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Introduction

The automation of aerial imagery analysis is one of the key tasks in
modern geoinformatics, urban studies, environmental monitoring, and
land management. Among the multitude of tasks in this field, instance
segmentation, which involves detecting and precisely segmenting each
object in an image at the pixel level (pizel-wise), holds a central place. Its
solution enables the automatic identification and mapping of objects such
as buildings, elements of road infrastructure, agricultural facilities, etc., on
aerial photographs obtained using aircraft.

The relevance of this work is driven by the growing volume of aerial
photography data and the acute need for its operational analysis. However,
the development of automatic methods faces a number of challenges
inherent to aerial imagery — high dynamic range, significant variability in
scales and shooting angles, complex weather conditions, optical distortions,
as well as often limited volumes of expertly annotated data for training
machine learning models. These factors impose special requirements on the
reliability and generalization ability of segmentation models.

In recent years, the Mask R-CNN model [1] has established itself as
a de facto standard for solving instance segmentation tasks, consistently
demonstrating high results in simultaneous object detection and the
construction of their precise binary masks. Its architecture, which extends
Faster R-CNN [2] by adding a parallel branch for mask prediction,
provides an effective combination of localization accuracy and semantic
segmentation quality. This feature makes Mask R-CNN particularly
valuable in applications requiring not only detection but also precise
contour description of complex-shaped objects.

The final effectiveness of this model is largely determined by the choice
of feature extractor architecture or backbone — a deep convolutional or
transformer network responsible for extracting hierarchical features from
the image. For a considerable time, backbone architectures from the
ResNet family [3] dominated.

However, the emergence of more modern and efficient CNNs such
as DenseNet [4], EfficientNet [5], and ConvNeXt [6], as well as the
revolutionary breakthrough of transformer-based architectures, particularly
Swin [7], has radically changed the landscape and expanded researchers’
choices. In this context, conducting a systematic comparative analysis of
these architectures for the specific and significant task of segmentation on
aerial imagery is of considerable practical and scientific interest.
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The scope of this study does not include some modern and promising
architectures, such as Vision Transformer [8] in its basic configuration, as
well as the latest efficient models like MobileOne [9], EdgeNeXt [10], or
recurrent network structures focused on sequential feature processing.

Furthermore, hybrid approaches combining convolutional layers with
attention mechanisms within a single block, for example, models from the
CoAtNet family [11], were also beyond the scope of this work. This is due
to the focus on widely adopted and practically proven architectures, as well
as the need to ensure the representativeness and comparability of results.
These directions represent potential avenues for future research in the
context of optimizing accuracy and computational efficiency for aerial
imagery analysis tasks.

The research conducted in this work continues and develops the
approaches formulated in [12] and [13], offering an alternative solution
to the problem considered in [13]. In [12], the target object classes for
identification on aerial photography materials were systematized, and a
comprehensive methodology for forming a representative dataset with
detailed semantic annotation was developed.

The work [13] implemented an approach to improve the accuracy
of object mask generation based on Generative Adversarial Networks
(GANS), focusing on the task of post-processing segmentation results and
subpixel refinement of object contour characteristics. In contrast to this
approach, the present work proposes an alternative methodology based on
a comparative analysis of different backbone architectures for the Mask
R-CNN model, aimed at improving segmentation accuracy at the primary
prediction stage, rather than through subsequent post-processing of the
results.

The aim of this study is to conduct a comparative analysis of the
accuracy and efficiency of seven different pre-trained backbone architectures
(ResNet-50, ResNet-101, DenseNet-121, EfficientNet-B3, ConvNeXt-T,
Swin-T, Swin-S) within the Mask R-CNN framework for the task of
instance segmentation of objects in aerial imagery.

The selection of these backbone architectures for comparative analysis
is motivated by the need to cover a representative spectrum of modern
approaches to designing deep neural networks, ensuring the comparability
of results and testing key research hypotheses.
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ResNet-50 and ResNet-101 [3] implement the residual learning frame-
work that addresses the vanishing gradient problem by introduction
skip-connections. They ensure stable gradient flow during training
and allow for effective scaling of network depth. They are included
as the widely accepted baseline standard in computer vision for
assessing the impact of network depth on segmentation quality.

DenseNet-121 [4] utilizes a dense-connection paradigm, in which each
layer directly accesses the feature maps of all preceding layers. This
approach promotes intensive feature reuse, parameter reduction, and
improved gradient flow throughout the network.

EfficientNet-B3 [5] employs a compound scaling strategy that optimizes
the depth, width, and resolution of the input data, achieving an
optimal balance between prediction accuracy and computational
complexity under given resource constraints.

ConuNeXt-T |6] is a modern interpretation of the classical convolutional
architecture that incorporates the most successful solutions from
the transformer domain. The architecture utilizes an increased
convolution kernel size, improved normalization, and activation
methods, which together provide competitive performance. The
architecture utilizes an increased convolution kernel size, improved
normalization, and activation methods, which together provide
competitive performance.

Swin-T and Swin-S [7] are hierarchical transformers that utilize self-
attention within local windows with subsequent window shifting. This
approach allows for efficient modeling of global context dependencies
while maintaining linear computational complexity relative to image
size, which is particularly important for processing high-resolution
aerial photography data.

This selection ensures coverage of both classical and modern paradigms,
allowing for a systematic assessment of the impact of architectural
innovations on the accuracy and effectiveness of instance segmentation in
aerial photography conditions.

1. Definition of Research Aims and Objectives

Analysis of recent publications reveals a variety of approaches to
using these architectures within the Mask R-CNN model. The work [14]
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demonstrates the advantage of transformer-based backbones for precise
segmentation tasks, reflecting a trend towards attention-based architectures
capable of effectively modeling global contextual dependencies [15,16].
Conversely, [17] shows the effectiveness of modern CNNs for solving
many practical problems; this finding is supported by works dedicated to
optimizing lightweight architectures for real-time tasks [18].

A comparative analysis in [19] reveals a trade-off between accuracy and
computational complexity among different architectures, aligning with the
methodology of comprehensive evaluation of modern models that considers
not only accuracy metrics but also inference speed, memory consumption,
and computational complexity [20]. However, assessing the effectiveness of
different backbones for aerial imagery analysis tasks, characterized by high
scale variability and the need for small object segmentation, remains
insufficiently explored.

The main objectives of this work are:

(1) To adapt the Mask R-CNN model for use with various backbone
architectures.

(2) To implement fine-tuning of each model configuration on a custom
dataset of aerial imagery.

(3) To compute standard metrics (loss_bbox, loss_mask, bbox_mAP, and
segm_ mAP) for each model.

(4) To analyze the obtained results, identifying patterns between the
architecture type and detection accuracy.

2. Experiment Methodology

The computational experiment for conducting a comparative analysis
of the performance of different backbone architectures in the Mask R-CNN
model was organized using the MMDetection framework — an open-source
toolbox for object detection and instance segmentation based on PyTorch.

