEHKU UX BJIUSHUS HA MUTPAIUIO XKU-
BorHbIX [21]. MccenoBanus mOKa3bIBAIOT, UTO 3a00PbI ABJISIOTC BAYKHBIM
daxTopoMm dpparmeHTaUN JaHIMadTa, OTHAKO UX KapTorpadrupoBaHmie
B KPYIHBIX MAaCIITa0ax OCTaETCs CJIOKHON 3a/1adeil.
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1.4. MeTtoabl aetekunn TeHeli Ha a3pOCHUMKAxX

Jlerexius Temeit sBIsieTCs BayKHON 3amateit 06paboTK adpodhOTOCHIMKOB,
IIOCKOJIbKY TE€HH CO3AI0T JIOKHBIE I'PAHKIIBI ¥ NCKAYKAIOT BOCIIPUATHAE OO'bEKTOB.
B pab6ote [2] mpeiozkeH IBOMOMUOHHBIN METON KOPPEKINY TeHel Ha OCHOBe
riIybOKOTO O0y4YeHUsl, a TaK»Ke IIpeJicTaBjieH beHuMapK-jgaracer juist UAV-
CHUMKOB. ABTOPBI MOKA3BIBAIOT, YTO TEHU OT JIEPEBHEB U APXUTEKTYPHBIX
9JIEMEHTOB CO3AI0T 3HAUUTEbHBIE CJIOXKHOCTH JJIsI CTAHIAPTHBIX aJrOPUTMOB
CErMEHTAIIAM.

O630p MeTOJIOB AeTeKIn OOJIAKOB U X TeHeil [22] nomaépkusaer yHU-
BEPCAJIbHOCTD 33490 aHAJIN3a Hap «O0bEKT-IIPOEKIUI» B JUCTAHIIMOHHOM
sonupoBanun. OIHAKO CYIIECTBYIOIINE METObI OPUEHTUPOBAHBI HA CITyTHHKO-
Bble CHUMKHU C HU3KHUM pa3pelleHueM U He YYUTBHIBAIOT NETAJIbHYIO0 IeOMETPUIO
KPBIII U OrpazKIeHuil.

B pabore [23] upeacrasinen merox MetaShadow ayist 06beKTHO-NEHTPHPO-
BaHHOI JIeTEeKINN, yIaJleHns U CHHTe3a TeHeil. MeTos ucnoab3yer MeXaHu3Mbl
BHUMAHUS JJIsI CBSI3BIBAHUS OOBEKTOB M UX TEHEH, YTO KOHIENTYAJIbHO OJIM3KO
K HamreMy noaxoxay. Oxnako MetaShadow He yYUTHIBAET TUIIOJIOIHIO 00BEKTA
U He UCIIOJIb3YeT MeOMeTPUIECKUe IPHOPHI (II0JIOXKEHNE COJHIA, Pebed).

1.5. Oaracetbl gns gerekunmn NNHeENRHbIX 00bEKTOB

st 0OydeHusT ¥ OIEHKU METOI0B JETEKIINN JTHHEHHBIX 00HEKTOB JTOCTYITHBI
CJIeTYIONINeE JTaTACeThI:

« MultiFranceFences [18] — opTodoTOCHUMKH ¢ pa3sMeTKON OrpazK IeHHuid,
Tepputopus PpamHnnm;

« DDOS [19]|— cunTernueckuit garacer st 00y I€HUs JPOHOB, BKIIOTAET
KJIacC «3a00phI»;

- Al4Boundaries [24]— naTacer nyist JeTEKIMU TPAHUIL OJIEH, COMEPIKAT
cHUMKH Sentinel-2;

« Ciyutuo Village Dataset [1]—65 uzobpazkenuii jijist KpOCC-BAJIMIAIIAY;
UCXO/HAs TIOJIMTOHAJIbHAS pasMeTKa nepeanHoTuposana B ¢popmar OBB
JUUTST TIAp «OT'PaKJICHUE-TEHb».

- ISPRS Vaihingen [25]— 6enumapk Jist KiaccuduKamum ropoIcKux
00bekTOB 1 3D-peKOHCTPYKIINY 31aHUIA.

Hu ogun us cymecTByoOmux 1aTaceToB HE COMEPXKUT OHOBPEMEHHOM
pasMmeTKu orpaxkiaeHuwii u mx teneit B dpopmare OBB ma teppuropmsax
KOTTEJIZKHOI 3aCTPORKHU € YIETOM THUITOJIOTHH OrPaKJAeHuil U pesbeda. 1o
000CHOBBIBAET HEOOXOIMMOCTh CO3/IaHusI COOCTBEHHOTO Pa3MeIeHHOro Habopa
JTAHHBIX.



RUmEN; AST: COBMECTHAS JIETEKILIMS OTPAYXKJEHUI M UX TEHEN 103

Ornensro Boyiennm garacer ASD (Airborne-Shadow) [26], npesacrasien-
wbiit Azimi u Bahmanyar (DLR, DAGM GCPR 2023). ASD conepzxur 1408
RGB-uzobpaxkennit pasmepom 512x512 mukcesieit, Oy YeHHBIX TPH HAIUPHON
cbémke ¢ Beproséra (DLR, Mionxen) ¢ GSD okoso 13 cM/mukcesns. Pasmerka
BKJIIOYAET JIBa KJacca TeHeil — heavy shadow u light shadow —u oXBaTbHIBaeT
00BEKTHI OT 3/IAHUN ¥ MOCTOB JIO MEJIKHUX JeTaJjeil, BKII09asa CTOMObI 1 3a00PHI.

Omanako ASD opueHTHpPOBaH HA CEMAHTUYECKYIO CEMMEHTAIINIO TEHell U He
COJIEPKUT IIAPHOIN Pa3METKU «OTPazkieHre-TeHb> B (POpMaTe OPHEHTUPOBAHHBIX
pamok (OBB), 4o He 103BOJISIET UCIOJB30BATH €r0 HAIPSIMYIO JiJist 00y YeHust
1 KOJIMYECTBEHHON oreHKH npejioxennoro Meroga AST. Tem ne menee ASD
MOZKET PACCMATPUBATLCH KAK BAXKHBIA OPUEHTHUD IPH OLEHKE KPOCC-IO0MEHHOI
00001TIaI0IIel CIIOCOOHOCTH.

1.6. MeTtoapb! cBsI3bIBAaHUA Nap €0ObLEKT-TEHb»

Bajaua cBA3bIBaHNS OOBEKTOB U MX TE€HEH MMeeT OrpAHUYEHHOE THCIIO
uccienoBanuii. B pabore [27] upejioxken monxom Ha 0CHOBE rpadOBBIX
HEMPOHHBIX CeTell ¢ BKIIOUEHHEM (PU3NIECKUX MOJIEICH Ml TPEeICKA3AHIST
nedopmalnii MITKAX TKaHeil. ABTOPBI TIOKA3BIBAIOT, YTO UCIIOJIb30BAHUE
GbU3NIECKUX MPUOPOB TOBLIIMAET TOYHOCTD 110 CPABHEHUIO C YUCTO 00yIaeMbIMU
apXUTEKTypPaMu.

B obnactu merekiuy o6JIaKOB U X TeHel [22] UCHoIb3yoTes MOIeIN
arMochepHOro IepeHoca U MPOEKINOHHOM reoMerpun. OIHAKO 3TH METOJIBI HE
YUUTBIBAIOT CrielubUKy Ha3eMHBIX 00beKTOB (Orpazk/eHuil, 37aHuii) 1 uX
B3anNMO/IEICTBHE C OCBEIIeHUEM.

B [28] mpe yiozxkeH MeTOJ, yIETa T€OMETPUIECKUX MTPeodpa3oBaHuii Ha
OCHOBE TEOPUH I'DYIIIOBON 3KBUBADUAHTHOCTH, OJHAKO aBTOPBI PACCMATPHBAIOT
TOJIBKO YKECTKHE TPeoOpa3oBanust (IIOBOPOTHI, CABATH) W HE YIATHIBAIOT
nedopmarun 06bEKTOB.

1.7. CpaBHuTenbHbIVi aHanNN3 Nogxoao0s

JlJ1st HATJISIAHOTO CPAaBHEHUS CYIIECTBYIONIUX II0IX0/I0B 110 KJIIOUYEBbIM
KPUTEPUSIM, BasKHBIM IS 330a91 JEeTEKIINN OTParKJAeHUil W WX TeHei,
cocTapjeHa Tadbauma 1.

Ananu3 TabIUIBI TOKA3BIBAET, 9TO CYIIECTBYIONINE TOIXO/bI JINOO He
YAIUTHIBAIOT AedopManuun O00bEKTOB, JUOO0 UTHOPUPYIOT TEHH, JUOO He
CBA3BIBAIOT O0BEKTHI ¢ ux TeHsmu. [Ipegnaraembrit AST sBisiercs mepBoit
APXUTEKTYPOil, 00beIMHSIONIEH BCe YeThIpe KJIIOUEBbIX acleKTa: pas3/iebHble
moJist epOpMAaIii, YIET TeHell, yU6T TUIIOJIOIMH OIPAKJIEHNs U CBA3bIBAHUE
ap ¢ reOMeTPUIECKUMU [TPUOPAMU.
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Tapuya 1. CpaBHeHEE MOAXOIOB MO KJTIOUEBBIM KPUTEPUSIM

Moaxon VYuér nedbopmanmii THHOOr ST Cesizp | [erexkuus
ob6bekTa TeHem nap nap

Kanaccuveckue memoduy

Xad [7] — — — — +

LSD [9] — — — — +

Dopm-dakrop [8] — — — — +
Ceépmounvie Hetpormnvie cemu

U-Net [13] — + — — +

YOLO26 [14] — — — — —
Tparcpopmeprvie demerxmopoe

Deformable DETR |[5] + — — — +

DINOv2 [16] — — — — +
Cneyuasusuposartsie Memoovl

MetaShadow [23] — + — + —

MultiFranceFences [18] — — + — +
IIpedaooicerroiti memod

AST + + + i i

VYposru noddepotcku: -+ mnosiHasi, £ YacTUYHAS, — OTCYTCTBYET.

2. Apxutektypa AST
2.1. leomeTpuyueckas nocraHoBKa 3a4a4n n obosHaveHns

Apxurekrypa AST napamerpusyercss OMHAPHON CHCTEMOI «OrpazKieHue-
TE€Hb» U HADOPOM METPUYECKUX XAPAKTEPUCTUK UX B3AMMHOIO PACIIOJIOKEHUS
Ha oprodoToriane. JaHHble BeJIMIUHbI, (PUKCUPYEMBIE JIO ONUCAHUS MOJLYJIeH
MOJIEJIA, 3a/1a10T CTPYKTYPHYIO OCHOBY BCEX KJIIOUEBBIX KOMIOHEHTOB AST —
oJIell CMETNEeHusl, KPOCC-BHUMAHUS U (DYHKIIUU MTOTEPh COMVIACOBAHHOCTH, BHE
3ABUCHMOCTHU OT JIETaJIell peasim3aIium.

IHonoowcerue cornuya. Kordurypalius TeHNM OTHOCUTEIHHO OTPasKICHUST
O/THO3HAYHO 33/IA6TCs TIOJI0KEHNEM COJTHIIA, XAPAKTEPU3yEeMbIM JBYMS YIJIAMU:

. A3UMYM Pgun € [0, 27T) — KOMIACHOE HAIIPABJIEHUE HA COJIHIE, OIPEIEIISIO-
Uil Hanpasierue TEHU;

e 6bICOMA gy € (0, 7/2]— yroa Haj rOPU3OHTOM, OIPENESIONuU dAuHy
TEHHU.

st peanbHBIX a3pOdOTOCHUMKOB 9TH IIapaMeTPhbl U3BJIEKAIOTCA U3
metagannbix EXIF/XMP (GPS-koopuHaTsl, 1aTa 1 BpeMsi ChEMKH) U BBIYHC-
JISIOTCS [0 CTAHJAPTHON ACTPOHOMHUYECKONH MOJIEJIH MOJIOXKeHUs! coHIa [29];
JUTsl CHHTETHYECKAX JIAHHBIX OHU 3aJIaI0TCsI SIBHO TIPH TeHeparuu. B Monenn
BEJIMIMHBL Pguy U Qsyy BBICTYIIAIOT B JIBYX POJISX.

Bo-1epBbIX, Kak SHEWHUL 20MEMPUHECKUT NPUOP: OHU HAIIPSIMYIO BXOJST
B OKHJIAeMBbIif BEKTOD CMeIeHusl TeHN (pa3es 3.3) U B OIEHKY MEePeKPECTHOrO
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BHUManus (paszes 2.4), CBA3bIBAs HAIPABJIEHUE M JIJIUHY TEHH C [OJIOKEHUEM
OrpazK/IcHU.

Bo-Bropbix, mjist 00yUeHUs BBEIEHA 6CNOMO2AMEABHAA 20A06KG OTIEHKU Vg
U Qgyp [0 CAMOMY U300pAYKEHUIO, PEIIAIONas 3a/a9y CaMOODYIEHUsI 110 TeM
JKe MEeTaJIAHHBIM; OHA HE TIOJMEHSIET IIPUOP U3 METAIAHHBIX, HO 3aCTABJISET
[IPU3HAKY IHKOJEPa KOJUPOBATE YCJIOBHS OCBEIIECHUSI U TIOBBIINAET YCTOHINBOCTE
MOJIeNM K HEeTOUHOCTH Wik gactuaromy orcyrersuio EXIF (em. orpanmdenne
B pasjeie 6.2).

Tun oepasicdenus. aa Kaxka0ro 00bEKTa OMPEIeIsIeTCss THIT OTPaK ICHUsT
7€ {0,1,2,3} (cimomHoe, peméryaroe, mrakeTHOE, KOMOMHUPOBaHHOE). Tui
BJIUSIET Ha OXKUJIAEMYIO CTPYKTYPY TEHU: CILIONTHBIE 3a00PbI JIAI0T YETKIE
HEIPEPBIBHBIE TEHH, PENIETIAThIE — IPEPHIBUCTHIE, MTAKETHBIE — IEPHOTIECKHUE.
Ora uHMOPMAITI UCIIOJIL3YETCs JIAee B MEXaHU3Me TTePEKPECTHOIO BHUMAHMS
(pazmen 2.4) KaK KaTeropuabHBIA [IPUOD, YTOUHIIONMI COOTBETCTBHE MEXKILY
OTpazKJIeHUEM U €r0 TeHbIO, PUCYHOK 1.