The dataset compiled for model training and validation consisted of
435 aerial images obtained by quadcopter. The dataset includes an equal
number of JSON files in LabelMe format, containing arrays of polygon
contour point coordinates and object names (labels) of 5 types: summer


https://mmdetection.readthedocs.io/
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house (label ’building’, 12.470 instances), greenhouse (label ’greenhouse’,
6.450 instances), outbuilding (label ’outbuilding’, 2.150 instances), vehicle
(label "vehicle’, 1.516 instances), and swimming pool (label ’swimming’, 490
instances) [12]. The dataset was partitioned into training and validation
subsets with a 75% and 25% split, respectively. The training procedure was
carried out on a single NVIDIA A100 80GB GPU.

Base configuration files for each backbone were taken from the official
MMDetection (v3.3.0) repository. In all configuration files, the data_root
and metainfo parameters were overridden (configured). The former specified
the root folder name of the dataset, while the latter contained information
about the b target classes. The num_classes parameters in bbox head and
mask_head were set to 5, corresponding to the number of target classes.

For correct transfer learning, models were initialized with pre-trained
weights from the COCO dataset. The weights were loaded from the
MMDetection repository (version 2 or 3). The fine-tuning strategy consisted
of two stages: during the first five epochs, the backbone layers were frozen,
and only the model’s head were trained (Ir = 1e-3). This allowed the
classification layers to adapt to the target classes. This was followed by full
fine-tuning of all layers with a reduced learning rate (Ir = Ie-4) for up to
100 epochs. The stopping criterion was the absence of improvement in the
bbox_mAP metric on the validation set for 15 consecutive epochs.

For optimization, AdamW was used with weight decay = 0.05 (the
default value in MMDetection) and gradient clipping with a threshold
of 1.0 to stabilize training. Validation was performed after each epoch,
and the best model was saved automatically upon improvement of the
bbox_mAP metric on the validation set. All experiments were conducted
on identical hardware configuration with a fixed random seed = 42.

Performance evaluation was carried out on the dedicated validation set
using COCO metrics bbox  mAP and segm_mAP for IoU thresholds from
0.5 to 0.95 with a step of 0.05. The values of these metrics were calculated
for large (mAP_1), medium (mAP_m), and small (mAP_s) objects. The
area of small objects is less than 322 pixels (< 1024 px?), medium objects
range from 322 to 962 pixels (1024 — 9216 px?), and large objects exceed
962 pixels (> 9216 px?); mAP represents the average value of the metrics
for detected objects of all sizes.


https://www.nvidia.com/en-eu/data-center/a100/?ysclid=mg7oks2btp445272531
https://github.com/open-mmlab/mmdetection
https://cocodataset.org/#overview
https://docs.pytorch.org/docs/stable/generated/torch.optim.AdamW.html
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Ficure 1. ROI classification accuracy on the validation
dataset for classical CNN architectures

3. Experiment Results
3.1. ROI Classification Accuracy Analysis

A Region of Interest (ROI) is a selected region on the feature maps
generated by the model’s backbone. In object detection and segmentation
pipelines, these regions are further processed for object classification
(predicting segmentation masks) and bounding box regression. The
conducted analysis of experimental data reveals a pronounced trend
towards improved ROI classification accuracy when transitioning to
modern transformer architectures (Swin-T, Swin-S) and advanced CNN
architectures (ConvNeXt-T), as clearly demonstrated by their training
dynamics plots on Figure 1 and Figure 2.
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FiGure 2. ROI classification accuracy on the validation
dataset for transformer and advanced CNN architectures

3.2. Analysis of Bounding Box and Mask Detection Losses

The loss functions for bounding box regression (loss_bbox) and mask

detection (loss_mask) are critically important components of the composite

optimization function in instance segmentation tasks. Loss bbox ensures

precise object positioning by minimizing the discrepancy between predicted

and ground truth bounding box coordinates. In turn, loss mask is

responsible for the accuracy of pixel-wise classification within each ROI,

guaranteeing that the predicted mask matches the object’s contour.

Figure 3 shows that modern architectures, particularly Swin-T and

Swin-S transformers, demonstrate high efficiency in optimizing loss
functions. The Swin-S architecture achieves the minimum values for both
metrics, indicating its clear advantage due to its ability to effectively model
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TABLE 1. Loss function values on the validation dataset for
different backbone architectures

Backbone loss_bbox loss mask
ResNet-50 0.2185 0.2891
ResNet-101 0.2137 0.3211
DenseNet-121 0.1854 0.2244
EfficientNet-B3 0.2136 0.2666
ConvNeXt-T 0.1793 0.2603
Swin-T 0.1813 0.2148
Swin-S 0.1020 0.1141

global contextual dependencies and extract hierarchical features with
high discriminative power, thereby enabling more accurate bounding box
positioning and detailed segmentation masks.

The superior performance of Swin-S confirms the promise of transformer-
based approaches for instance segmentation tasks, where both localization
accuracy and pixel-level classification quality are critically important.

Meanwhile, Table 1 show comparable to DenseNet-121 efficiency of
Swin-T and ConvNeXt-T models, ranking among the most balanced
solutions for optimizing both metrics.

3.3. Bounding Box Detection Accuracy Analysis

Below, in Figure 4 and Figure 5, the graphs of bounding box detection
accuracy metrics bbor_mAP obtained from experimental studies for objects
of different sizes — mAP s, mAP_m, and mAP_[ (see Section 2) are
presented.

Analysis of the experimental data reveals a consistent improvement in
the mAP metric across the studied architectures, as shown in Table 2. The
last column indicates the epoch at which the backbone architecture with
the best weights for bounding box detection is formed.

ResNet-50 demonstrates the baseline accuracy level (mAP ~0.3256),
while DenseNet-121, thanks to its dense connection mechanism, shows a
noticeable improvement (mAP ~0.3800). ResNet-101, despite its increased
depth, shows only moderate improvement (mAP ~0.4080) compared to
DenseNet-121, highlighting the limitations of simply increasing network
depth.
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Ficure 4. Bounding box detection accuracy on the validation
dataset for classical CNN architectures

TABLE 2. Bounding box detection accuracy metrics for different
backbone architectures

Backbone mAP mAP_s mAP _m mAP | Epoch
ResNet-50 0.3236  0.1500 0.3200 0.4500 51
ResNet-101 0.4080  0.2000 0.3900 0.5000 66

DenseNet-121 ~ 0.3800  0.1800 0.3600 0.4800 71
EfficientNet-B3 0.4340  0.2200 0.4100 0.5300 64
ConvNeXt-T 0.4300  0.2300 0.4200 0.5400 76
Swin-T 0.4702  0.2400 0.4300 0.5500 (s
Swin-S 0.5606  0.2800 0.5200 0.6500 81

The significant performance jump with EfficientNet-B3 (mAP ~0.4840)
demonstrates the effectiveness of the compound scaling strategy. The
increased accuracy of the ConvNeXt-T architecture (mAP ~0.4300)
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F1cure 5. Bounding box detection accuracy on the validation
dataset for transformer and advanced CNN architectures

indicates the potential of convolutional networks with an enhanced ability
to model complex spatial-contextual dependencies.

Further improvement is shown by Swin-T (mAP ~0.4702), which uses
a window attention mechanism to efficiently model global contextual
interactions while maintaining linear computational complexity. The best
result is demonstrated by Swin-S (mAP ~0.5606), clearly illustrating the
advantages of transformer architectures and their exceptional effectiveness
in accurately localizing objects of all size categories, especially small
objects, where the most significant performance gain is observed.