N/
€ -
— Wy
/ \
| \\
N\,
\\
\\
NOf = h
\L=—F———
h tan(@sun)

N\,

Asun

S

BRI
KORRRRIK]
BRI

XXX RXXXX
IR

PRREKXXXN]
|

IF.IIIII

=0 =1 T=2 T=3

Cnnowoe PewéTyaToe WiTakeTHoe  KOMBMHUpOBaHHOE

PucyHoK 1. l'eomerpust mapbl «Orpak/ieHUe-TEHb» W THUIIBI
orpaxkaennit B AST

Hapa <«oepasicdernue-menvs u Popmam evixoda. Mogens nerekrupyer oba
ki1acca—fence n shadow—u CBsI3bIBAET MX B CONOCTABJIEHHDIE AP, OIMUPASICH
Ha BBEJIEHHBIE BBINIE BETMIMHBI Qgun, Csun U T. JIJIA KazK10r0 00HAPY?KEHHOTO
00bEeKTa MPeJICKA3bIBACTCS OPUEHTHPOBAHHAsST OrpaHndnBaonias pamka OBB
(oriented bounding box) — OBEPHYTHII IIPSIMOYTOJIBHUK, TOYHO HOBTOPSIFONIALL
opueHTanuio 3abopa wian ero Tenw; dpopmasibaoe omnpeneaeane OBB u
apaMeTpoB BBIXO/Ia IIPUBEMIEHO B pasjese 2.5.
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2.2. O6buwasa cTpyktypa AST

C yuérom BBeJEHHBIX 0003HavYeHnil apxuTekTypa AST BKiIIOUaeT cieiyro-
1Ie MO/TYJIH:

« DkcrpakTop npusHakos Ha 6aze Swin Transformer [30]. B owinuue or
crapgapraoro Swin Transformer, ucmoab3yoMEro TOIHKO OKOHHOE
BHUMaHWe, B IIPeJjIaraeMoil apXuTeKType OKOHHOe BHUMAaHME 3aMEHEHO
Ha sedopmupyeMoe Ha dramnax 2—4 (tabiuna 2).

Tapauua 2. Ilapamerps skcTpakTOpa npusnakos AST

Dran ‘ Pasmep BbIXOga ‘ Buokos ‘ Baumanue ‘ ITone
1 H/4 x W/4 x 96 2 Oxonnoe Her
2 H/8 x W/8 x 192 2 Hedopmupyemoe Afence
3 H/16 x W/16 x 384 6 Hedopmupyemoe | Afence, Ashadow
4 H/32 x W/32 x 768 2 Hedopmupyemoe | Afence, Ashadow

IIpumenarue. Iox «nedpopMupyeMbIM BHUMaHUEM» OHUMAETCH MOAUMDUIMPOBAHHAS BEPCUST
MexaHu3Ma BHHUMAaHUs, B KOTOPOil MO3UIMU CEMIIMPOBAHHUS CMEINAIOTCs Ha OCHOBE IIPE/ICKA3aHHOIO
nosist A, anasiornano Deformable DETR [5], Ho ajantupoBanHas Juisi paGOThI ¢ HePAPXUIECKUMI

npusHakamu Swin Transformer.
DTO IO3BOJIAET MOJEHN aJalTUPOBAThCs K JedopManusM 00bEeKTOB,
COXpAaHsisl IIPU 9TOM HEePAPXUIeCKyI0 CTPYKTYPY Swin.

« YerbIipe TOJOBKU: KaaCCU(MUKAINN, PEIPECCUN OPHEHTHPOBAHHBIX Or'pa-
nuamBaomux pamMok (OBB), kiaccudukanum Tuma orpaxkieHus T u
BCIIOMOTATEJbHON OINEHKHU [TOJIOXKEHUsI COJHIA (A3UMYT QPgun U BBICO-
Ta (gun ), 00y4aeMOIl B pezkuMe caMoo0yUeHus 110 METAJAHHBIM ChEMKH
(cm. pazgen 2.1).

* Moysib pa3ie/IbHBIX MMOJIeil CMeIeHust JIJIt OrPasK/IeHUs U TEeHU.

e Mexanu3Mm mepekpEécTHOrO BHUMAHUS C T€OMETPUIECKUM ITPUOPOM
0 Psun, Gsun U T.

B ommmane or Deformable DETR [5], rie ucnonbsyercst efuHoe moJie cMe-
mennsi, AST npeJicKa3blBaeT JiBa HE3ABUCUMBIX TOJISE: Afonce JUIs OMPAXKJICHUS
1 Aghadow JJIS TEHHU.

Huzke npuBelieHbl KOHKPETHBIE TapaMeTPhbl U HACTPOWKHU KaXKJIOro
KOMIIOHEHTA, HEOOXOMMBIE JIJIsi BOCIPOU3BEIEHUST MOJIEIIH.

Cmexoswviti caot (patch embedding) n 6a0k ankodepa. Bxommroe m3o6pa-
keHne paszmepoM 3xX H XW mnpeobpasyercs B IOCIIENOBATEIHHOCTD
TOKEHOB CTEKOBBIM CJIOEM: CBEPTKA C sApoM U maroM 4 x4 u 96 BBIXOTHBI-
MU KaHaJIaMH ¢ TIocseayorieit Hopmaausanueit LayerNorm, aro gaét
kapry npusHakoB H/4 x W/4x96 (sran 1 B Tabmune 2). Kaxpiit 6ok
9HKOJIEPA MTOCTPOEH TI0 CXEMe Pre-Norm M COJEPIKUT JBE TOJCXEMBI C
OCTATOYHBIMU CBSI3SIMU:

« MOJy/Ib BHMMaHWs (OKOHHBIH Ha 3rane 1 jmbo nedopmupyeMblil Ha
stanax 2-4) ¢ nopmasmsanueii LayerNorm mepej; BHIMaHueM;
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e nByxcioitabiit MLP co ckpbITBIM pacmmpenueM B 4 pa3a U aKTHBa-
muett GELU, rakxke npensapsiembrit LayerNorm.
Ha sranax 2-4 mpocTpaHCTBEHHOE pa3pelleHre CHIYKAETCS BIIBOE, a IHCIIO0
KAHAJIOB y/IBauBaeTCsl cjaoeM patch merging (yuHeitHOE 00beMHEHNE
COCEeTHNX TOKEHOB 2X 2 ¢ mocsemyromum LayerNorm).

Lepopmupyemoe snumarue. Ha sramax 2-4 Kazkaplii 3aIIpoc CeMILTAPYET

npusHakd B K = 4 o0ydaeMbIX TO3UNUSIX Ha KaxkoM 3 L = 4 macrra-
60B nupaMu/Ibl (MyJIBTUMACIITAOHBI pexkuM, Kak B [5]); cMerneHus
MO3UINN U CKAJsIPHbIC BeCa YPOBHEN IMTPEICKA3BIBAIOTCS JTUHEHHBIM
IIPOEKTOPOM M3 3aI1poca. UucjIo rojioB BHUMaHUS B J1ehopMUpyeMbIX
610Kax PUKCUPOBAHO U PABHO 8 IpU pa3Mepe IOJIOBhI 32 M3MEpPEHUsI.
CMelneHnst MHUIMAIN3UPYIOTCS BOJIM3K HYJIs, TaK YTO B HavYaJje 00yJIeHust
JnedopMupyeMoe BHUMAHNE BBIPOKIAETCS B JIOKAJIHHOE OKPECTHOCTHOE, a
3aTeM IIOCTEIIEHHO PACXOJUTCS K reoMerpuu 0obekTa. OKOHHBIN 6JI0K
sTara 1 UCIOJIb3yeT CTaHAAPTHYIO IJIs SWin KOH(UIYPaIHo ¢ Pa3sMepoM
OKHa 7X7 1 YepeOBaHNEM OOBITHOTO W CABUHYTOIO OKOHHOTO BHUMAHUS.

Hletixa u 0bBexmHbLE 3ANPOCH,. BBIXOIBI YETHIPEX ITAIIOB BHIPABHUBAIOT-

sl 110 YUCJTy KaHaJIoB Ji0 obuieil pasmeproctu C' = 256 cBéprkamu 1x1 ¢
rpyumoBoit Hopmasmsanueit GroupNorm u nojarmrcs B TpaHchOpMepHbIi
nexonep. Jexoep comep:kut 6 CJI0EB; KayK/IbIi CJI0fl COCTOUT U3 CAMO-
BHUMAaHUS O0BEKTHBIX 3aIlIPOCOB, 1eOPMUPYEMOr0 IIEPEKPECTHOIO
BHUMAHUs K MHOTOYPOBHEBBIM Ipu3HakaM sukoaepa u FFN. Mcnonb3yer-
¢t N = 300 oby4qaeMbIX 3aIIPOCOB, KaXKIbIil M3 KOTOPBIX IIPEICTABIEH
mapoit content query u positional query; TOCIETHUN WHUITHATASAPYETCST
U3 OMOPHOM TOYKH 3aIIPOCa U yTOUHSIET T€OMETPUIECKOe TTOJIOKEHNE
00beKTa M0 X0y JeKoanpoBaHusi. [IoBepx BhIXO1a JIEKO/Iepa JJIs map
«OrpazKJeHne-TeHb» MPUMEHSIETCS MOJYIb IIePEKPECTHOIO BHIMAHMST
€ PEOMETPHUYECKUM IPUOPOM (paszest 2.4), CBA3BIBAIONIUN 3aIIPOCHI
OrpazkKJICHUR C KJI0YaMU COOTBETCTBYIOIIUX TEHEi.

Tonrosku npedckaszarus. Bee ToJIOBKE pean30BaHbl KAK TPEXCIOHHBIE

MLP co ckpsrtoit pazmeprocTbio 256 n akrtusanueii ReLU. Qunanbabie
JIMHEHBIE CJIOW HACTPAUBAIOTCS OTIEJIBHO O] KAXKIyI0 3a1ady.

TonoBka knaccudukanuu ucnoas3yer Gokaabayo morepio [31]. Eé
CMelleHne HHANHAIN3UpyeTcs 3HadenneM — In((1 — «)/7) npu m = 0,01,
9TO KOMIIEHCHPYET AUCOAIaHC MEXKIy (POHOM U OOHEKTAMMI.

Tonoeka perpeccun OBB mpesckasbiBaet neHTp (2, y), pasmeps! (w, h)
u yroa 6. Yros napamerpusyercs napoii (sin 6, cos 6) u BoccraHaB/IMBaeTCs
gepe3 atan2. DTo ycTpaHsieT pa3pblB Ha TPAHUIE 7T U COOTBETCTBYET
dopmary b = (z,y,w, h,0).

TlooBka TuMOIOrNN TIPEICTABISIET COOON JTMHEHHBIN CI0N Ha IeThIpe
kiacca. Obyduenne BeJETCs ¢ IEPEKPECTHON SHTpOIHEN.

TostoBKa T10J102KEHNsI COJTHIIA HOCUT BCIIOMOTaTe bHbINH xapakTrep. OHa
perpeccupyer a3uMyT Yepe3 CHHYC-KOCHHYCHYIO Iapy, a BBICOTY (v 9epe3
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o(-) - m/2, aro rapantupyer « € (0,7/2]. T'osoBka obyuaercs 1mo MeTa-
JIAaHHBIM KakK 3aja4a camoobydenusi. OHa He MOJMEeHsIeT TeOMEeTPUIeCKUil
MIPUODP Psun, Osun B POPMYJIAX MOJIEIIH.

Monynb pasgesbHbIX moJieit cMernenust (pasaen 2.3) peajan3oBan
KaK JIBa MMapaJjijIebHBIX JUHEHHBIX MpoeKTopa. Kaxkaprit Bormaét 2L K
cmentenuit 1 LK Becos BHUMaHUsI Jy1st cBoero Kiacca ¢ € {fence, shadow}.

Pezyaapusdayua u unuyuasudayus. s npegorspaiinenus nepeobydeHust
BO Bcex Ostokax BamManus u MLP ucnosnssyercsa dropout ¢ BepoaTHOCTBIO
oropaceiBanus 0,1. B 6/1okax sHKO/Iepa JOTOJTHUTETHHO TPUMEHSIETCST
croxacrudeckas riayouna (drop path): BepOATHOCTH IPOILyCKa GJIOKA
JmHeitHO Bo3pacTaeT oT 0 Ha mepBoM 3Talle 70 0,2 Ha YeTBEPTOM.

Nuunmanusarnust BECOB JIMHEWHBIX CJIOEB BBITIOJIHSIETCS IO CXeMe
Xavier [32], a aGCOMIOTHBIE O3UIMOHHBIE KOJMPOBKYH NHUIMAINZHPYOTCSI
YCEUEHHBIM HOPMAJILHBIM pacipejieienneM. Takas KOMOMHAIMST PETyJ/IspU-
3AIMOHHBIX W MHUINAIU3AIMOHHBIX CTPATErHi 00eceInBaeT cTabmibHOe
obyueHre IByX HE3aBUCHMBIX TIOJIell CMEIEHNs, TPEIOTBPAINAs KOJLIAIIC
OJTHOTO M3 HUX HA HAYAJBHBIX JII0XAX.

2.3. MexaHu3sm pa3sgenbHbiX NOAEN CMeLeHUs

B cramgaptaom Deformable DETR mis kaxkmoro 3ampoca, ¢; TpeacKa3biBa-
eTcs cMmerenue Agj:

Aij =S5 th(Woffset qi + boffset)7 Aij S RQ'
B AST cmemienue 3aBucut ot kiacca ¢ € {fence, shadow}:
ASJC) = Sc- th(WCEf?f)sct ¢ + bggsot)’
L€ Stence = 0,05 (orpaxkyenus 1epOpMUPYIOTCS IIABHO), Sshadow = 0,35 (TeHn
MOTYT UMETh PE3KHe M3JIOMbI Ha mepernaaax peabeda). Macmrabbl BHIGpaHbI
SMITUPUIECKN Ha OCHOBE AHAJIM3a BAPHATUBHOCTH (POPMBI OOBEKTOB B JIATACETE.

JledopMuposanHast O3UNUST JJIs KJIKOYa/3HAYEHNUS] UMEET CJIEIYIOIUA BUI:

def,c c

2.4. MexaHn3mM nepekpECTHOro BHUMAHUSI C rEOMETPUHECKUM
npnopom

MexaHu3M II€PEeKPECTHONO BHUMAHKS PeIlaeT 3a1a9y COIIOCTABJICHUS: IJIs
KaXKJI0ro OOHAPYKEHHOI'O OI'ParkKJIEHUsI OH OIIPEEsIsieT, KaKas U3 TeHell Ha
CHUMKE eMy NpuHaie2KUT. CTelleHb COOTBETCTBUS IIaphl «OI'PaXKIeHUE-TEHb>
BBIPaXKaeTCst BeCOM BHUMaHust. Ha 3T0T Bec, IIOMUMO CXOZCTBa IPU3HAKOB, BJIH-
SIFOT TPHU YHCJIOBBIE XaPAKTEPUCTUKHU CIEHBI: THUIT OTPAYKJICHUS T, a3UMYT Psun
U BBICOTA, COJTHITA Qlgyun. VIX CMBICT U (busutdeckoe 0OOCHOBaHUE ITPUBEIEHBI
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B pazzeste 2.1. Bec BHUMaHUs BBIMUCIIETCI KaK:

fence | kshadow
J

4q;

——

Cross
ij

+PE (p;hadow _ pfence)

= Softmax; i

(1)
+PEaz (@sun) + PEel(asun) + PET(Tfence) )

rae Softmax mpuMeHsieTcs 0 UHIEKCY j s KaXKI0TO (DUKCHUPOBAHHOTO 1.

ITozurnmmonnoe KoAUpOBaHME a3WMYyTa U BBICOTHI COJIHITA MCIIOJIb3YET
CHHYCOUJAJILHOE IIPEJICTABIEHNE:

PE.,(¢) = [sin(2"¢), cos(2"0)] [, K =4,
PEe(a) = [sin(2*a), cos(2koz)]f:_01, K =4.

AzuMyT gy, ONpEsesieT OXKUIAEMOE HANPABAEHUE TEHU OTHOCUTETHHO
OrpPaxKJIEHUsl, & BBICOTA (lgyy — OXKUJaeMyt0 dauny TeHn. COBMECTHOE HCIIOJIb30-
BaHUE 0DOOUX YIJIOB TIO3BOJISIET MOJEIN KOPPEKTHO CBSI3BIBATH OIPAXKIEHUS C MX
TEHSIMU TIPU PA3JINIHBIX YCIOBUSIX OCBEIEHUS.

2.5. ®opmart BbIXOAHBLIX AAHHbIX

Mogenbs AST upejsckasbiBaeT Jjisl KazKI0r0 00OHAPYKEHHOI'O 00'bEKTa
OpHEeHTHPOBaHHYIO orpannuuBaollyio pamxky OBB (Oriented bounding box)—
HOBEPHYTLII IIPSIMOYTOJILHUK, TOYHO IOBTOPSIONIAI OpUEHTAIIUIO 3a00pa 1II
€ro TeHMH:

b = (z, y, w, h, 0),
rye (x,y) — KOODJUHATHI IEHTPa PAMKH, W — IMUPHUHA, 1 — BBICOTA, 6 — yTOJ
nosopora. s KazK10ro 06beKTa JIOM0JIHATEILHO IIPeJCKa3bIBAIOTCA KJIACC,
TUI OIPasKJCHHUS T U ONEHKA YBEPEHHOCTH.

2.6. NndepeHc n rpynnuposka ¢parmMeHTOB TeHEN

Tlorepst cBsizHOCTH DpPArMeHTOB Leon, HUCIOJIB3yeTCs HE TOJHBKO Ha
Irame o0yvueHns, HO W Ha dTame mHdepeHca. B mporecce obyueHus 1jist map
dparmMeHTOB TeHel (hOPMUPYETCsT BCIIOMOTaTe/IbHAS 3a/a4a KIaCCU(DUKAIAN:
MIPUHAJJIEYKAT JIM ABa (PPArMeHTa OIHONW W TOH 2Ke TEeHH, PA30PBAHHON
peﬂbe(bOl\/I, PaCTUTEJIbHOCTBIO UJIN JIOKAJIbHBIMU ITE€PEKPBITUAMMU.

Ha srame nndepenca Momessb cHadaIa IPeICKA3bIBAET MHOXKECTBO JIETEKITHT
kitaccoB fence u shadow. [lj1st Kaxk10#1 TEeHN JOMOTHUTEIBHO (DOPMUPYETCS
BEKTOD IIPU3HAKOB, UCIOJIb3YEeMbI BCIIOMOIaTEJbHONH I'OJIOBKOU CBA3HOCTU.
st mapbl TeHEBBIX (DPATMEHTOB ¢ U j BEPOSTHOCTb WX MPUHAJIEKHOCTU

O,ZLHOfI TEHU BBIYHCJIACTCA KaK:

N shadow, shadow. , shadow shadow , shadow . shadow
pij =0 (MLP([(L’ 5 45 y D i ;A7 ; Aj ])) )
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e qfhadow u q?hadowf MMPU3HAKU COOTBETCTBYIOMHNX OOBLEKTHBLIX 3aIpO-

coB, pihadow p?hadowf HeHTphl npejickazannbx OBB, a Aghadow, A;hadowf

COOTBETCTBYIOIINE TIOJIST CMEIIEHUS.

Hamee crpoutcst rpad cesasnoctu G = (V) E), rae sepumsbl V — ae-
TEKTUPOBAHHBbIE (DpArMEHTHI TeHeil, a pEdbpa MPOBOIITCI TOJLKO MEXK Ty
mapaMu (ppParMeHTOB, PACCTOSHUE MEXKIY IEHTPAMHU KOTOPBIX HE MPEBBINIAET
JIOTIIYCTAMOTO Paamyca Rpax. PEOpa ¢ pP;j < Teonn ynansarorca. CBa3HEBIE
KOMITOHEHTHI I'pacha HHTEPIPETUPYIOTCS KaK OTje/bHbIE TeHu. B peasmzarun
10 YMOJTIAHUIO UCTOIB3YIOTCI Teonn = 0,5 U Ripax = 3,5 M, iepeBeiéHHbBIE
B nukcesn ¢ yaérom GSD.

Suauenne R, ., 000CHOBAHO (PU3NIECCKUME OIMPAHUYCHUSIMU CIIEHDBI: TIPU
MaKCHUMAaJILHON BbICOTE 3a00pa h &~ 2,5 M U MUHUMAJILHON BBICOTE COJIHIIA
Qsun = 35° (THIIUIHOE OrpaHWveHue MJIsl a3POCHEMKH, ITOOBI N36EKATH
YpPE3MEepHO JIJIMHHBIX TeHel, IIePEKPBIBAIOIINX COCEIHNE YIACTKY), MAKCHMAJIb-
Hasl TeopeTH4ecKas JIIMHA TeHHu cocrasiser 2,5/ tan(35°) ~ 3,57 m. Takum
06pazoM, Ry .x OXBATHIBAET BCe (PUIMIECKH BO3MOXKHBIE PA3PBIBLI TEHU JIJIsI
3aJlaHHOIO Jnalia3oHa cbeéMKH. st cHuMkoB ¢ uabIM GSD mim B apyroe
BpeMsl CYTOK Rp,.x ABTOMATHIECKH MAaCIITAOUPYeTCsT MPOMTOPIINOHAIBHO JIJTHHE
OIIOPHOI TEHHU.

Takasi mpore/lypa I103BoJISIET COXPAaHUTh IIpeuMyIiecTBa end-to-end
JIETEKITNN U OJTHOBPEMEHHO 00€CTIeUnTh MPYIIIIUPOBKY PA30PBAHHBIX (DPATMEHTOB.
Ecan dparmenTsr ogHoit TEHN IMEIOT 3HATUTEIbHBIN (DU3UIeCKnil pa3phiB,
BBI3BAHHBIN peThbepoM MM KPOHOM JAepeBa, MOIENb He O0beIUHAET UX B OIHY
HEIIPEPBIBHYIO PAMKY, & IIPUCBAUBAET UM €IUHBINA UICHTU(MOUKATOD I'PYIIIIbI
shadow_group_id. IIpu HeoOXoMMMOCTH ITOCIEAYIONIEN BEKTOPU3AIUN MOXKET
OBITH BBITIOTHEHA ATMTPOKCUMAIIHS TPYIIILI €INHON JTOMAHON WM MUHAMAJIbLHBIM
OPHUEHTHUPOBAHHBIM MPIMOYTOJIHHIKOM.

3. ®PyHKkuyua nortepb
WNrorosas dyHKIuM 1OTEPh NPEICTABISIET COOOI B3BEIIEHHYIO CyMMY
quLIpéX KOMIIOHEHTOB:
£total = Edct + >\1 ﬁdcf + AQ Accross + )\3 ﬁconnv

e A\ = 0,1, Ao = 0,5, A3 = 0,3. Koacdbdurmenrsr mogdnpanch ¢ mOMOIIbIO
cerounoro nowncka ¢ maroM 0,1 gasg Ay u 0,05 gasa Ao, A3 Ha BaIuIAIMOHHOMN
Boibopke (10% mannbix). OnTUMasbHbIE 3HAYEHUS COOTBETCTBYIOT HAUILY IIIEMY
mAP na Bajmmanuu.

3.1. JerekuunoHHas norteps

Z];eTeKLLI/IOHHaH norepsd O6'beﬂI/IHHeT TPpU KOMIIOHEHTA:
ﬁdet = ['cls + ﬁbox + Egiouv
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rae Les — dokanbaas noreps [31] mis kiuaccudukaimu, Loy — L1-noreps st
perpeccnu mapameTpoB OBB, Lyio, — 0606ménnas IoU-noTeps, BerancieHHas
st opuenTrpoBaHHbIX paMok R-GIoU (Rotated GIoU) [33]. B omiintme
or craggapraoro ropusontajbHoro GloU, R-GloU Bberamcisier miomaib
[epeceYeHns OBEPHYTHIX IPAMOYIOJbHUKOB, YTO KOPPEKTHO JJIst JIMHEHHBIX
00EKTOB TPOU3BOJILHOI OPUEHTAIIHH.

3.2. Perynspusauus noneii cMelieHns

[TockosibKy OrpazKkJeHust M TeHW UMEIOT PA3JIMIHYI0 IPUPOAY IedopmMaruii,
B paboTe UCIIOIB3YIOTCS Pa3AUYHBbIE KOIMDMUIMEHTHI PETYJIsTPIU3aIluN:

1 N
(2) ACdef — N Z (Mfence HvAfence(pi) Hi’ + HMshadow HVAshadow(pi) Hi’)’
i=1

e fifence = 1,0 U fishadow = 0,2. Bosiee ciabwiit ko3 dunmenT st Aghadow
[I03BOJISIET ITOJII0 CMEIEHUs] TeHH COXPaHsTh PE3KUE W3JI0MbI Ha I'PAHUIAX
MIEepenaioB peabeda, Toraa Kak IMOoJe OrParKIeHNsT OCTAGTCs IIaBHBIM. Takoe
pa3ie/ieHre yCTPaHsieT IPOTUBOPeYre MeXK/ 1y TPeOOBAHNEM ILIABHOCTHU JIJIst
3a0b0pa U JIOIMYCTUMOCTBIO PA3PBIBOB JIJIsl TEHHU.

3.3. lNoTeps cornacoBaHHOCTU KOrpa>kAeHne-TeHb»

HOTepH COIJIACOBAHHOCTH ODECIEeYNBACT reOMEeTPUIECKYIO CBA3b MEXKJ1y
COIIOCTAaBJIECHHBIMHU ITapaMM:

Ecross _ Z H(p;‘_hadow o pgence) _ dproj HQ,
(1,7)EP
rae P — MHOXKECTBO COIIOCTABJICHHBLIX AP «OTPaXK/JIeHUE-TeHb», & dproj —
OZKHIJIa€MBblil BEKTOD CMEICHUA TE€HU, BBIYUCJICHHBIN 110 T€OMETPUIECKON
MOJIEJIH.

Jlytst T10CKOTO pelibedda BEKTOP CMEIEHNsT TEHU OIPEeesIseTCsi BBICOTOM
OTrPaXKIEHUS Nfepce, BBICOTON COJIHIIA Qigyny W A3UMYTOM (Dgup:

(3) dproj _ Pfence |:Sin <p81ln:| )
tan Ogun | COS Psun

31ech MHOKUTEND Rfence/ tan agyy onpegenser dauny TeHn (deM HuKe
COJTHIIE, TeM JJTHHHEee TeHb), a eJMHIIHBIT BEKTOp |— sin ¢, —cos ]| 3amaéT
HaNpasAeHue, TPOTHBOIIOJIOKHOE a3UMYTy COJIHIIA.

Adanmauus x caoocnomy peavedy. Ha mepecey€HHON MECTHOCTH peaJibHast
[IPOEKITUsT TEHN OTKJIOHSETCS OT TEOPETUIECKOM, YTO MOIJIO ObI IPUBECTH
K HekoppekTHOMy mrpadoanu mouenu (conflicting gradients). s
peleHust 370 IpoBaeMbl BBOJUTCS aJAlITUBHBIN BECOBON KOIMMUIUEHT Wreljef,
3ABUCSINUI OT JIOKAJIHHOTO YKJIOHA TIOBEPXHOCTHU, U MOJUMDHUIUPYETCS [TOTEPSsT
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COIJIaCOBaAHHOCTH:

(4) Loross = Z wrelief(pgence) i ’|(p;hadow _ pgence) B dproj H2
(i,7)EP

Bec wrelier € [0, 1] BBIYUCJISIETCS HA OCHOBE JIOKAJIbHOTO I'PAINEHTa BHICOT
(mocTyunoro ma srane obydenus u3 cunrerndeckoiit DEM wim anunpokcu-
MHDPYEMOI'0 10 TEKCTypaM Ha PeasIbHbIX JaHHBIX). Ha poBHBIX yuyacTKax
Wrelief — 1, ObecrievunBasi XKECTKYIO T€OMETPUIECKYIO TTPUBS3KY. B 30Hax
CHJIBHOI'O IIEPEIajia BhICOT (CKJIOHBI, OBPAIH) Wrelief — 0, MMO3BOJIsIs MOJEIN
OIMPaThCA Ha BU3yaJbHbIE TPU3HAKN W TMOTEPIO CBAZHOCTU Lconn, KOTOPAS
CIIeIaJIbHO TIpe/IHAa3HaueHa Jjisi paboThl ¢ PA30PBAHHBIMU TEHSMHU Ha CJIOXKHOM
pesbede.

Dopmyita (3) crpaseyiBa u i OpTOTPAHCHOPMUPOBAHHBIX U300pAXKeHU
(HagupHas CbEMKa, IIOCTOAHHBIH MaciiTad). [ljisi HAKJIIOHHBIX CHUMKOB €6
HEOOX0IMMO 000OIIUTE C YIETOM IOMOIPa(QUN, CBA3BIBAIOIIEH IIJIOCKOCTh 3EMJII
C IJTOCKOCTBIO M300parKeHusl.