3.4. Segmentation Mask Detection Accuracy Analysis

Figure 6 and Figure 7 present graphs of segmentation mask detection
accuracy metrics segm_mAP for objects of different sizes, see Section 2.

The initial level of detection accuracy is demonstrated by ResNet-50
(mAP ~0.3000). DenseNet-121 achieves some improvement in metrics
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FIGURE 6. Segmentation mask detection accuracy on the
validation dataset for classical CNN architectures

(mAP ~0.8121) through efficient feature reuse via dense connections.
Increasing network depth, as implemented in ResNet-101, provides only a
slight improvement in segmentation quality (mAP ~0.8561), indicating the
limitations of this approach. The application of compound scaling in
EfficientNet-B3 stabilizes the metrics at the level of mAP ~0.8795, but a
true qualitative leap is observed when transitioning to modern architectural
solutions.

The advanced CNN architecture ConvNeXt-T demonstrates significant
improvement (mAP ~0.3948), surpassing traditional approaches by
optimizing the spatial feature extraction process. The transformer
architecture Swin-T with its window attention mechanism shows further
improvement (mAP ~0.4332), effectively combining local and global
contextual dependencies.

The highest effectiveness in the instance segmentation task is achieved
by the transformer architecture Swin-S (mAP ~0.5030), setting a new
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FIGURE 7. Segmentation mask detection accuracy on the
validation dataset for transformer and advanced CNN architec-
tures

standard of accuracy for objects of all size categories. Particularly significant
results are observed for small object segmentation, where this approach
demonstrates the most substantial advantage over other architectures, see
Table 3. The last column indicates the epoch at which the backbone
architecture with the best weights for segmentation mask detection is
formed.

3.5. Analysis of mAP Metrics for Different Architectures

The results of the comparative analysis of detection accuracy metrics
for bounding boxes and instance segmentation masks on aerial imagery
reveal significant performance differences among the models, as shown
in Figure 8. Classical convolutional networks (ResNet-50, ResNet-101,
DenseNet-121) demonstrate the lowest metric values, while modern
architectures (ConvNeXt-T, Swin-T) provide a substantial gain in accuracy.
The Swin-S architecture outperforms all considered models on both metrics.



ENZRY ANALYSIS OF BACKBONE ARCHITECTURES FOR Mask R-CNN MobEL 187

TABLE 3. Segmentation mask detection accuracy metrics for
different backbone architectures

Backbone mAP mAP_ s mAP m mAP | Epoch
ResNet-50 0.3000  0.1200 0.2800 0.4200 52
ResNet-101 0.3561  0.1900 0.3600 0.5100 67

DenseNet-121  0.3121  0.1600 0.3300 0.4800 73
EfficientNet-B3 0.3795  0.2000 0.3700 0.5200 65
ConvNeXt-T 0.3948  0.2300 0.4000 0.5500 75
Swin-T 0.4332  0.2400 0.4100 0.5600 78
Swin-S 0.5030  0.2800 0.4700 0.6300 82

B bbox_mAP [ segm_mAP

0.6

mAP

ResNet-50 ResNet-101 DenseNet-121 EfficientNet-B3 ConvNeXt-T Swin-T Swin-S

FiGure 8. Comparison of bbox  mAP and segm_mAP metrics
for different backbone architectures of the Mask R-CNN model

All architectures exhibit a consistent pattern where the bboxz_mAP value
exceeds the segm_mAP value, which aligns with theoretical expectations —
the task of precise pixel-wise object delineation is more challenging
compared to bounding box detection.

The magnitude of the gap between metrics varies depending on
the architecture. The smallest relative deviation is observed for Swin-S
(~0.0576), indicating its balanced effectiveness in solving both tasks.
Conversely, the largest gap is characteristic of ResNet-50 (0.0236) and
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FIGURE 10. ResNet-101 (contour detection error ~10-11%)

DenseNet-121 (0.0679), suggesting their suboptimal adaptation to the
instance segmentation task.

Thus, the obtained data confirms the promise of using transformer-
based and modern convolutional architectures for processing aerial imagery
that requires simultaneous achievement of high accuracy in both object
detection and segmentation.

3.6. Comparative Visualization of Object Segmentation Mask
Contours

Figure 9-15 present object detection results on a fragment of an
aerial image using the Mask R-CNN model with different backbones. The
practical significance of effectively solving this task is described in [13].

Analysis of segmentation mask contour detection error revealed a
direct dependence between the backbone architecture and segmentation
accuracy. Classical CNN architectures demonstrate the highest error:
ResNet-50 (~15%), ResNet-101 (~10-11%) and DenseNet-121 (~12%).
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EfficientNet-B3 shows a result (~10-11%) comparable to ResNet-101 and
DenseNet-121, which may indicate a performance plateau for this class of

traditional convolutional architectures. Lower error values were obtained
for modern architectures ConvNeXt-T (~7%) and Swin-T (~3-5%). The
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FIGURE 15. Swin-S (contour detection error ~1-2%)

lowest segmentation mask contour detection error was recorded for the
transformer architecture Swin-S (~1-2%), Figure 15.

The obtained results indicate that using modern architectures, particu-
larly transformers, significantly improves the accuracy of object boundary
positioning compared to classical CNN approaches. This is especially
important for solving applied tasks requiring high segmentation accuracy,
such as mapping or cadastral registration [12,13]. The improved accuracy
opens up opportunities for automating aerial image processing with minimal
human involvement.

3.7. Model Training and Inference Time Evaluation

Experimental studies of Mask R-CNN models with different backbone
architecture types were conducted using an NVIDIA A100 80GB GPU.
The model training times and their inference times for images with an
average size of 1010 x 750 px are presented in Table 4.
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TABLE 4. Model Training and Inference Times

Backbone Training Time Inference Time
ResNet-50 12-18 min. 0.05-0.1 sec.
DenseNet-121 20-30 min. 0.08-0.15 sec.
ResNet-101 18-25 min. 0.07-0.12 sec.
EfficientNet-B3 22—-35 min. 0.09-0.16 sec.
ConvNeXt-T 15-22 min. 0.06-0.1 sec.
Swin-T 30—45 min. 0.1-0.2 sec.
Swin-S 1.5-2 hours 0.2-0.4 sec.
Conclusion

This work presents a comparative analysis of the effectiveness of seven
backbone architectures within the Mask R-CNN model for the task of
instance segmentation of objects in aerial imagery. The experimental results
demonstrate the advantage of attention-based architectures (Swin-T and
Swin-S) and the advanced CNN (ConvNeXt-T) over classical convolutional

networks.

It has been established that the model’s ability to capture global
contextual dependencies is a significant factor for achieving high seg-
mentation accuracy under aerial photography conditions. The Swin-S
architecture showed the highest values of the metrics bbox_mAP (0.5606)
and segm_mAP (0.5030), especially for segmenting small-sized objects.
However, achieving maximum accuracy is associated with significant
computational costs, which limits the use of Swin-S to off-line processing
tasks. For real-time scenarios, the use of Swin-T and ConvNeXt-T models
is more appropriate, providing an acceptable compromise between accuracy

and performance.