Broicora orpaxaenust hfonce OIEHUBAETCS IO MIU(PPOBOI MOIEIN TTOBEPX-
uHoctu (IIMP), mosryuaemoii u3 crepeonapsl WK JUJIAPHBIX JAHHBIX. [Ipn
orcyrcreun [IMP ucnosib3yercst cpefiHee 3HaUEHUE sl JAHHOIO THIIA OTPaXK-
IOeHus: Rennom = 1,8 M (cmtommoe orpazkaenue), hpems: = 1,5 M (pemréTaaroe
orpaxjenue), Aymax = 1,2 M (1mrakerHoe orpaxKiaeHue), hxoms = 1,6 M
(KOMOUHUPOBAHHOE OTPAYK/IEHHE).

OTae/abHOro BHUMAaHUS TPeOyeT COrVIACOBAHUE CUCTEM KOODAMHAT. A3nMyT
COJTHIIA Pgyy 38JAETCSI OTHOCUTEHHO TeorpaddUIecKoro ceBepa, TOTIa Kak
dopmyia (3) ucmonbsyer opuentanuo nzobpaxkerus: (X —Bupaso, Y — BHE3).
CooTBeTcTBHE JOCTUTAETCS 33 CYET yUuéTa yaw-yria Taiijia, n3BJIeKaeMOro us3
EXIF-meramanasix, 970 00€CIeInBAET KOPPEKTHBIM [TEPECIET HAIPABICHUS
TEHHM B IUKCEJIbHBIX KOOD/IMHATAX.

3.4. Motveps cBsA3BHOCTW (bparmMeHTOB TeHel

[Torepst cBsizHOCTH 06y YaeT MOJIE/Ib BOCIPUHUMATH PA30PBAHHbBIE PEJIbedhOM
(dparMeHTsl KaK eIUuHBI 00bEKT:

Leonn = — Z [yij log pij + (1 — yi;) log(1 — pij)],
(i,9)eF
rae JF — MHOXKecTBO Hap pparMeHToB TeHel, y;; = 1, ecau bparMenTsl ¢
U j {ABJISIIOTCS YaCTSAMHU OJIHOW TEHH, Pa30pBAaHHOU pesibedoM, u y;; = 0
B MPOTUBHOM cJiydae. [lapsl F (hOpPMUPYIOTCs Ha ITale pa3MeTKU: AaHHOTATOPBI
moMevaioT (bparMeHThl, TPUHAJIEXKAIIME OJIHONW TEHU, eINHBIM HJIeHTH(hUKA-
TopoM shadow_group_id. Ha sTare oOy4enus njs KaxkJ10ro n300parkKeHus
cIy9gaitHbIM 0Opa30oM BbiOUpaeTcs: 710 32 map pparMeHToB cOATAHCUPOBAHHO
(50% momozkurenbHbIx, 50% orpunaTesnbHbIX). Bemmuna p;; — npenckasaHHas
MOJIEJIBIO BEPOSTHOCTH TOTO, 9TO (DPATMEHTHI § U j IPUHAJIE’KAT OJ[HON TEHH.
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4. DkcnepuMeHTaNbHble pPe3ybTaTbl
4.1. Oaracetbl u npoueaypa obyveHus

O6yuenne u BaJMIays IPOBOIMIACH HA KOMOUHALMK JAHHBIX:

CoGerennsiit maracer FSAD (Fence € Shadow Aerial Dataset), conepxa-
it 650 a3podOTOCHUMKOB KOTTE/I?KHO 3aCTPONKN ¢ PYYIHON pa3MeTKOi
orpaxkenuii u ux reneit. zo6paxenus nosydenst ¢ BIIJIA (paspermernue
5280x 3956, BricoTa mosiéta 80—120 M, KaMepa OpUEHTHPOBAHA CTPOTO B
Hayup) B 2023-2025 1. B yeThIpéx pernonax Poccun (Mockosekast,
Kanyxkckast, Tynbckas u Teepckas obsactu) u oprorpancdopMupoBa-
ol B Agisoft Metashape no ganusim RTK-GPS u onopubiM ToukaMm,
97O 0DECIIEYMBAECT MTOCTOSHCTBO MAacIITaba U OTCYTCTBUE IEPCIICK-
TUBHBIX MCKaXKeHUil; cpe/iHee pocTpaHcTBeHHOe paspemenue (GSD)
cocrasiisier 2,1-2,8 cMm/nukc. Pasmerka poinonnsiiace B Supervisely ™
TpeMsl aHHOTATOPaMH C mocjeyrommeit Bepudukarmeit. J1ist kaxkoro
o0beKTa yKasblBaJIuCh: opueHTuposanHast pamka (OBB), kitace (orpax-
JleHne /TeHb ), nueHTnduKarop rpynnsl Tean (shadow_group_id), tum
orpaxenusi. Merajanubie cbéMru (nara, spems, GPS-koopaunarer)
COXPAHSJIACH JJIsl TTOCTIEJYIONIEr0 BBIUNCJICHUS TOJIOKEHUS COJTHIA.
CocraB maraceTa NpUBEJIEH B TabHAIE 3.

Tasmuia 3. Cocras naracera FSAD

Tun orpa>kaeHuns ‘ N3ob6parkeuunii ‘ O6GbexkTOB ‘ ITap

Cuonrnoe 220 440 380
Peméryaroe 180 320 280
ITIrakerHoe 150 300 250

KoMmb6unupoBannoe 100 180 150
Bcero 650 | 1240 | 1060

2000 n300paKkeHnit CUHTETUIECKUX JAHHBIX, CreHepupOBaHHLIX B Unreal
Engine 5" ¢ ucrionb3osanneM oTkpbitoro miaruna Colosseum™ (copx
apxusuposanHoro AirSim). MojesnpoBaJuch deThipe TUIa OrpasKeHNiH,
penbed ¢ yraamu nakiaona 0-30°, asumyT comnna 30-150°, BeIicoTa
comana 20-60°. Bupryanbnas kamMepa OpHEHTHPOBAHA CTPOTO B HAJUD, &
paspelrenne peHaepuHra moaobpano Tak, 4roosl GSD coorBercTBOBA
peasbHBIM cHEMKaM (2,1-2,8 cm/muke). D1o obecreunBaeT coriacoBaH-
HOCTh N€OMETPHHU TeHel MEXKJIy CHHTeTHIEeCKUMHU JAHHBIMU U (POPMYJIOit
upoekiuu (3), ucronabzyemoii B Leross-

st KarXk 1010 Kaipa COXpPaHsLINCh TOYHBIE 3HAYEHUS Ysun, (sun 1
Kapra BbICOT. J[Jist MUHMMM3anMu pa3pbiBa pacupeseseruii (domain gap)


https://supervisely.com
https://www.unrealengine.com/unreal-engine-5
https://www.unrealengine.com/unreal-engine-5
https://codexlabsllc.github.io/Colosseum/
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MEXK/Iy CUHTETUYECKUMH U PEeaJIbHBIMU JAHHBIMU OBLI NCIIOJIb30BAH
KOMILJIEKC MeD TOHAJIBHOW U CTUJIUCTUYECKON amanTtanuu. B gacTHO-
CTHU, JJIsi CHHTETHIECKUX M300pakeHnil BBIIOJIHSIIACH THCTOIPAMMHAST
sxpasm3anus (histogram matching) 1Jist coraacoBaHusi TI06AIBHOTO
pacIpeiesieHns SPKOCTH U KOHTPACTA C PEATbHBIMEI OPTOMOTOCHIMKAMHI
FSAD. JIonomHUTEIHEHO UCIIOIB30BAJICS CIIyYAHbBINA 1BETOBON CJIBUT
(color jittering) m mobasnerne armocdeproit apivku (haze simulation)
B pengep-naitiuraitne Unreal Engine 5, wro nmurupyer ontuyeckue
MCKaXKEHNs PEaJIbHONM KaMephl U CIVIa>KHUBAaET HEECTECTBEHHO PE3KHE
IPAHUIBI CHHTETUYECKUX TEHEN.

Ha pucynke 2 nmpencraBiieHO BU3yaJbHOE CDaBHEHNE CHHTETHIECKOTO
uzobpazkenust 710 (PUCYHOK 2a) U Tocse (PUCYHOK 26 ) IpUMEHEHUsI
KOMILJIEKCA aJIallTalluu ¢ peajbHbIM oprodorocauMkoM FSAD (pucy-
HoK 26). Bce nzobpazkenus npuBejieHbl HOcje oproTpancdopMamun

.

N

(a) ICXOIHBIN peHED CIEHbI (6) Ta Ke ClleHa II0CjIe TPUMEeHEHU
B Unreal Engine 5 ® IUCTOrPAMMHON SKBAJIU3AINH,
® [[BETOBOI'O C/ABUTa U
® CUMYJISIIIIH aTMOCHEPHON IBIMKA

(8) peasibHBIN OPTOPOTOCHUMOK W3
naracera FSAD

PucyHOK 2. BusyasbHast OIleHKa MUHUMHU3AINUU Pa3PbIBa PacIpe-
nenenuii (domain gap)

(Ha,ZLI/IpHa.SI I‘eOMeTpI/IH). FHCTOI‘paMMHaH AKBaJIN3allusA U CUMYJIATA
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JBIMKU CIVIA’KUBAIOT HEECTECTBEHHYIO PE3KOCTh CHHTETHYECKUX TeHell u
BBIPABHUBAIOT IVIODAJLHOE pPaclpejiesieHue APKOCTU (PUCYHOK 3), 9TO

m—— CUHTETUKA Ao agantaumn
Mocne apanTauun
— == PearnbHble aaHHble FSAD

YacroTa

0 64 1é8 192 255
ApkocTb
PucvHOK 3. PacupeseneHus: sspKOCTH CHHTETHYECKUX JAHHBIX JI0
U I0CJIe 3JIANTAIMU B CDABHEHUN C PeaJbHBIMUA JaHHbIMA FSAD
(mumocTpanusa K puCyHKy 2)

noaTBepK1aeT 3PPEKTUBHOCTH BLIOPAHHON CTPATErNY MUHUMHU3AITAN
pa3pbiBa pacupeaeaeHui.
3) Ciyutuo Village Dataset [1]— 65 uzobparkenuil Jyisi KpOCC-BAIMIAIMH.

Iaracer paszenén Ha obyuaronryo (80%), samumanmonnyio (10%) u
tectoByio (10%) BEIGOPKY CTPATUGHUIMPOBAHHO 110 THITY OTPAYKIEHUS U PETHOHY.
O6y4enne TPOBOUIIOCH B JIBE CTaIMN: IIPEJOOYIeHNe HA CHHTETUIECKUX
JaHHBIX (30 310X), JOHACTPOKaA Ha peastbHbIX JaHHBX (90 31mox). OnTrMusaTop
AdamW, mauanbHas ckopocTh obydenus 1 = 10~% ¢ kocunycHbIM 3aTyXanueMm,
pasmep Garya 8, paspelieHne BXOAHbIX n300paxkeruii 1024x1024. O6y4uenue
Boinostasnocs Ha 2XNVIDIA A100 (80 I'B), obree Bpemsi— okoso 8 4acos.
Bee pesynbraThl IPUBEJIEHBI KaK CPeJIHEe IO TPEM HE3ABUCHMBIM 3aITyCKaM
C Pa3IMYHBLIMA HAYAJLHLIMA MTPUOTMKCHUSIMI.

Jljist KOHTpOJIsI TepPeodyYeHHsT Ha MAJIONH PeaJIbHON BBIOOPKE IIPUMEHSIJIICH
caepyrompe Mepbl. Hucso smnox Ha obenx craausax dpurcuposaso (30 u
90). Panngas ocranoska (early stopping) He UCHOJb30BAJIACH, [TOCKOJIbKY
KOCHHYCHOE 3aTyXaHUEe CKOPOCTH OOyYEHUs B COYETAHUN C PEryJispu3arueit
(dropout u croxacTudeckasi rryOuHa, pasjes 2), a Tak¥Ke Perysspu3alust
BecoB weight decay = 0,01 B AdamW obecnieunBajim MOHOTOHHBII POCT
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mAP@Q.5 Ha BaymmIaIu BILIOTH JIO MTOCJEHEN 110X 63 PACXOXKIeHUsI
KpuBbIX 00y4enus u Baugaiuu (pucynok 5). B nepsoie 500 urepanuii Kaxaoit
CTa/(MA MIPUMEHsLICs JIMHeHbIH porpes (warmup) ckopoctu obydenus: ot 0 10
7. st TeCTUpOBaHUS HA KarXKJIOM U3 TPEX 3aIyCKOB COXPAHSIICS YEKIIOWHT
¢ HamrydmuM mAPQOQ.5 Ha BamaamoHHON BhIOOpKe. VIMeHHO 3T Beca
HCITOJIb30BAHBI BO BCeX Tabsuax pasmena 4.

AyrMenTanust orpanudeHa (pOTOMETPUIECKUMH MTPeo6pa3OBaHUSIMU
(SIpKOCTH, KOHTPACT, IIBETOBOM MIyM, PA3MBITHE) U TEOMETPHIECKUMHA TIPeobpa-
30BaHUSIMHU, COXPAHSIONIAMU HAIUPHYIO IIPOEKIINIO: TOBOPOTAMH, KPATHBIMUA
90°, u orpakenusimu. 1Ipu KaXK10M TaKOM [IOBOPOTE/OTPAKEHUU 3HAYCHUE
A3UMyTa COJTHIA Pgun KOPPEKTUPYETCS aHAJATHIECKH, ITOOBI T€OMETPUIECKHUIT
npuop B (1) n (3) ocraBasncsa BepabIM. [lepCIEKTUBHBIE U TPOU3BOJILHBIE
addUHABIE NCKAYKEHUs HE TIPUMEHSTIOTCST, TOCKOJIBKY OHEM HAPYIIAIOT TIOCKYIO
reOMETPUIO TEHH, JIEJKAIILYI0 B OCHOBE MOTEPH Leposs-

ITpu ucnosb3oBanuu cirydaiiHbx 06pe3ok (random crop), KOTOPbIe MOTYT
pPa3opBaTh IMapy «OrpazkeHNe-TeHb», IIPUMEHSIETCS CTPATErWsl «OCHPOTEBIITIX
00bekTOB» (orphaned objects): eciu OJUH U3 JIEMEHTOB IIAPbHI [IONAJIAET B
KpOII, & JIPYroil HeT, OCTABIIMIACS 00BEKT IPOJOJIKAET YIACTBOBATH B 00y UeHUN
CTAHJAPTHOM JETEKITMOHHON TToTepe L ey, HO KOMIIOHEHTA CBA3BIBAHUS Leross
JJIsl JTAHHOI IMaphl IPUHYAUTEIBHO OOHYJISETCsI. DTO IMO3BOJISIET MOJIEIN
00y4JaThCst JeTeKInn 0ObeKTOB HE3aBUCUMO OT HAJIMYUS UX TEHEl B Kajpe.