The research provides empirical data for selecting a backbone archi-
tecture depending on the requirements of a specific application. The
research results are currently being used in the mapping information
system of the PLC «Roscadastry. A promising direction for future work is
the development of methods for optimizing the accuracy-performance
trade-off, including the creation of hybrid architectures.
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Beepenne

ApromaTuzanus aHaIM3a a3POPOTOCHUMKOB SIBJISIETCS OJTHON M3 KITHOUIEBBIX
3a/1a9 COBPEMEHHON reonHMOPMATUKH, YPOAHUCTHKH, SKOJIOTUIECKOIO MOHUTO-
pHHTa ¥ yupasJjeHnus Tepputopusivu. Cpein MHOXKeCTBaA 33J1ad B 9Toit obacTy,
3aJ1a9a WHCTAHC-CEIMEHTAINN, 3aKII0YAIONAsICA B OOHAPYKEHUU U TOTHOM
HONUKCEIbHOM (pizel-wise) BBIIEIEHUN KAXKIOr0 00beKTa HA M300parKeHuHt,
3aHUMAaeT MEHTPaJbHOEe MecTo. Ké pelreHune mo3BoJII€eT aBTOMATHICCKU
UACHTUDUIIIPOBATD U KAPTUPOBATH HA a3PO(MOTOCHUMKAX, IOy I€HHBIX
C MIOMOITIBIO JIETATENILHBIX AIMAPATOB, TAKHE OOBEKTHI, KAK 3JIAHUST, JIEMEHTHI
JIOPOXKHOM HHMPACTPYKTYPBI, CETHLCKOXO3ANCTBEHHBIE O0BEKTHI U T.11.

AKTyaJIbHOCTDH JaHHON PabOTHI 00YCIOBIEHA PACTYIIUM OOBEMOM TAHHBIX
a3p0odOTOCHEMKHI U OCTPOiT TIOTPEOHOCTHIO B WX oreparuBHOM anasm3e. OIHAKO
pa3paboTKa aBTOMATHIECKHX METOJIOB CTAJIKMBAETCSI C PSJOM CJIO2KHOCTEI],
MPUCYTIIUX UMEHHO a3pOMOTOCHUMKAM — BBICOKUN JTMHAMUYIECKUI THAITa30H,
3HAYUTEIbHAST BADUATHBHOCTD MACIITA00B U PAKYPCOB ChEMKHU, CJIOKHBIE
[TOTOJTHBIE YCJIOBUsI, ONITHIECKUE UCKAYKEHUsI, 8 TaAKXKEe J4aCTO OTPAHUICHHBIN
00bEM SKCIIEPTHO Pa3MEUYEHHBIX JAHHBIX JJIsl 00yUeHUs MOJesieil MAIIHHOTO
obydenusi. tu HaKTOPHI MPEIbIABIAIOT 0COObIEe TPEOOBAHUS K HAJIEKHOCTU U
0b00I1aoIIEell CII0COOHOCTH MOJIesIell CerMeHTAIUN.

B nocsenane roxsr mozeab Mask R-CNN [1] sapekomennoBasa cebst B Kave-
crBe PaKTUIECKOrO CTAHJIAPTA, JIJIsT PENIeHUs 33,19 WHCTAHC-CErMEHTAIIN,
JIEMOHCTPUPYsI CTAOUJIBHO BBICOKHE PE3YJIBTATHI B OJHOBPEMEHHOM JIETEKTUPO-
BaHUK OOBEKTOB U IOCTPOEHUU UX TOYHBIX OMHAPHBIX MacoK. E€ apxurekTypa,
pacmupsifomasi Faster R-CNN [2] 3a cuér nobasieHns: napajuiebHON BeTBH
JIJIsI TIPEJICKAa3aHusi MAacoK, obecrieanBaeT 3 PeKTUBHOE COUeTaHNe TOTHOCTU
JIOKAJTU3AINHI U KAYeCTBa CEMAHTHIECKO cerMeHTaIruu. JT1a 0COOEHHOCTh
nenaer Mask R-CNN ocobenno BocTpeOOBaHHOI B IPUJIOKEHUAX, TPEOYIONTIX
HE TOJIbKO OOHAPYXKEHUsI, HO U TOYHOI'O KOHTYPHOI'O OINCAaHUs 0ObEKTOB
CJIOXKHOM (DOPMBI.

Urorosast 3(pHeKTUBHOCTD ITOH MOJIE/IN B 3HAYUTEIHHON CTEIICHH OIPe/Ie-
JIsieTCsl BBIDOPOM apXUTEKTYPbl SKCTpaKTopa IpusHakos miu backbone —
IIyOOKOH CBEPTOUHOM mm TpaHchHOPMEPHOI ceTr, OTBETCTBEHHON 32 M3BJIEUe-
HEE HepapXUIeCKUX MPU3HAKOB u3 n300parkenus. OTHOCUTEILHO JOJIT0e BPEMS
nmomunupoBann backbone-apxurextypsl cemeiicta ResNet [3].

Omnaxo mosiBaenne 6ostee coBpeMeHHBIX 1 3 dekTuBabix CNN, Taknx Kax
DenseNet [4], EfficientNet [5] u ConvNeXt [6], a Tak»Ke peBOJIOIMOHHBIH
[IPOPBIB APXUTEKTYD HA OCHOBE TpaHCHOPMEPOB, B YacTHocTH Swin [7],
Kap/IMHATIHHO M3MEHIIN TOJIOXKEHNE JIeJT ¥ PACIIUPUIN BBIOOD UCCJIeI0BATEIIE.
B cBsi3u ¢ 3TUM IpOBEJICHIE CHCTEMATIHYECKOTO CPABHUTEIHHOIO AHATM3a ITUX
aApXUTEKTYD B KOHTEKCTE CHenudUIecKoil U 3HATUMON 3a/1a41 CErMEHTAIIUN
Ha a’9pPOMOTOCHUMKAX IIPEJICTABJISIET 3HAYUTEJLHBIN TPAKTUICCKUH U HAY IHBIN
UHTEpEC.
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B pamkax HACTOSIIETrO UCCAETOBAHNUS HE PACCMATPUBAJINCH HEKOTOPHIE
COBpPEMEHHbIE U [IePCIIeKTUBHBIE APXUTEKTYPbI, Takne Kak Vision Transformer
[8] B eé GazoBoil KonduUrypalmu, a Tak:ke HoBefime 3bdEKTUBHbIE MOIEIN
tuma MobileOne [9], EdgeNeXt [10] wim pekyppeHTHBIE CETEBBIE CTPYKTYDHI,
OPHMEHTHUPOBAHHbBIE HA MTOCIEI0BATEILHYI0 0OPADOTKY TPU3HAKOB.

Kpowme Toro, ocranmuch 3a paMkaMu pabOTbl THOPHUIHBIE TTOIXOBI, CO-
qJeTarolue CBépTOLIHbIe CJION C MeXaHU3MaMU BHUMaHUA B paMKaX OJHOTO
6s10Ka, Hanpumep, Mojenu cemeiictea CoAtNet [11]. D10 cBsi3aHO ¢ aKIEHTOM
UCCJIeIOBAHUIT HA MIMPOKO PACIPOCTPAHEHHBIX U MPAKTUYECKU allPOOMPOBAHHBIX
APXUTEKTYPaX, & TAaK¥Ke C HEOOXOAUMOCTBIO 00ECIIeUeHNsT PElPe3eHTaTHBHOCTH
U COTIOCTABUMOCTHU PE3YJIbTATOB. Y KA3aHHBIE HAITPABJIEHUS [IPEJICTABJISIOT
MHTEpEC IS OYIyIuX UCC/IEIOBAHUN B KOHTEKCTE ONMTUMU3AIUN TOYHOCTHA U
BBIUHUCJIATETHHOM 3P HEKTUBHOCTH I 33/1a9 aHAIN3a a3POMDOTOCHUMKOB.

VccnenoBanus, TpOBEIEHHBIE B 3TOH paboTe, IMPOIOIAKAIOT U PA3BUBAIOT
noaxonpl, chopmynupoBanubie B [12] u [13], mpegaras aqbTepHATHBHOE
pererne 3a1a49u, paceMorpernoit B [13]. B [12] 6bum cuctemaTn3npoBaHb!
IEJIEBBIE KJIACCHI 0OBEKTOB, TIOJJIEXKAINUX HICHTH(MDUKAIINA Ha MaTepUaIax
a3poOTOCHEMKH, a TaK¥Ke pa3paboTaHa KOMILIEKCHas MeTojuKa (hOpMUPOBa-
HUSI PElPe3eHTaTHBHOrO Habopa JaHHBIX C JIeTaJU3UPOBAHHON CeMaHTHIeCKol
Pa3MeTKOil.

B pa6ore [13] 6bu1 peanan3oBaH HOAX0/ K MOBBIIEHA0 TOYHOCTH MeHEPAIUH
MacoK 00bEKTOB Ha OCHOBE MeHepPaTUBHO-cocTa3aTeabHbix cereii (GAN), ¢ do-
KYCOM Ha 3aj1ade II0cToOpabOTKY Pe3yJIbTATOB CErMEHTAINU U CYOIUKCETHHOrO
YTOYHEHUsI KOHTYPHBIX XapaKTEPUCTUK 0ObLEKTOB. B oTim4me oT JaHHOro
MOJTX0/Ta, B HACTOSIIEH paboTe MpejjiaraeTcs aJbTepHATUBHAST METO/IO0JIOTHS,
OCHOBaHHAs Ha CPABHUTEIHLHOM aHAI3€ PA3IUIHBIX backbone-apxuTekTyp st
mozen Mask R-CNN, HanpaBjieHHasi Ha [IOBBIIIEHHE TOYHOCTH CErMEHTAIUN
Ha Tale IMePBUIHOIO TPOrHO3MPOBAHUS, 8 HE MMOCJEYIONei mocTodpaboTKn
pe3yIbTaTOB.

[esb0 HACTOSIIIErO UCCIIEJOBAHUS SIBJISIETCS IIPOBEJIEHIE CPABHUTEILHOIO
aHAJIN3a TOYHOCTU U (POEKTUBHOCTU CEMU PA3JIUYHBIX ITPEI00YIEHHBIX
backbone-apxurextyp (ResNet-50, ResNet-101, DenseNet-121, EfficientNet-B3,
ConvNeXt-T, Swin-T, Swin-S) B pamkax mozmesn Mask R-CNN s 3amaqu
MHCTAHC-CErMEHTaIn 00bEeKTOB Ha a9pOdOTOCHUMKAX.

Bribop stux apxurextyp backbone qysi cpaBHuTENIBHOIO aHAM3a 00YCIOB-
JIEH HEOOXOIMMOCTBIO OXBATUTH PEIPE3EHTATUBHBIN CIIEKTP COBPEMEHHBIX
MTO/IXOJIOB K MIPOEKTUPOBAHUIO NTyOOKUX HEHPOHHBIX ceTeil, 00eCednB co-
IIOCTABUMOCTD PE3YJILTATOB U IIPOBEPKY KJIIOYEBBIX UCCJIEI0BATEIbCKIX
TUIIOTE3:
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ResNet-50 u ResNet-101 [3| peaju3yior KOHIEIIIUIO OCTATOYHOIO 00y e~
HUsI, KOTOpasi PeriaeT mpobeMy UCUe3al0NuX I'PAJNEHTOB OCPEICTBOM
BBeenus skip-connections, obecreunBaOMUX CTAOUIBHBIN TOTOK T'PAHEH-
TOB B TIPOIiecce 00yIeHUsT U TMO3BOJSIONNX 3DHEKTUBHO MaCIITaONPOBATH
rybuny ceru. OHM BKJIFOUEHBI KaK OOIIEIPUHSTHIN OA30BbIil CTAHIAPT
B KOMITBIOTEPHOM 3DEHUU, MTO3BOJIAIONINN OIEHUTH BJIUSHIE TJIYOWHbI
CeTH HA KAYeCTBO CEIMEHTAINN.

DenseNet-121 [4] ucnonb3syer napaJurmy IUIOTHBIX COeJMHEHU, B paMKax
KOTOPO! KarKJBIN CJION IojydaeT NpAMOl JOCTYN K KapTaM IIpU3Ha-
KOB BCEX IPE/IMTECTBYIONIX cI0EB. OHA MHTEpECHA KaK apXUTEKTYPa
C IUIOTHBIMY COEIMHEHUSIMU JIJIsi HHTEHCUBHOI'O TIOBTOPHOIO MCITOJIB30-
BaHUsl MPU3HAKOB, CHUKEHUsI KOJIMIECTBA TAPAMETPOB U yJIy UIIEHIS
PaJIUEHTHOrO ITOTOKA.

EfficientNet-B3 [5] npuMeHsieT cTpaTeruio cOCTABHOIO MACIITAOUPOBAHMUS
(compound scaling), onrumMusupyromLyo r1yGUHY, NIMPUHY U Pa3pelIeHne
BXOJIHBIX JAHHBIX M [TO3BOJIAIONLYIO JOCTHYIb ONTUMAJIBLHOIO OajIaHca
MEeXKJIy TOYHOCTBIO MPEJICKA3AHUS U BBITUCIUTETHHON CJI0KHOCTHIO
MOJIEJTH TIPU 38IAHHBIX PECYPCHBIX OTPDAHUICHUSIX.

ConvNeXt-T [6] upexncrapisier coboii COBPEMEHHYH0 HHTEPIPETAIUIO KJIAC-
CUYECKOI CBEPTOYHON apXUTEKTYPhI, 00bEAUHSAIONLYI0 HAMDO0JIEe YCIIEITHBIE
pelleHust u3 obJacTH TpaHCcPHOPMEpPOB. APXUTEKTYPA IIPeIIojaraeT
HCIIOJIH30BAHUE YBEJNIEHHOTO Pa3Mepa sjipa CBEPTKH, YCOBEPIIEHCTBO-
BAHHBIX METOJIOB HOPMAJIM3AINNA U aKTUBAIUU, YTO B COBOKYITHOCTH
obecIieInBaeT KOHKYPEHTOCIIOCODHYIO TPOU3BOIUTEIBHOCTD.