4.2. basoBble Mmogenu gns cCpaBHeHUs

st obbekTuBHOMN onenku 3ddexkTuBHOCTH peyioxkentoro meroga AST B
SKCIIEPUMEHTAX MCII0JIb30BAJIACH YE€THIPE MOJIE/IN-KOHKYPEHTA, TIPeJICTAB/ISIOIINE
PA3JIMIHBIE APXUTEKTYPHBIE TTOIXO/BI K JIETEKINA 00 HEKTOB:

» YOLO26 [14]—nocanenusst Bepcust cemeiicta YOLO, obecneunparommast
HaTuBHBIN end-to-end mHdepeHc 6e3 mocTrobpaborku. Buibpana Kak
IIpeJICTaBUTEIb OJTHOITAIIHBIX JIETEKTOPOB, OPUEHTUPOBAHHBIX Ha BBICOKYIO
CKOPOCTH PabOTHI.

« RT-DETR [15] — rparcdopMepHBIii 1eTEKTOp PeaTbHOrO BPEMEHH,
COYETAIONHI MEXaHU3Mbl BHUMAHMS C ONTUMU3AIUIMHI JIJIT OBICTPOrO
nHdepenca.

« Deformable DETR [5] — nerekTop ¢ jedopMUpyeMbIM BHIMAHHEM,
KOTOPBIl CJTy2KUT HEIIOCPEJICTBEHHOM 0a30BOi apXUTEKTYPOil JJIs Mpeiia-
raemoro AST. Ero BeIGOP MO3BOJISIET ONEHUTH BKJIAJL TPEIOKEHHBIX
MO UKATIHI.
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« DINOv2+DETR — koMOuHaIMsI MOIIHOIO CaMOODYYaeMOro SKCTPAKTOPa,
npusHakos DINOv2 (ViT-B/14) [16] u crangapTHON JeTEKIMOHHON
rosiossl DETR [4] ¢ 300 3anpocamu. DINOvV2 cam mo cebe He siBisteTcst
JAETEKTOPOM, IIO3TOMY [IJIsI KOPPEKTHOI'O CpaBHEHUA K HEMY IIpHUCOE/IMHEHA
JIETEKIIMOHHASI ['0JI0BA, AaHAJOTUYHAS UCIOJIb3yeMON B OPUIMHAIBLHOM
DETR. Beca DINOvV2 e 3aMOpakKUBaIUCh; TPOBOJIMIIOCH UX TOJHOE
COBMECTHOE 00ydYeHHe C JIETEeKIIMOHHON TOJIOBOM, OJIHAKO JIJIsI CJIOEB
69K60HA UCIIOJIB30BAIACH CHUYKEHHAS CKOPOCTH 00y4eHus (Nhackbone =
1075), uTO ABIAETCA CTAHJAAPTHOM MPAKTUKOL /T TPEI0TBPATCHIs
KaTacTpOUIECKOro 3a0bIBaHus IPEO0YIEHHBIX BH3YaAIbHBIX [TPU3HAKOB.

Bce nepeunciiennbie Mosiesin 06y deHbl Ha TOM ke garacere FSAD ¢
UJAEHTUIHBIM pas3buenreM Ha 00yYaroNlyio, BAJINIAINOHHYIO U TECTOBYIO
BbIOOpKu. Jlyisi obecriedeHnst 9€CTHONO CpaBHEHUsI YHUMDUIIMPOBAHBI BCE
yCJIOBHsT 00yUeHUsl: pa3peleHne BXOIHbIX n3o0pakenuit (1024x1024), nabop
ayrMEeHTAaInil, ONTUMI3ATOP U KOJMIECTBO 3MO0X. JTO MO3BOJISIET HEITOCPE -
CTBEHHO COIOCTABJISITH PE3YJILTATHI, IOCKOJIBKY BCE PA3IUIHS 00YCIOBICHBI
HCKJIIOYNATEIFHO aPXUTEKTYPHBIMUA OCOOCHHOCTSIMU MOJIEIEH.

4.3. CpaBHeHne TOYHOCTU AeTeKkuun

PesysbraTs! cpaBHeHUs] TOYHOCTH JETEKIUH IIPECTABICHEl B Tabsmie 4.
Suavenus: merpuku mAPQO.5 (ucnosbzosasicst Rotated IoU) Beraunciiens:

TabuuA 4. Cpasuenune Tounoctu gereknuu (mAP@0.5 1 ma
ocuoBe Rotated loU, cpentee + cranmapTHOe OTKJIOHEHHE IO TPEM

3AILyCKaM )
Mopennb Orpa>kaeHus Teun Ha peabede Cpenuee”
POBHOM CJIO>KHOM

YOLO26 [14] 0,795 & 0,008 | 0,652 4 0,011 0,481 & 0,014 0,698
RT-DETR [15] 0,812 + 0,007 | 0,668 £ 0,010 | 0,498 & 0,013 0,714
Deformable DETR [5] 0,821 + 0,006 0,682 + 0,009 0,522 + 0,012 0,727
DINOv2+DETR [16] | 0,834 4 0,006 | 0,698 & 0,009 | 0,543 + 0,011 0,743
AST 0,851 + 0,005 | 0,725 + 0,008 | 0,602 =+ 0,009 0,769

Ipumenanue. Cpennee® B3BELIEHO 110 YUCITY OOBEKTOB B TECTOBON BBIGOPKE: OIDarK/IeHUS —
N1 = 106, Tenn (poublii pesabed)— No = 74, Tenu (cioxubiil peabed)— N3 = 32.

OTJIEJILHO JIJIs OIPaXKJICHUI, TeHell Ha POBHOM pejibede U TeHeH Ha CJIOXKHOM
penbede. s KarxK10# MOie/In IPUBEJIEHBI CPEJIHNE 3HAYEHUS U CTAHIAPT-
HbIE OTKJIOHEHUs 110 TPEM He3aBucuMbIM 3airyckaMm. Crosber; «Cpeaees
COJIEP’KUT B3BEIIEHHOE 110 YUCTTY O0BEKTOB B TECTOBOI BHIOOPKE 3HAUEHUE
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mAPQQ.5, yuurhiBaoliee pa3jInyHoe YUCI0 OObEKTOB B KaXKJIOM CIEHAPUU;
coorBercTBytomue Beca N1, No, N3 nIprUBeseHbl B IPUMEUAHUN K TabJIHIIE.

IIpemioxkennniii Mmeron AST npesocxoguT Bce 6a30BbIE MOJIEJIN 110 BCEM
KareropusiMm. Hanbostee 3HaYnTEIbHOE TPEUMYIIIECTBO JIOCTUTAETCS IIPHU
JIETEKINN TeHel Ha CJIOXKHOM pejbede: abcomoTHbI mpupoct mAPQO.5 Haz
aydrreit 6azosoit Mogesbio (DINOv2+DETR) cocraBisier 5,9 1. (IIpOIEHTHBIX
nyukTa) — 0,602 npotus 0,543, 9ITO COOTBETCTBYET OTHOCUTENBHOMY YLy UIIEHHIO
npumepno Ha 10,9%. s orpaxkaenuit abcomorabiii mpupoct AST man
DINOv2+DETR cocrasinger 1,7 m.m.

Jlnst Gostee JIeTaIHHOTO aHAIN3a OMMHOOK MPU JAETEKITNH TeHeH Ha CI0KHOM
pesbede B Tabsuie 5 MPUBEIEHBI TPU JONOJTHUTEIBHBIX TOKA3ATE IsI: YaCTOTa,
noxubix npouyckoB FNR (False Negative Rate), yacTora JI0XKHBIX cpabaThiBa-
uuit FPR (False Positive Rate) u 71011 pa30pBaHHBIX Ha (BbpArMEHTHI TeHEiH.

TABIMLA 5. AHanu3 ommGOK (TeHU Ha CJIOXKHOM pesibede)

Monesns ‘ FNR | ‘ FPR | ‘ PazpsiBbl |
YOLO26 [14] 0,438 0,132 56%
RT-DETR [15] 0,385 0,108 48%

Deformable DETR |[5] 0,332 0,088 39%
DINOv2+DETR [16] 0,288 0,075 32%
AST 0,175 0,052 8%

Ipumewarue. 3aech U Hajiee —CTPEJIKAMU YKA3aHO HAIIPABJICHHUE YJIyUIIEHHs METPpUKU: T —
JIydiie OoJIblive 3HAYEeHUs, | — JIydllle MEHbIIINEe 3HAYEHUS.

Bce Tpu MeTpuKM MUHUMHU3HUPYIOTCS, TO €CTh YeM HIKe 3HAUEHUE, TEM
JIyHIIIe.

Merpuka «Paspbiei» B Tabyune 5 MOKa3bBaeT 00410 ITAJOHHBIX (ground-
truth) Teneil Ha CJI0KHOM peJibede, KOTOpble MOJIe/Ib OUGOIHO pas3apobuiia
Ha HeckoJbKO HecBsizaHHbIX OBB-pamok. Hamnpuwmep, snadenue 0,56 y
YOLO26 o3nauaer, uro 56% TeHeil ObLIM J1eTEKTUPOBAHBL ¢ PAa3phiBaMU (KaK
HECKOJIBKO OTJIeJIbHBIX 06beKTOB). Hem Guinzke 3nadenue K 0, Tem Jrydiine
MOJIENTb COXPAHSIET TeOMETPIYIECKYIO TeoCTHOCTh Tereit. AST nemoncTpupyer
CYIIECTBEHHOE CHIZKEHNE BCeX TPEX THUIOB omubok. OcobeHHO MOKa3aTeIbHa
JI0JIsl PA30PBAHHbBIX TeHel: Oarogapst norepe cBsa3Hoctu GparMenTos (Leonn)
sToT nokazaresb cauzkeH ¢ 32% y DINOv2-+DETR o 8% y AST. 3nauurensuoe
ymenbmenne FNR (¢ 28,8 10 17,5%) moareep:Kiaer, 9TO MOJEJb PexKe
npoiryckaer oobekTol, a camkenue FPR (¢ 7,5 mo 5,2%) ykasbiBaer na
YMEHBIIIEHUE JIOYKHBIX OOHADY KEHHIA.
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4.4. AGNAUNOHHBIV aHaNu3

JlJtst OIleHKU BKJIaJIa KAaXKJIOrO MIPEIOXKEHHOIO KOMITOHEHTa, ITPOBEJIEH
abJIAMOHHBIN aHau3. Bazosoii yimHueit ciyxkurt Deformable DETR, k
KOTOPOMY IOCJIEJIOBATEHHO H0DABIISIINCH MOIN(DUKAINN, PEATN30BAHHDIE B

AST. PesysnbraTs! npejacraBiens! B Tabdsuie 6.

Tasmua 6. Bxkian komnonenroB (mAP@OQ.5 nst Teneit Ha
CJIOXKHOM peJibede; B CKOOKaX — IIPUPOCT B II.II.)

Koudurypauusa ‘ mAP 1
Deformable DETR (6a3a) 0,522
+ pasgenbuble M0 Afonce, Ashadow 0,548  (+2,6)
+ pasgenbHas perynsapusanus (ffence 7 MUshadow) | 0,556  (+0,8)
+ MOyJIb THUITOJIOTHH OTPaXKIEHUS 0,574  (+1,8)
-+ nmepekpécTHOEe BHHUMAHUE C Psun,; Xsun 0,588 (+1,4)
+ morepsi cBA3HOCTH Lconn 0,602 (+1,4)

Haubosbimumii npupoct naér pasiesnenue nosei paedbopmanuu (+2,6
II.I1.), 9TO MOJATBEPXKIAET UIIOTE3y O Pa3JudHOi npupoje gedbopmarmii
orpaxkjenuil u reneil. Pazmenbnas peryssipusanus (2) JONOJHUTEIHHO
yirydmiaer pesysabrar Ha 0,8 I1.I1., TT03BOJIsIS [OJIF0 TEHU COXPAHSTh PA3PBIBHI
0e3 moTepu IJIABHOCTHU TOJIsI Oorpak ienus. JlobaBeHne MOIY/IsT THIIOJOTUI
Or'paXkJIeHUs M TePEKPECTHOTO BHUMAHUA C YIETOM TOJIOYKEHUS COJTHIIA JAET
mpupoct 1,8 u 1,4 .. coorBercrBerno. [lorepst cBsizHOCTH (DparMeHTOB TeHeit
Lconn 0ObecrieunBaer emé 1,4 1.11., 9T0 0COGEHHO BayKHO JJIs CIIEH CO CJIOZKHBIM

perbedom.

Kak yke ormedasioch, BbICOTA ffence HEIIOCPEICTBEHHO OIIPEIEJISIET
OXKUJIAEMYIO JUIMHY Te€HU B Leoss (M. dopmyny (3)). B cesasu ¢ srum
MIPEICTABIAET HHTEPEC OIEHKA YCTONIMBOCTU MOJEIN K MOTPENTHOCTAM 33, TaHUsT
9TOro mapamerpa. B Xoje TecTUpOBaHUs BBICOTA OTPaXKICHNI BapbUPOBAJIACH
B quanasone +30% OTHOCUTENBHO GA30BBIX 3HAUEHWIH (JJIsI CIJIOITHOTO
3ab0pa, HAIPEMED, PACCMATPUBAINCH Bemuunbl oT 1,26 1o 2,34 m). Corstacuo
TOJTyYeHHBIM JaHHbIM, cHuKeHne mAP@Q.5 misi Teneil Ha CJI0XKHOM pesbede
He mpeBbicuiio 1,8 m.o1. Takas He3HAUNTETbHAS ATPAIAINSA 00 bICHIETCS
TeM, 9TO Lcross BBICTYIIAET B POJIN HE YKECTKOTO, & MSITKOTO AIPUOPHOTO
orpanudenus (Soft prior), MO3TOMY MOJIEIb KOMIEHCUPYET HETOYHOCTH BBICOTHI

3a CUET BU3YAJIbHBIX IIPU3HAKOB U MEXaHU3Ma II€PEKPECTHOI'O BHIMAaHUSI.
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4.5. YcToiAi4MBOCTb K U3MEHEHUSIM YCN0BU CHLEMKM

Jtst otieHKM pOBACTHOCTH MOJIeJIeH K YXY/IIEHUIO KaIeCTBa JTAHHBIX
[IPOBEJIEHBI SKCIIEPUMEHTHI ¢ JIO0aBJIEHUEM I'ayCCOBCKOro 1myma (o = 25) u
U3MeHeHneM a3uMyTa cojHia Ha Ap = 15°. Pe3ynbraTsl 11pe/icTaBaeHbl
B Tabsmuie 7.

TAabmMIA 7. mAPQO.5 njist TeHeil Ha CI0KHOM peJibede IIpu
YXYIIEHUN yCJIOoBUil (B CKOOKaX — IIaJIeHne B ILII.)

Mopeann ‘ Ucxonubie ‘ + IIym (0=25) ‘ + Ap =15°
YOLO26 [14] 0,481 0,358 (—12,3) | 0,372 (=10,9)
RT-DETR [15] 0,498 0,375 (—12,3) 0,389 (—10,9)

Deformable DETR [5] 0,522 0,402 (—12,0) | 0,418 (—10,4)
DINOv2+DETR [16] 0,543 0,428 (—11,5) 0,445 (—9,8)
AST 0,602 0,541 (—6,1) 0,558 (—4,4)

AST pemoHCTPpHPYET 3HAYUTEIHHO MEHBINee MaJIeHNe TOYHOCTH IIPU
VXYIIIEHNN Ka9eCTBa N300parKeHnii U M3MEHEHU! YCJIOBHUil ocBerenusi. 11pu
nobasiennn myma nageane mAP y AST cocrasiser 6,1 .. npotus 11,5-12,3
.11. y 6a30BbIx Mojesteii. [Ipun u3amenennn azumyra Ha 15° majenne AST
cocrasyseT 4,4 m.a. nporus 9,8-10,9 m.u. y koHKypeHToB. Takasi ycTORIMBOCTH
OObSICHSIETCsI SIBHBIM YIETOM IIOJIOXKEHHsI COJIHIIA B MEXaHU3Me IIEPEKPECTHOIO
BHUMaHUs (1), 9TO TO3BOJISIET MOJEJN AJANITHPOBATHCS K M3MEHEHUSM
ocBerrenns 0e3 mepeo0ydeHns 0T KOHKPETHBIE YCJIOBHUA ChEMKH.

4.6. KauecTBeHHble pe3ynbTaThbl

Ha pucynke 4 mpeacraBiieHbl IPpIMEPBI JeTEKIUU Ha OPTOMOTOCHUMKE
KOTTE/KHOIO Yy4acTKa (BHUJ CTPOrO CBEPXY, HAJUP), WIJTIOCTPUPYIOLIHE IPe-
UMYIIECTBO MPEJJIOKEHHOrO TIOIX0/Ia B COXPAHEHUH TIEJIOCTHOCTH OIPayKICHUs
u ero tenu. CrieHa u3 TeCcTOBBIX n30bpazkeHuii garacera FSAD comepxur
[IPSIMOYTOJIBHBIA IEPUMETD IITAKETHUKA; COJHEYHOE OCBelleHne (bOPMUpPyeT
[0JIOCATYIO TE€Hb BJIOJIb KAXKJIOi CIIJIONIHON CTOPOHBI TIEPUMETPa Ha 3aTeHEHHOM
CTOPOHE.

Ha pucynke 4a mokasan pedynabrar 6azosoit mogeaun Deformable DETR.
Moesb BOCIIPHHIMAET OTPazkIeHIe U ero TeHb KaK Habop paspO3HeHHBIX
(bparMeHToB 110 OTIeIbHBIM CTOPOHAM IIePUMETpPa, He CBA3bIBas UX Yepe3 YIJIbI:
TeHb Pa30UTa Ha MHOMKECTBO HECBI3aHHBIX JIETeKINii ¢ HU3KOH yBePeHHOCTLIO
(30-48%), IpuuéM yBepeHHOCTh MOHOTOHHO MaJIAeT OT BEPXHEro KOTTeIKa K
uHkHeMy (44-48% na Bepxuem, 36-42% na cpenrem u 30-35% Ha HuKHEM).
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(a) Deformable DETR: orpaxaenue u (6) AST: nestioctHOE BOCTpUsTHE
TeHb Pa30UThl HA HECBSI3aHHBIE OTPaXKJICHUsI U TEHU KaK €IUHOrO
dparmeHTHI 00'bEKTa BIIOJIb 3AT€HEHHON CTOPOHBI

Pucynok 4. KadecrBennoe cpaBHeHHE Ha OPTOMOTOCHUMKE
KOTTEJIZKHOTO y9IacTKa (HAJMPHAS T€OMETPHSI, MOCJIE OPTOTPAHC-
dopmanyn)

OrpazkieHne TakxKe JeTeKTHPOBAHO JINIIb YaCTUYHO, KOPOTKHAMHI OTPE3KAMI
BJIOJIb OTAEILHBIX yYACTKOB 3a00pa, ¢ 3aMETHBIM Pa3bpOCOM IO KOTTEIZKAM:
67-74% na Bepxuem, 63-68% mna cpeamem u 60-62% na muxnem. IlesocTHOCTD
HepEMeTpa IIPH 9TOM TIOJIHOCTBIO TEPAeTC: KOHTYDP He 3aMbIKAaeTcs Ha yIJax, a
TeHb paclaJaeTcs Ha OTIeJbHbLIE IPAMOYTOIbLHLIC (DPArMEHThl y KazK 10
CTOPOHBI.

Ha pucynke 46 npejcrasien pesyiabrar AST. Mogess BoccTaHaBInBaeT
HETIPEPBIBHBIN KOHTYD OIPaXKJI€HUsT BJIOJIb BCETO MEPUMETPA ¢ COMKHYTHIMA
yriaamu (yBeperHocTb 90-95% 1o TpéM KOTTe KaM) U BOCIPUHUMAET TeHb KaK
eJIMHBIH 00bEKT —3aMKHYTYIO [IOJIOCY BJIOJIb 3AT€HEHHO CTOPOHBI (yBEPEHHOCTH
84-90%). Ilpu 9TOM yBEPEHHOCTH TaK?Ke MOHOTOHHO CHHMZKAETCS OT BEPXHErO
KoTTe KA K HuzkHeMy (95/90% na Bepxuem, 93/88% ua cpexuem, 91/84% na
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HUYKHEM ), YTO OTParKaeT yXy/IIIeHNe BUIUMOCTH 3a00pa U T€HU B HUMKHEN
qactu canMka. B orimume ot Deformable DETR, kouTyp orpakpeHust
0CTaéTCsl TEJIOCTHBIM Ha BCEX YETBIPEX CTOPOHAX KAXKJIOTO YIACTKA, & TE€Hb
BOCIPOM3BOJMTCS KAK CILIONIHAS TOJI0Ca 6e3 pa3phiBOB U JIOXKHBIX pa3bueHuii.
Emé meckonbko npumepos paborsr mozesneit Deformable DETR u AST
npusejiensl B [Ipmiokennn.

HemocTHOCTD pe3ynbrara JOCTUTAETCS 33 CIET ABYX MeXaHm3MOB. IlepBbrii,
rorepsi CBA3BHOCTA Leony, YIAT CETh BOCIPUHUMATDH BCe (DPATrMEHTBI OTHOM
TEHU KaK €MHOE TEJI0E, YTO CHUXKAET YHCJIO OMMOOTHBIX Pa3phIBOB ¢ 32%
110 8% (rabsuna 5); 9TO CHpaBeIUBO U JJIsd CIEH CO CJIOYKHBIM PeIbedOoM.
Bropoit MexaHn3M — pasiesibHbIe M0JIsST CMEIeHus JIJIst 3a00pa U TEeHU ¢ Pa3HOM
peryJisipusalieii, ITo mo3BoJjseT COXPAHAThL popMy 3abopa Ha U3JI0MaxX U
TOYHO 0TOOPAXKATH TEOMETPUIO TEHU. SPUTEIHHOE YJIydIIIeHne MOITBEPKIACTC S
qucaenno: ysepennoctb AST B orpaxkaenun cocrasiser 90-95% u B Tenum —
84-90%, Torma kak y 6azoBoit mojesn Deformable DETR. stu nokazarenu
pasubl 67-74% 1 30-48% COOTBETCTBEHHO, YTO COTJIACYETCS C JAHHBIMU
Tabsauna 4.

4.7. BbluncnntenbHas C/I0KHOCTb U CKOPOCTb MHepeHca

15t 06 beKTUBHOIO CPABHEHMSI PA3JIMIHBIX aPXUTEKTYD JETEKTOPOB
B Tab/ulle 8 IPUBEJIEHbl METPUKH BBIYHCIUTEIBHOI CII02KHOCTU: KOJIMIECTBO
apaMerpoB, 4ucJio onepanwii ¢ mwiasaoreil 3ansroit (FLOPs) u ckopocrsb
undepenca (FPS). Hapsixy ¢ sérkosecabivu gerekropamu (YOLO26, RT-

Tapiuua 8. CpaBHeHNE BBIUUCIUTETHHON CIIO2KHOCTH MOJEIEH
(paspemterne 1024x1024)

Mopens ‘ ITapamerpos (M) ‘ FLOPs ‘ FPS 1
YOLO26 [14] 12,4 45,2 84,5
RT-DETR [15] 32,1 98,5 42,3

Deformable DETR |[5] 40,5 172,4 18,6
DINOv2+DETR [16] 86,2 215,3 11,4
AST 48,7 195,8 16,2

DETR) B cpaBHenue BKJIOUYEHDI Gostee Tsaxkéabie mogen: Deformable DETR,
a takxke koMmbOunarust DINOv2 ¢ DETR, 4To 1103BoJIisIeT OIlEHUTH MECTO
npeytoxkerHon mojenu AST cpeju paccMaTpuBaeMbIX apXUTEKTYP.

Kaxk BugHO 13 Tabmuin! 8, npeacTaBieHHble MOJEIN JIEMOHCTPUPYIOT
3aKOHOMEPHBIIT KOMIIPOMICC MEK/Ty BBIYUCIUTENbHON 3PDEKTHBHOCTHIO U



\RUmENE AST: COBMECTHAS JIETEKLIMS OTPAXKJEHUI U UX TEHEN 123

ApXUTEKTYPHOIT c1okHOCThIO. JIérkosecupie gerekropsl (YOLO26, RT-DETR)
OXKUJIAEMO TIOKA3BIBAIOT 60JIee BHICOKYIO CKOPOCTh MH(EPEHCa 38 CUET MEHBITErO
gucita napamerpos u FLOPs. B To ke BpeMst TpancdOpMepHBIE apXUTEKTYPHI,
Briiogast Deformable DETR u DINOv2+DETR, obiamator 3HaIUTEIHHO
GOJIBIIIEH BLITUCIUTENBHON EMKOCTBIO, 9TO OOYCJIOBJIEHO MEXaAHU3MAMEA
CAMOBHUMAHUS M MHOTOCTYIIEHYATONH 06pabOTKON MPU3HAKOB.

[pemnoxennas mozeasr AST 3aHrMaeT IPOMEXKYTOTHOE MTOJIOYKEHUE: IO
quciy napamerpos (48,7 M) u FLOPs (195,8) ona conocrasuma ¢ Deformable
DETR, HO HeckosbKO ycrynaer 1o ckopocru undepenca (16,2 FPS nporus
18,6). D10 CBA3AHO C HOMOJHUTEIBHOI LPOIEAypoil ocTpoeHust rpada
CBSI3HOCTH TeHell Ha drare nocrobpaborku. OIHAKO MPUPOCT TOTHOCTU HA
cioxkaoM penbede (45,9 ma. no mAP) maz syunieir 6a30B0#t MOJEIBIO
(DINOv2+DETR) onpaBapiBaeT BbIYACIUTEIbHBIE 3aTPATHL JJIsl 38184
KaJIaCTPOBOTO yU€Ta, T/e MHQPEPEHC BBITOHsIeTCS oddiraiid, a TpeboBaHma K
CKOPOCTHU HE SIBJIAIOTCS KPUTUIECKUMU.

JlonoiHuTeIbHBIE BhIUKCIUTE/IbHBIE 3aTpaThl AST Ha sTane nHdepeHca
CBsI3aHbI ¢ ocTpoeHneM rpada cesisHocTH TeHeil (pasnen 2.6). Teopernmueckast
CJIO’KHOCTD TOMAPHOTO cpaBHeHust hparmentos coctasiasger O(N?2), rne N —
9HCJIO0 JIETEKTUPOBAHHBIX TeHel. OJIHAKO HA MMPAKTUKE 3Ta Olepalus He
SIBJISIETCST «Y3KUM TOPJIBIIIKOM» I10 JIBYM IIPUIHHAM:

1) IlpocTpancTBeHHOE OTCEUeHNE — PEOPa T'pada CTPOATCS TOJBLKO JIJIs Tap,
PACCTOSTHIE MEXKJY KOTOPBIMH He TPEBBIMACT Ry ax. Vcnonb3oBanme mpo-
cTpaHcTBeHHOro uHjekca (Hanpumep, KD-mepesa) CHUZKAET CI0KHOCTD
noucka Kauguaaros 10 O(N log N).

2) Orpann4eHHOEe YUCJIO TeHeil: Ha TunuaHoM Taitae 1024 x 1024 xorTemkHOM
3aCTPOUKHN YUCJIO JeTeKTUPOBAHHBIX TeHeit N pejko npesbimaer 30-50,
qaTo gesiaer Beraucaerne MLP mis nonapHbIX TpU3HAKOB ITPeHEOPEIKIMO
MmasbiM (Menee 2 mc Ha GPU).

Takum 06pazom, mpoleaypa IpyIIHPOBKYA HE HapyIaeT ODIYI0 IPOU3BOIU-
TEJIbHOCTDH CUCTEMBI.

4.8. Kpocc-Banugauus Ha BHelWWHeM paTacere

Jl1st omenku 0600IIAIOIIEH CITOCOOHOCTH MOJIETN IPOBEJCHO TECTHPOBAHUE
Ha BHemHeM jatacere Ciyutuo Village [1], comepkamem 65 uzobpaskenuii ¢
teppuropun Kuras. VMcxonnas pa3sMerka JaraceTa He COLEPXKUT KJIACCOB
«OTpaXKIeHNe» U «TeHb» W BBIIOJHEHa B (POPMATE IIOJUIOHOB, IO3TOMY JIJIs
1eJieit HacTosIIeH paboThl Bce 65 n3o0parkeHnit ObLIN MePEeaHHOTUPOBAHBI B
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dopmar OBB jjis1 map «orpajieHue-TeHb» 110 TeM Ke IpaBuiaM, 4ro 1 FSAD
(OpHEHTUPOBAHHAS PAMKA, KJIACC, TUII OTPAKJICHU, UICHTU(DUKATOD TPYIIILI
renn). [lepeaHHOTAIMS BBIIOIHAIACH BPYIHYIO; HUA OJHO U3 ITUX U300parKeHUit
He UCIOJIb30BaI0Ch Ipu 00ydennn u Bajmanuun AST. PesysibraTsl npuBeeHbl
B Tabsuie 9.