Swin-T u Swin-S [7] orHOCATCS K KJIACCY MEPapXUIecKuX TPaHCHOPMEPOB,
UCTIOJIB3YIOMUX MEXaHU3M CAMOBHUMAHUSI B PAMKaX JIOKAJBHBIX OKOH
C TIOCJIEIYIONUM UX CJIBHTOM. Takoil moaxo/ mo3Bosisier 3(hdeKTHBHO
MOJIEJIUPOBATD TJI00ATbHBIE KOHTEKCTHBIE 3aBUCHMOCTHU TIPU COXPAHEHUH
JIMTHEWHOH BBIYHCIUTETHHON CJI0KHOCTH OTHOCUTEIHHO pas3Mepa n300pa-
JKEHHsI, ITO OCOOEHHO 3HAYUMO JjIsi 0OPAbOTKH JAHHBIX a3PO(OTOCHEMKI
BBICOKOI'O pa3peIenHust.

Takoit orbop obecrednBaeT HOKPLITHE KAaK KIACCHIECKUX, TaK U COBPEMEHHBIX
[IapaJurM, MO3BOJIsAsl CUCTEMHO OLEHUTDH BJINUSHUE APXUTEKTYPHBIX MHHO-
BalMii Ha TOYHOCTH U 3PPEKTUBHOCTH MHCTAHC-CEIMEHTAINN B yCJIOBUSIX
a3poPOTOCHEMK.

1. Onpegenenue uenun n 3agayd nccnenoBaHuin

AHajim3 cOBpeMEHHBIX MyOJIMKAINI BBISIBUJI CYIIECTBOBAHME PA3JIUIHBIX
MMOXOJ0B K MCIOJIB30BAHUIO JAHHBIX apXUTEKTyp B coctae mojesm Mask
R-CNN. B paGore [14] geMoHCTPUDYETCs IPEUMYIIECTBO TPAHC(HOPMEPHBIX
backbones jajs1 33181 TOUHOIT cerMeHTAINN, UTO OTPAXKAET TEHJICHITUIO
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mepexojia K apXuTeKTypaM Ha OCHOBE MEXaHU3Ma BHUMAHUsI, CIIOCOOHBIM
3 deKTUBHO MOJIEIMPOBATh II0baJIbHbIe KOHTEKCTHBIE 3aBucumocTd [15,16].

B [17], raoGopor, nokasbiBaercs s dexruHOCTb coBpeMerHbix CNN st
peIleHnsT MHOIMX TIPAKTUIECKUX 3a/1a4; TAKON MOX0/T HAXOJAUT HOITBEPKICHIE
B paboTax, MOCBAIIEHHBIX onTuMu3anuu lightweight-apxurekTyp s 3amaa
peasbHOro Bpemenu [18].

CpaBHUTeNbHBIH aHAIN3 B [19] BBIABISET KOMIPOMUCC MEXKITY TOYHOCTHIO
U BBIYHCIUTENBHON CJI0XKHOCTBIO PA3INIHBIX apXUTEKTYD, ITO COOTBETCTBYET
METOJIOJIOTMH BCECTOPOHHEH OIEHKY COBPEMEHHBIX MOJIEJIe, YINTHIBAIONIEl He
TOJIbKO METPHKHU TOYHOCTH, HO U CKOPOCTH HHMEPEHCa, NOTpedIeHIe TaMITH 1
BBIUHMCJIUTENHHYIO CIOKHOCTD [20].

TIpu BCéM 3TOM OleHKA 3(PPHEKTUBHOCTH UCIIOIb30BAHNAS PA3TUIHBIX
backbone mjst 3a7a4 aHaau3a a’3podOTOCHUMKOB, XapaKTEePU3yOIIUXCS
BBICOKOI BapUATHUBHOCTHIO MACIITAOOB M HEOOXOMMMOCTHIO CETMEHTAIMN MAJIbIX
00BEKTOB, OCTAETCST UCCJIEIOBAHHON HEIOCTATOTHO.

OcHoBHbIE 331241 pabOTHI:

(1) Amanruposars monens Mask R-CNN 1yist paboThl ¢ UCo/ib30BaHreM
pazauanbix backbone-apxutekTyp.

(2) PeamzoBath nooGydenue (fine tuning) xaxkmoit n3 koudurypanmit
MOJIeJI Ha COOCTBEHHOM HabOpe JaHHBIX U3 a3POPOTOCHUMKOB.

(3) BeruncauThk Ji1s Kaxk 101 MOJie i CTaHIapTHbIE METPpUKNA 1oss_bbox,
loss_mask, bbox_mAP u segm_mAP.

(4) IIpoanann3upoBaTh MOIyUEHHBIE PE3YIHTATHI, BHISIBUB 3aKOHOMEPHOCTH
MEXKJIy TUIIOM apXUTEKTYPbI U TOUYHOCTHIO JETEKTUPOBAHUSI.

2. Metogonorus nposefeHus 3KCNepuMeHTa

BoraucauresbHbIN 9KCIEPUMEHT JJIsI IIPOBEJICHNST CPABHUTEJILHOTO aHAJIHM3a,
IIPOU3BOIUTEILHOCTH Pa3/IMYHbIX apxutekTyp backbone B momesm Mask
R-CNN 6511 oprarmsoBan ¢ uctojib3oBanuneM dpeiimopka MMDetection —
OTKPBITONH HHCTPYMEHTAJIbHON OMOJIHOTEKY JIJTsT JETEeKIINA U CEIMEHTAIINN
00bekToB Ha ocHoBe PyTorch.

CcopmupoBaHHBIit [j1s1 00yYeHUs] W BaJUIAIUN MOJesiell Habop JTaHHBIX
MIPEJICTABIISLT OO COBOKYIHOCTD U3 435 MOJIyUYEeHHBIX C TIOMOIIBIO KBAJIPOKO-
nrepa a’3podOTOCHUMKOB. B HAOOp JAHHBIX BXOIUT W TAKOE YK€ KOJUIECTBO
JSON-daiinoe B ¢popmare ITO LabelMe, comepkaiux MacCUBbI KOOPAUHAT
TOYEK IOJUTOHAJBHON KOHTYPU3AIMYA U UMEHA (METKHU) OObEKTOB IATU
TUIOB — JavHblil oMUk (MeTka «buildings, 12470 9K3eMILISAPOB) 5K3€MILISPOB,
rermmna (Merka «greenhouses, 6450 9Kk3eMIIAPOB), XO3HOCTPOIiKa (MeTKA
«outbuilding», 2150 sK3eMIUISIPOB), TPaHCIOPTHOE CpeacTBO (MeTKa «vehicles,


https://mmdetection.readthedocs.io/
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1516 9x3eMmuIsApoB), Gacceiin (MeTKa «swimmings, 490 sk3emmisapos) [12]. dns
o0y4eHus: UCI0Ib30BaI0oCh 75% 3/1eMeHToB Habopa JAaHHBIX, JJIs BAJIUAIAN
ocrasmmeca 25%.

Oo6yuenne mpoxomio na GPU A100 80GB.