Tabuna 9. Pesymaprarsr Kpocc-Banumanun Ha gatacere Ciyutuo
Village (mAP@Q.5, cpennee £ craHzapTHOE OTKJIOHEHUE IO TPEM

3aIyCKaM )
Monenn ‘ Orpa>kaeHust Tenn
YOLO26 [14] 0,595 + 0,016 0,351 + 0,018
RT-DETR [15] 0,622 4+ 0,015 0,378 + 0,017

Deformable DETR [5] | 0,641 +0,014 | 0,412+ 0,016
DINOv2+DETR [16] | 0,679 40,013 | 0,453 + 0,015
AST 0,714+ 0,011 | 0,538 + 0,013

TTockombky crtennr Ciyutuo Village comepkar mpenMyInecTBeHHO Iie-
pecedéHHbBIN pesbed, majeHne TOTHOCTH 110 TEHSM B TEKCTe PACCIUTAHO
OTHOCHUTEJIBHO CTOJIONA «CIIOXKHBIN penbed» (Tabiauna 4).

AST npesocxomuT Bce yeThipe 6a30Bble MOJIEN KAK IO JETEKIINN OrPaXK-
JieHuil, TaK U 10 JIeTeKIUU TeHel. AOGCOTIOTHBI TPUPOCT HAJL JIydIlei
6azoBoit Mozeabio (DINOv2+DETR) cocraBaser 3,5 ILI. J1JIs OrpaskJeHul 1
8,5 m.u. ms reneit; Hag Deformable DETR—7,3 u 12,6 11.11. cOOTBETCTBEHHO.
ITokazaresm ua Ciyutuo Village nuxke, vem na FSAD, s Bcex momeneit 6e3
UCKJIIOYEHUs], 9TO OKMJAEeMO IPU CMeHe JoMeHa. [Ipu 9ToM BeJnmyunHa, naieHust
TOYHOCTH KOppenupyetT ¢ ycroianBoctbio Momean: Y OLO26 repser 20,0 ..
1o orpaxkaeHusM u 13,0 IL.I1. o TEeHSIM OTHOCUTEJHHO CBOMX PE3YJIbTATOB Ha
FSAD, rorma kak AST — jmmme 13,7 u 6,4 .11, 9T0 coryiacyercs ¢ pe3yibTaTaMu
TAa0JIAIBL 7 U TIOJATBEPKIAET, YTO SIBHBIA YUYET r€OMETPUU TEHU JIEJIAET MOJIENh
MeHee UYBCTBUTEJILHON K PaCIpee/IeHu0 JAHHbBIX.

Cumxkenne abCOJIOTHOM TOTHOCTH OObIICHIETCS PA3JINIUSIME B APXUTEKTYPE
3aCTPOMKH, TUMAX OTPAXKJEHUN U YCJIOBUAX CHhEMKU MEXKJLY POCCUUCKUMU
permonamu (FSAD) u reppuropueit Kuras (Ciyutuo Village). Yeroiiausbrii
mpupoct AST Haj BceM creKTpoM 06a30BBbIX MOJEJIEH IIOKA3BbIBAET, UTO
[IPEeJJIOYKEHHBIE MEXaHU3MBbI — PA3JIE€bHbIE TTOJIT CMEIIEHNUsI, YIET TUITOJIOTUI
OTPaXKICHNsT 1 TEOMETPUIECKUE TIPUOPHI MOJIOKEHUST COTHIA — IPPEKTUBHBI HE
TOJIBKO Ha JAHHBIX, UCIIOJIb30BAHHBIX NIPU OOyYEHUN, HO ¥ HA HOBBIX CIIEHAX C
WHBIM PacCIIpe/ieJIeHIeM ITPU3HAKOB.
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Homommurensao pacemorpum garacer ASD (Airborne-Shadow) [26]. Ero
pa3MeTKa OPMEeHTHPOBAHA HA CEMAHTUYECKYIO CEIMEHTAIUIO TeHeil (Kiacchl
heavy u light shadow) u He COmEPKUT APHOIT PA3BMETKHU «OrDazKJIeHUe-TEHb> B
dbopmare OBB. Tlosromy mpsimoe konumdectBennoe cpasuenne ¢ AST mo
merpuke mAPQ(.5 HeBo3MOXKHO 63 MepeaHHOTAIUA JlaTaceTa. 1eM He MeHee
ASD noarBepxkaeT akTyaIbHOCTh 33/Ia40 MEJTKOIETATBLHOM IeTeKINH TeHel Ha
Ha upHbix aspocuuMkax (ASD, DLR) u paccMaTpuBaeTcs Kak HEPCIEKTHBHOE
HAIPABJICHUE JIJISI aJAlTAIUN MOJIEIIH.

4.9. AHanun3 cxoaMmMOCTU N KayecTBa AeTekuun

Jlyisi BU3yasm3anum nporecca 00yUIeHus U IeTAJIbHOIO aHAIN3a KaIecTBa
JIETEKIINU TTOCTPOEHBI JIBa TpaduKa.

Ha pucysrke 5 npescrasiaens kpusbie mAP@Q0.5 (cpesHee mo BeceM Kiaccam)
Ha BaJIMJIAIMOHHON 1 00yJaromieil BBIOOpKax, & TakzKe CyMMapHasl II0Teps
Liotal Ha 00yUaroleil BBIOOPKe B 3aBUCUMOCTHA OT HOMEPA SIOXH.

0.8 1 mAP (sanupauus) | [ 2,5
’ 1 mMAP (oby4eHne)

0,7 1
F2,0
0,6

0,3 1

0,2
r0,5

0,1

CuHmemuka PearbHble 0aHHble
0,0 T T T T T T T
0 20 40 60 80 100 120

Onoxa

0,0

Pucynok 5. Iunamuka obydenus AST: mAPQ@0.5 na Basumany-
OHHOI (CIUTONIHAs KpacHast) u obydatorneil (IlyHKTHPHAsi KpacHas)
BBIGOPKaxX U cyMMapHasl 10Tepsi Liotal (CHHsIsI). BeprukasbHast
JINHYSI — TPAHUIA MEXKY CTaauell mpeo0yeHrsi Ha CHHTETHKE U
cTagueil JOHACTPOWKM Ha peaIbHBbIX JTaHHBIX

BeprukaabHas MTPUXOBast JIUHUS PA3JIEAET JBE CTAJUU: [PEJ00ydeHne
Ha CHHTETUIECKNX JAaHHBIX (310xu 1-30) U JOHACTPONKY HA PEAJbHBIX JAHHBIX
(smoxm 31-120).
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Ha cramuun 1 momens Geictpo mocturaer mAP@0.5 ~ 0,50 3a cuér pa3HO00-
pa3usi CHHTeTHYECKHUX CIleH. B MOMEHT Iepexojia K crajauu 2 HabJII01aeTcst
KpaTKOBpeMeHHbI ckauok norepu (AL = 0,35), 06yCIOBIeHHbIH pasimaneM
paciipejie/ieHnii CHHTETHYIEeCKUX U pPeaibHbIX n30bpaxkenuii. Jlasee mAP
MOHOTOHHO BO3pacTraer J1o ¢dunanbHoro suadenns 0,726 (apudmernaeckoe
cpejiHee TPEX CIIEHAPUEB; B3BEIEHHOE 110 YUCJy 00BEKTOB CPEJIHEe COCTABIISIET
0,769, cm. tabsuiy 4). Pacxoxnenue Mexy KpUBbIMU OOYyUeHUs U BAJIUIAIAN
ue npesbimaer 0,02 Ha TPOTsKEHUN BCeil CTaIuu 2, 9TO CBUIETENIbCTBYET 00
OTCYTCTBHUU I1€PEO0yICHMUSI.

Ha pucynke 6 npencrasienst PR-kpuBbie 77151 TpEX CrieHApUEB JeTEKINn
(orpazkieHusi, TeHU Ha POBHOM peiibedbe, TEHH Ha CJIOXKHOM peiibede) u, jiis
cpasuenusi, PR-kpuast mojenun DINOv2+DETR gy teneit Ha c103KHOM

penbede.

0,84

ToyHoCTb
o
[«>]

i

=)
~
L

0.21[—— AST: orpaxaeHus (AP = 0,851)

= AST: TeHu, poBHbIi penbed (AP = 0,725)

= AST: TeHu, cnoxHblit penbed (AP = 0,602)
DINOV2+DETR: TeHu, cnoxHbilid penbed (AP = 0,543)

0,0 T T T T
0,0 0,2 0.4 0,6 08 1,0

MonHoTa

PucyHok 6. Precision—Recall kpusbie Ha TectoBoii Boi6opke FSAD.
Crurtomubie quaun— AST jyist TPEX ClieHApUEB; Iy HKTUPHAS —
DINOv2+DETR mis Teneit Ha cyioxkHOM penbede. 3Hadenus AP
B JIET€H/IE COOTBETCTBYIOT Tabsuia 4

[Tnomaap oy, Kaxkioit kpusoil pasua 3nadennio APQIoU = 0,5, npusenén-
Homy B Tabsune 4. KpuBag AST nuis reneil Ha ciioxknom penbede (Kpacuast
CIIONIHAs) IpoxoauT cyiecTBerHo Boime kpusoit DINOv2+DETR (kpacuas
[IyHKTHUPHAs1) BO BCEM mmamasone recall. B wacraocern, mpu recall = 0,7
precision AST cocrasisier ~ 0,58, Torma kak DINOv24+DETR — jmums ~ 0,38.
DTO MOJITBEPXKIAET, ITO PA3JIeIbHbIE MOJIsI CMEIEHNs U TOTePs CBSI3HOCTH
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bparMenToB IIO3BOJISIOT MOJIETHN YBEPEHHO JIETEKTUPOBATH PA30PBaHHbIE TEHH,
He 2KePTBYS TOYHOCTBIO.

5. [ocTynHOCTb AaHHbLIX 1 NPOrpaMMHOro Koaa

JleMOHCTPAIMOHHBIE NCXOHBIE KOJIBI, PA3PAOOTAHHBIE M MCIIOIb30BAHHbBIE B
paMKax HACTOSIIIEr0 UCCJIEI0BAHMNs], OITYOJINKOBAHBI B OTKPBITOM DPENO3UTOPUA
na wiardopme GitHub™.

6. Ob6cyxaenne
6.1. Ananu3s pe3synbtaTos

DKCIIePUMEHTHI [TOKA3BIBAIOT, 9TO Pa3esbHbIe TOJI CMEIEHUs] U YIET
TUIIOJIOTUH OT'PAXKJIEHUsI SIBJISTIOTCS KJTFOUEBBIMU (DAKTOPAMHE, OIPEIeIAIOIIAMI
TOYHOCTD Jereknuu. Haubosiee 3HaunTesibublii Beiarpeinr AST nemoHcTpupyer
Ha CIIEHAX CO CJIOYKHBIM PejbedoM, Te TeHN Pa3pbIBAIOTCS HA KOHbKAaX U
ckaonax. IToTeps ¢cBA3HOCTH (PPArMEHTOB CHUXKAET JOJIO PaspbIBOB ¢ 32%

(DINOv2+DETR) 1o 8% (AST).

B konuuecTBeHHOM BBIpaXKEHUM Ha HamboJjiee CJIOXKHOM CIIEHAPUM —
TeHsIX Ha nepeceuéHHOM peJibedpe — AST KOppeKTHO 0OHAPYXKUBAET OKOJIO
82,5% obbekros (monmora 1 — FNR), a omunbo4unble HCXOABI PaCIpeeIeHbl
aCMMMETPHUYHO: Ha IPOILyCcKH npuxoanuTcs 17,5%, Torma Kak J0Jisl JIOMKHBIX
cpabaTeiBanuii — mumb 5,2%. Mojenb ckopee IIpOIyCTHT TPYIHbIH (hparMenT,
YeM BBIJIACT HECyIecTByoImuii 00bekT. Takas cTpyKTypa OMmub0K 00bICHIETCS
TeM, YTO F€OMETPUIECKHE TTPUOPHI MOJOKEHHUS COJTHIA U PA3IeIbHbIE MOJIs
CMEIEeHNUsT KECTKO OMPAaHMYUBAIOT IIPOCTPAHCTBO JOIYCTUMbIX IIPEICKA3aHIN
U OTCEKAIOT JIOYKHBIE IPaHuIbl. OcTaBIIMeCs IMPOIYCKU COCPEIOTOYEHBI B
TPYJHBIX MECTaX, TJe TeHb Pa3pbIBACTCs PeJbedOM U KPOHAMU, U TJIe MOTEPs
CBSIBHOCTH YJIEP:KUBACT JIOJTIO0 PA30PBAHHBIX (pparMeHToB Ha yposHe 8%. [l
orpaxkjieHuii ¢ boJree ycroiiumBoit (popMoil COOTHOIIEHUE €eIE HJIaAronpusiTHEe
(mAP@0.5 = 0,851). D10 moATBEPKAAET BLIBOJ: OCHOBHON MCTOYHUK ONIMOOK
AST — He Jto>KHBIE TETEKIIUU, a HEIOODHAPYKEHUE TeHEH B 30HAX CJIOKHOI
reoMeTpHH.

UcnonnzoBanne OBB BMecTO ropr30HTAIBHBIX TO3BOJISIET TOYHO OIpejie-
JIUTH JIJTMHY 3a00pa M ero OPUEHTAINI0, MUHIMU3UPOBATE JIOKHBIE cpabaThiBa-
HUSI U TOBBICUTH TOYHOCTD MOCJIEIYIONIEH KaJIacTPOBO OIEHKH.


https://github.com/ivinokurov/AST
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Paznesibhas peryssipusanust 1odieii cMenenus (2) ¢ pas3imdHbIME KO-
BUINEHTAME Lifence U shadow TO3BOJISET PA3PEIINTh IPOTUBOPEYUNE MEXKIY
TpebOBaHMEM IIJIABHOCTH JIJIsT OPAaKIACHUS U JIOIMYCTUMOCTBIO PE3KUX U3JIOMOB
Jyist Tenu. AGuisinuonubIi anam3 (Tabauna 6) MOATBEPXKIAeT, YTO ITOT
KOMITOHEHT JTa€T JIOMOJHUTENbHBIN nipupocT 0,8 1.1, 10 CpaBHEHUIO ¢ eJIUHOMI
peryJigapusanueit.

6.2. OrpaHunyeHuns

IIpegmoxkennnrit MeTOq MMeeT psif orpanmuenuit. Huke nmepevunciienn
OCHOBHBIE (DAKTOPHI, BIUSIONINE Ha TPUMEHIMOCTH MOJEIH W OTPEIEIISIONTIe
HallpaBJICeHUS JAJIbHEHINNX UCCIeJOBAHUIA.