Bazosseie kouduryparnmonusie daiiibl 1 Kaxaoro backbone obun
B34Thl U3 odurmanbuoro pernosuropus MMDetection (v3.3.0). Bo Bcex
KoHMUIypanuoHHeix (aiisax nepeonpeneasiuch (GopMUPOBAIUCH) TAPAMETDBI
data root um metainfo. B mepBoM m3 HUX IepEOPeIEISIOCh UM KOPHEBOIT
manku Habopa JAHHBIX, BO BTOPOM (hopMuUpoBaiach WHMOPMAIINI O TATH
neneBbIx Kiaccax. [lapamerps! num classes B bbox head m mask head
YCTAHABJIUBAJIACH 110 KOJIMIECTBY IEJIEBBIX KJIACCOB B 5.

JI71s1 KOPPEKTHOTO TpaHC(EpPHOro OO0yUIeHNsT MO NHUIHATH3NPOBAINCH
npe1obydenubiMu Becamu st Habopa Janabeix COCO. Beca zarpy»xkanuch
u3 penosuropuss MMDetection (Bepcun 2 miu 3). Crparerust 1000y IeHUsT
BKJIFOYAJIA JBA ITAMA— HA TEPBBIX ISITU ST0XaX MPOU3BOIIACH 3aMOPO3Ka,
ci0és backbone ¢ 06yuenueM TOIBKO FOJIOBHBIX dacrelt Mogenu (1r = le-3).
DTO HO3BOJIIIIO AJIAIITUPOBATH KJIACCU(MDUKAIMOHHDBIE CJIOM K IEJIEBBIM KJIACCAM.

IIocste sToro ciemoBasa MoaHAS HACTPONHKA BCEX CJIOEB C ITOHMKEHHOM
ckopocThio 00y4enus (1r = 1e — 4) B revenue 100 suox. Kpurepuem ocranoBku
CJIy2KWJIO OTCYTCTBHE YJIy4IIICHUs METPUKHU bbox mAP Ha BaaIngallMOHHOMN
BBIOOpPKE Ha MPOTsi?KeHnn 15 3110X.

Hutst onrtumu3anun ucnoJib3oBasics AdamW ¢ weight_decay = 0.05
(3nauenue no ymosrgaruo B MMDetection) u rpa/IMeHTHBIM KJIUIIINHIOM
¢ oporoM 1.0 jurst crabumzanuu oOydeHus. Baaugarust TpoBOIUIACH
Tocjre KaXKI0it 3MOoXH, JIydIas MOJEIb COXPaHsAIach aBTOMATHICCKN IIPH
YJIydIeHrn MeTpuKu bbox mAP Ha BasnjaiimonHoM Habope. Bee sxcriepuMenTs
IIPOBOMJINCH HA €IUHON anmnapaTHoil KOHMUryparuu ¢ GUKCAPOBAHHBIM
random_seed = 42.

OrieHKa TPOU3BOUTEILHOCTH OCYIIECTBIISAIACH HA BBIICTCHHOM BaJIH 1A~
MoHHOM Habope ¢ ucnosb3oBanneM MeTpuk COCO bbox mAP, segm mAP
anst moporos IoU ot 0.5 1o 0.95 ¢ marom 0.05. 3uadeHust 3TUX METPUK
PaCCYUTHIBAIMCE it 00beKTOB Gosbinx (mAP 1), cpequux (mAP_m) M MaJibx
(mAP _s) pasmepos.

Ilromma s MaIBIX OOBEKTOB COCTABIISIET MeHee 322 mmKcesteit (<1024
px?), cpemmmx — ot 322 o 962 mmkcerteit, (1024-9216 px?), Gommbimmx — Gostee
962 mmkcesteir (>9216 px?); mAP— cpeiHee 3HaUEHHEe METPHUK JJI 00bEeKTOB
JIETEKTUPOBAHUS BCEX PA3MEPOB.


https://www.nvidia.com/en-eu/data-center/a100/?ysclid=mg7oks2btp445272531
https://github.com/open-mmlab/mmdetection
https://cocodataset.org/#overview
https://docs.pytorch.org/docs/stable/generated/torch.optim.AdamW.html
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3. Pe3ynbTaTbl 3kCnepumMeHTa
3.1. Ananu3s To4HocTu knaccucmkaummn ROl

O6uacts muTepeca (Region of Interest, ROI) mpencrasasier coGoit
BbIJICJICHHBI peruoH Ha Kapre npu3Hakos (feature maps), KOTOpyIO remepupyer
backbone momenu. B KonBeiiepax MeTEKIIMU U CETMEHTAIUN OObEKTOB 3T
obJracTu B JlaJibHeeM o0pabaThIBAIOTCS JIjIsT KJIaCCUPUKAIINT OO0 bEKTOB

(upejcKa3aHus MACOK CEMMEHTALUN) U PEIPECCHU OIPAHUIMBAIOIINX PAMOK.

IIpoBeenHbIl aHAIN3 SKCIEPUMEHTAJIBHBIX JAHHBIX BBISBJISET BbIPa-
2KEHHYIO TeHJEHINIO K yiIydineHnio Toanoctu Kiaaccudukanmn ROI mpu
nepexoJie K coBpeMeHHbIM TpaHcdopMepHbIM apxurekTypaM (Swin-T, Swin-S)
u ycosepirencTBoBanubiM apxurekrypam CNN (ConvNeXt-T), uro HarssimaHo

JEeMOHCTpUpYyeTCcs IrpaduKaMu IMHAMAKA WX 00ydeHns Ha pucyHKax 1 m 2.
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Pucynok 1. Tounocts knaccudukanun ROI misa kmaccuaeckux
CNN apxurexkTyp
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Pucynok 2. Tounocrs xiaccuduranuun ROI qis Tpancdopmep-
HbIX U ycoBepinencroBanHoit CNN apxurekTypbl

3.2. AHanus notepb Npu AETEKTUPOBAHUUN OrPaHUYMBAIOLMX PAMOK U
Macok

Dyuknum noTepb Jyist perpeccur orpannausaonmx pamok (loss bbox) u
JUIs leTeKTupoBaHust MacoK (loss mask) siBJISIFOTCS KDUTHYECKH BarKHBIMU
KOMIIOHEHTAMU COCTABHON (DYHKIIMM ONTHUMH3AIUMU B 3ala4aX HHCTAHC-
cermenTanuu. Loss bbox obecrieunBaer TOUHOE IO3UIMOHNPOBAHNE OOBEKTOB
My TEM MUHUMU3AIUA PACXOXKIEHUSI MEXKJLY MPEJICKA3AHHBIME U ITAJOHHBIMU
KOOD/IHATAMI OTPAHIIUBAIONINX paMOK. B cBoio ouepens, loss mask orBewaer
38 TOYHOCTD TONUKCEIbHON Kiraccudukanuu BHyTpu Kaxk ot ROI, rapantupys
COOTBETCTBUE TIPEJICKA3AHHON MACKU KOHTYPY OOBEKTA.