1) Tpebyemcs pasmemra muna ozpastcienus. B Texyieil peajmsanun
THII OIPazK/IEHUS IIPEICKA3bIBAETCS OT/IEJIBHON I'OJIOBKOM, YTO BHOCUT
JIOTIOJTHATEJIBHYIO onnoOKy. IIpu ommuboynoit Kinaccudukamum TUa
reoMeTpuveckuii npuop (3) MOKET GbITH HETOUHBIM.

2y Oeparuvertol damacem. 650 n300parkeHnii ¢ pydIHON pasMeTKoi —
HEJOCTATOYHO Jjisd TiIyboKoro obydenus. Paciupenue garaceTa sBISETCS
MIPUOPUTETHOM 33 1a49eii.

3) ¥Ynpoweénnan modeav npoexyuu. Popmyina (3) npeanoaraer mioc-
kuit penbed. Ha mepecedénnoii MeCTHOCTH peasibHas MIPOEKITUsT TeHU
OTKJIOHSIETCsI OT BBIUMCJIEHHOM, UYTO CHUYKAET TOYHOCTH HOTEPU Lcross-

4) Auanaszon donycmumnz y2a06 naxiona csémru. Apxurekrypa AST
u opmysa Ipoekuyu TeHu (3) CTPOro CrpaBeJIuBbl JJIs IIIOCKOH
(HaMpPHOiT) TPOEKIUM, YTO COOTBETCTBYET CTAHIAPTY OPTO(MOTOILIAHOB,
HUCHOIb3YEMBIX B KaJlaCTPOBOM yUETe U TOmOrpapmaeckux paborax
(mormycTIMO€e OTKJIOHEHHE ONTHIECKOi ocH 0T HaJupa He Gosee 3°). D10
OTDAHUYEHUE SIBJISETCS OCO3HAMMHBIM NPOEKMHHIM DEULEHUEM, TTOCKOIBKY
esieBas 3aava — KaIacTpoBOe KapTorpadupoBaHie — paboTaeT MMEHHO C
oprodoromtanamu. KatuecTBeHHDBIN aHAJIN3 [TOKA3BIBAET, YTO MOJIEIH
COXPAaHSET I[eJIOCTHOCTD JIETEKIINH IIaphbl «OrPazKIeHue-TeHby U IIPU
YMEPEHHBIX OTKJOHEHUSX OT HaMpa— BILIOTH 0 10-15°: mpu Takmx
yIJIaX MIAPHHA IPOEKIMH 3a00pa BO3PACTAET, U JICTEKIIUS OIMPACTCS yIKe
HE TOJIbKO Ha TE€Hb, HO U Ha COOCTBEHHBbIE MPU3HAKK OI'PAXKJIEHUSsI, OJTHAKO
COBMECTHBII aHa M3 napbl ocTaérces addektuBabiM. CucTeMaTnIecKast
KOJIMIEeCTBEHHAS OIleHKa B auamnasone 10-15° He mpoBOANIACH U ABJISETCS
HaIpaBJenneM Oyaymnux mcciaemosanuil. [Ipu yrurax, npessimaiomux 15°,
IJIOCKAs MOJIEJIb (3) CTAaHOBUTCS HEAJIEKBATHOMN, U JJIsl COXPAHEHUSI
TOYHOCTHU TpedyeTcs JnbO TpeIBapUTEIHHOE OPTOTPAHCHOPMUPOBAHIE,
b0 3aMeHa (3) Ha MPOEKTUBHYIO MOJEb ¢ ToMorpadueii.

5) Basucumocmv om memadanmsix. KoppekTHOe onpejiesienne moI0KeH st
COJIHIIA TPEBYET TOUHBIX METAIAHHBIX CheMKH (nara, Bpemsi, GPS). Ipu
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6)

7)
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X OTCYTCTBUU WM HETOYHOCTH M€OMETPHUIECKUiT TPUop TepsieT 3pdekx-
TUBHOCTbH, XOTSI BBEJIEHHAS BCIIOMOTATeJIbHAS I'0JIOBKA OLEHKU IIOJI0OXKEHUS
cousHIa (pasesn 2) YaCTUIHO KOMIIEHCHDPYET 9TOT HEJOCTATOK, KOJUPYS
YCJIOBHSI OCBEIEHUs HEIIOCPEICTBEHHO B IPU3HAKAX M300parKeHusl.

Cesonnvie garxmopovr u pacmumesbhocms. TeKyIast Bepcus 1aracera
FSAD u momens AST opuenTHpoBaHbI Ha CHEMKY B II€PUOLI OTCYTCTBUS
JIUCTBBI (IIO3/IHsIsl OCEHb, PAHHsS BECHA) WJIM Ha XBONHDIE [TOPOJIbI.
B steTHmit mepuon mtoTHAs KPOHA IE€PEBBHEB U KYyCTAPHUKOB MOYKET
[IOJTHOCTBIO SKPAHUPOBATH 3a00Phl U UX TEHHW, 9TO TpedyeT JubO
UCIIOJIB30BAHUS MYJIBTUCIEKTPAIbHBIX JAHHBIX (HAIPUMED, OJIMKHErO
UK-juanazona Jyisi cerMeHTaIUU PACTUTEILHOCTH ), JIMOO HHTErPALUN
JINTAPHBIX JAHHBIX JJIS «[IPOHUKHOBEHUS» CKBO3b JINCTBY.

Pedxue owubru npu HebAG2ONPUAMHOM 0CBEUHUU. B e TMHNIHBIX
ciryuasix (cM. pucyHok 7e B I[IpuitoxkeHnm) MOJe/Ib MOXKET 3€PKaJIbHO
OTPAa3uTh HAIIPABJICHNE TE€HU, €CJAU HU3KAS BBICOTA, COJIHIIA COUETAETCS
C JIOKAJIbHBIM peIbedOoM, a MPU3HAKUA CAMOIO OrPaXKJICHUS CJIabo
BBIPaKEHbI. DTO HAIIPABJIEHNE JJIsl OYIyIIUX YJIydIleHuii — HAI[pUMep, 3a
c4ér OoJsiee JKECTKOI IMPUBA3KHU K a3UMYTy COJIHIA MM aHCAMOJIMPOBAHUS
HECKOJIbKUX TMIIOTE3 O IOJIOKEHUU TEHH.

6.3. MepcnekTuBbi

PeSyIH)TaTI)I HpOBeZI;éHHOI‘O HCCIeIOBaHUA ITIO3BOJIAIOT HAMETUTD CJIEIYIOIINe

[IEPCIEKTUBHBIE HAIIPABJIEHUS JTaJbHENRINX pabdoT.

1)

2)

3

4)

5)

Hapamusanue o6béma maracera FSAD no me menee 2000 uzobpazke-
HUl IyTEéM BKJIIOYEHUS CIIEH U3 HOBBIX reorpaduIecKuX PEernoHOB 1
obecrieueHre ero OTKPBITON IMyOJIUKAIUH [T HAY THOT'O COODIIEeCTBA.
ITepeannoranus naracera ASD [26] B dopmar OBB 1st BrOpoit BHemnHeid
IJIOIMAKN KPOCC-BAJIUIAIUM: TI€PEBO/J] CEMAHTUIECKOM Pa3MeTKu TeHeil
(heavy/light shadow) B OBB ¢ ycraHOBieHHEeM AP «OOBEKT-TEHb». DTO
MIO3BOJIUT IIPOBECTH HE3aBUCHMYIO KOJIMYecTBeHHyIo orneHKy AST Ha
JIaHHBIX APYTOro cencopa, pernona u GSD, JI0OMOJHUB pe3yabTaThl 10
Ciyutuo Village (pasmen 4).

Warerpanys ¢ TUJAPHBIMEA JAHHBIMHA JJIsI TOYHOTO OIpe/IeNeHns peabeda
MECTHOCTH U 3aMEHbI [JIOCKOI MOJE/IU IpoeKnuu TerHn (3) Ha TPEXMEPHYIO
MOJIEJTb, YIUTBHIBAIONLYIO TIEPENAJIbI BHICOT.

KosmmgecrBennas onenka padorocrnocobnoctu AST mpu yMepeHHbIX
OTKJIOHEeHUsIX OoT Hajaupa (auanazon 10-15°): dopmuposBanue recro-
BOI'O TOJMHOXKECTBA CIIEH C U3BECTHBIMU YIJIAMU HAKJIOHA KaMePhI 1
pacuér mAPQO.5 11 map «orpaxkKiaeHue-TeHby. I1peasapure/bHbIi
KaJeCTBEHHBIN aHA N3 TOKA3bIBAET MIEPCIEKTUBHOCTh TAKOTO PACIINPEHMS.
PazBuTne mpoeKTUBHON! MOJEIN TE€HU JJIsT HAKJIOHHON ChEMKHU: 3aMEHa,
wiockoit (hopmysibl (3) Ha romMorpaduro «ILUIOCKOCTh 3eMJIA — INIOCKOCTh
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n300parkeHusi» ¢ yI6TOM YIJIOB OPUEHTAIIMN KaMePbl. TO YCTPAHUT
orpanmuenue, cOpMYJIUPOBAHHOE B pasfesie 6.2, U MO3BOJUT MTPUMEHSTDH
AST 6e3 npeasapureIbHON OpTOTpaHCGOPMAINN, PACIIUPHUB 00JIaCTh €ro
MIPUMEHEHUsI 33 TPEJIEIbl KaJACTPOBBIX OPTO(MOTOILIAHOB.

6) Ajanrarus npeIoyKeHHOTO MeTOJIa ISt JIETEKIINUT BPEMEHHBIX OTPak-
JIEHUI, BKJTIOYAs OIPaKJI€HUsI CTPOUTEJIHHBIX IOMAI0K U CE30HHBIE
3a00PHI.

7) Baenpenune pa3paboTaHHOIO MOIXO[A B CHCTEMBI aBTOMATUIECKOMN
KaJIACTPOBOI OIEHKN 3€MeJIbHBIX yIaCTKOB.

8) O6o0IIeHNe MeTo 18 Ha JAPYTHe Maphl «00bEeKT-TEHb», B YaCTHOCTU HA
CTOJIOBI JIMHUIA 3JIEKTPOIIEPEIAYN U MaJjIble apXUTEKTYPHbBIE (DOPMBIL.

9) Uccaenosanue rayccoBbix DyHKIM noreph, Taknx kak GWD [34],
KLD wiu KFIoU [35]. Ouu anmpoKCuMUDYIOT PAMKH IayCCOBBIMU
pacipejie/IeHUsIMU, BbIYUC/IsI PACCTOsSIHUE Yepe3 MeTpuKy Baccepinreiina
wi puBeprennuio Kynbbaka—/Jleiibmepa. DTo ynpoIrnaer BbIYUCIE-
Husi, obecrieunBaeT AU @PEPEeHIINPYEMOCTb U YCKOPSIET CXOIUMOCTb.
Aspreprarusa— EPIoU [36] ¢ 3aMeHO# TpsIMOYTOJIBHUKOB Ha JUTAIICHL.

7. 3aknto4deHune

B pabore npejicraBien ajantuBHbiil TeHeBoit Tparncdopmep AST nist
JIETEKINN OrPaKJIeHUil U UX TeHeil Ha opTogoToCHUMKaX. KirtoueBbie pe3ysibra-
THI:

1) Pazpaborana apXuTeKTypa € Pa3/IeJIbHBIMU ITOJISIMA CMEIIEHUS JIJTsT
OrpazKJeHUs U TEHU C PA3JINIHBIMU KO(DDUIUEHTAMU PEryIsipU3aliiu,
VUYUTBIBAIONIUMY PA3JINYHYIO (DUBHIECKYIO IPUPOLY UX JAehOopMAaIinii.

2) BBeiéH MexaHU3M EPEKPECTHOIO BHUMAHUSI C YIETOM a3UMYTa U BBICOTHI
COJTHIIA, 8 TaK»Ke THUIIOJIOIHH OTPaK/ICHMUSI.

2y Ipeioxkena moTepst CBA3HOCTU (PPArMEHTOB TeHe, CHUKAOIIASL JIO0JIHO
JIO?KHBIX paspbiBob ¢ 32% mo 8%.

4) Cobpan u pasmeden gatacer FSAD (650 nzobparkenuii) ¢ meTanbHOI
Pa3MeTKOI OrpaKJaeHuil, TeHell 1 UX B3aMMHOT'O COOTBETCTBHUS.

5) IlpoBenena kpocc-Banumanus Ha BHemHeM garacere Ciyutuo Village (mo-
ciie nepeannoranuu B OBB), noarsepauBinas ycToiiunBoe IpeBOCXOICTBO
AST wnaj; 6a30BBIME MOJIE/IIMUA M HA JAHHBIX JPYTOTO JIOMEHA.

6) IlpomemoncTpupoBana ycroitunsocTb AST K IyMy U M3MEHEHUIO YCIOBUI
OCBEIIEHUSI.

Merom ocHOBaH Ha SMIUPUIECKUX WHXKEHEPHBIX PENIEHUSX, UTO Ie/IaeT
paboTy BOCIIPOM3BOIMMOIL 1 IPAKTUIECKH IIPUMEHUMO 181 3884 K&IACTPOBOIO
y4éTa.
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Mpunoxenne. CpasHeHue pesynbtatoB pabotel mogenein Deformable DETR n AST
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Pucynok 7. Cpasuenue pesysnbraroB paborel Deformable DETR u AST na recroBbix cuenax uz FSAD
PesynbraTer pacrosnaBaHus Ha OCTEIHEM N300paKeHUN HEYIOBIETBOPUTEIBHBI: HA JIBYX U3 YeTBIPEX

YUACTKOB (BepXHUI-IPABBIA U HIKHUT-JIeBbIT) Mogeab AST ommuGoYHO Olpe/ie/iseT HalpaB/IeHue TEHH — KOHTYD
TEHHU 3€PKAJIbHO OTPAKEH U YXOAUT B IPOTUBOIOJIOXKHYIO OT PEAJILHOTO 3aTeHeHus cTOpoHy. JlomomnurebHo

Ha 9TUX YK€ YYACTKaX ypOBEHb yBepeHHocTH nagaer 10 22-30% mis orpaxkaenns u g0 10-15% mia tenn.

Ocrasimmuecs jBa yuacTka (BepXHHUI-JIEBbIH 1 HUZKHU{i-IPABBI) PACTIOZHAHBI KOPPEKTHO ¢ yBepeHHocTbio 90-95%
Ju1s orpazkjenud u 84-90% njis Temu.
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