U3 rpacdukoB pucyHka 3 BUIHO, 9TO COBPEMEHHBIE apXUTEKTYPHI, B 9aCT-
HocTu Tpancdopmepsr Swin-T u Swin-S, JeMOHCTPUPYIOT BBICOKYIO 3(PdeKTuB-
HOCTH B onTHUMU3aIuu PYHKINA M0oTepb. ApXxuTeKTypa Swin-S pocruraer
MUHUMAJIbHBIX 3HAYEHHI 110 00EMM MeTPHUKaM, 9TO CBHUJETEbCTBYeT 00 €€
SIBHOM TPEUMYIIECTBE O/Iarogapst CuocoOHOCTH 3D HEKTUBHO MOJIETHPOBATH
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r100aJIbHbIe KOHTEKCTHBIE 3aBUCUMOCTH U U3BJIEKATH MEPAPXUIECKIE IIPU3HAKI
C BBICOKO JIMCKPUMUHATHBHOM CIIOCOOHOCTBIO, peajn3ysi TeEM CaMbIM 0oJiee
TOYHOE IO3UIMOHUPOBAHUE PAMOK M JeTAJIU3aINI0 MACOK CerMEHTAIINH.

Haunnyumue nmokasaresn Swin-S moATBEPKIAI0T HEPCIEKTUBHOCTh UCIIOJIb-
30BaHUsI TPAHCHOPMEPHBIX IOIXO0I0B JJI 3a0a9 NHCTAHC-CEIMEHTAIUN, T
KPUATHYECKHU BayKHBI KAK TOYHOCTH JIOKAJIU3AIMH, TaK U KA4eCTBO IMUKCEIbHOI
KJIaCcCUPUKAIIAMN.

IIpu sTom Tabsmmna 1 mokaseiBaer comoctaBuMyio ¢ DenseNet-121 acdbdek-
TuBHOCTH Moze el Swin-T u ConvNeXt-T, Bxoadmux B 4ncjo HauboJiee
cOaJIaHCUPOBAHHBIX PENIEHUIl 110 ONTUMHU3aIUU 00eUX METPUK.

TabuiA 1. 3uadenusa HyHKIMA IO0TEPh HA BAJIAIAIMOHHOM
HabOpe MAHHBIX JIJIs PA3JIUIHBIX apxuTeKTyp backbone

Backbone loss bbox | loss mask
ResNet-50 0.2185 0.2891
ResNet-101 0.2137 0.3211
DenseNet-121 0.1854 0.2244
EfficientNet-B3 0.2136 0.2666
ConvNeXt-T 0.1793 0.2603
Swin-T 0.1813 0.2148
Swin-S 0.1020 0.1141

3.3. AHanu3 TOYHOCTU AETEKTUPOBaHUS OrPaHNYMBAIOLLLMX PAMOK

Ha pucynkax 4 u 5 nupejcraBiensl rpaduKku 3HAUEHUIT METPUK TOYHOCTH
JIETEKTUPOBAHUST OTPAHMIUBAIONNX paMOK bbox  mAP, mosyuenubie B pe-
3yJIbTaTe SKCIEPUMEHTAJIbHBIX UCCJIEIOBAHMI 1J1s1 OObEKTOB Pa3INIHBIX
pasmepoB— MAP s, mAP_m u mAP_ |, cm. pasnen 2.

Awanuz sKCIepuMeHTAIBHBIX JIAHHBIX BBISBJISIET HOC/IEI0BATEIHHOE YIIy Y-
merne MeTpuk MAP B ucciteryeMbIX apXUTEKTypax, IOKa3aHHOe Ha Tabsmie 2.
B mocneamem crosbiie ykasama 3moxa, Ha KOTOPOi (hopMUpyeTCst apXUTEKTypa
backbone ¢ HamaydmuMu BecaMu Jij1st IETEKTUPOBAHUS ONPAHUIUBAIOITIX
pPaMOK.

ResNet-50 pemoncrpupyer 6a30Bblii ypoBerb Tounoctu (mAP ~ 0.3236),
B TO Bpems kak DenseNet-121, 6i1arogapst MeXaHU3My IJIOTHBIX COEIMHEHUH,
nokasbiBaer 3ameTHbIH npupoct (MAP ~0.3800). ResNet-101, mHecmoTpst
HA YBEJUYEHHYIO [VIyOUHY, JIeMOHCTPUPYET JIMIIb yMepeHHoe yirydinerue (mAP
~0.4080) o cpaprenuto ¢ DenseNet-121, 410 noguepKuBaeT OrpaHnIeHNst
[1apa/IurMbl IIPOCTOT0 HAPAINBAHUS TJIyOUHBI.
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Pucynok 4. To4yHOCTH €TEKTHPOBAHUS OIPAHUIUBAIONIUX PAMOK
Ha BaJIUIAIIMOHHOM Habope maHHBIX A1 Kiaaccndeckux CNN
ApPXUTEKTY D

TABAMIA 2. Merpuku TOYHOCTHU JIETEKTHPOBAHUS OIPDAHUYIHBAIO-
MAX PaMOK I Pa3/IMYHbIX apXuTeKTyp backbone

Backbone mAP | mAP s | mAP_m | mAP | | Snoxa
ResNet-50 0.3236 | 0.1500 | 0.3200 | 0.4500 51
ResNet-101 0.4080 | 0.2000 | 0.3900 | 0.5000 66

DenseNet-121 | 0.3800 | 0.1800 | 0.3600 | 0.4800 71
EfficientNet-B3 | 0.4340 | 0.2200 | 0.4100 | 0.5300 64
ConvNeXt-T 0.4300 | 0.2300 | 0.4200 | 0.5400 76
Swin-T 0.4702 | 0.2400 | 0.4300 | 0.5500 [
Swin-S 0.5606 | 0.2800 | 0.5200 | 0.6500 81

Bamernslit ckadok npoussoaurensuocty y EfficientNet-B3 (mAP ~0.4340)
JeMOHCTPUPYET 3PHEKTUBHOCTH CTPATETMH COCTABHOI'O MACIITaOUPOBAHUS.
Veesuuenne Toanoctn y apxurektypbl ConvNeXt-T (mAP ~0.4407) cBumerens-
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PucyHok 5. TounoCTh meTeKTUPOBaHUST OrPAHUIUIBAOIINX
pPaMOK Ha BaJHIAIOHHOM HaOOpe MAaHHBIX JJIsT TPAHCHOPMEPHBIX
u ycosepirercrBoBarHO CNN apxurekTyphbl

CTBYET O MOTEHIIHAJIe KOHBOIIOIMOHHBIX CEeTeil ¢ YIIyUIIeHHO CIIOCOOHOCTHIO
K MO/IEJIMPOBAHUIO CJIO?KHBIX IIPOCTPAHCTBEHHO-KOHTEKCTHBIX 3aBUCUMOCTEI].
Hanpuefimee yiaydmnenne nokasbiBaer Swin-T (mAP =0.4702), ucuosib3yio-
il MEXaHU3M OKOHHOI'O BHUMAHUS /18 3D DHEKTUBHOIO MOIEIUPOBAHUS
11002/ IbHBIX KOHTEKCTHBIX B3aMMOJEHCTBUN DU COXPAHEHUHU JIMHEWHON BBIYIC-
JUTEeJILHON cotoxkuocTy. Hamrydmmuit pesysibrar gemoncrpupyer Swin-S (mAP
~0.5606), 9TO HAIJIAIHO UIIOCTPUPYET IIPEUMYIIECTBA TPAHC(HOPMEPHBIX
APXUTEKTYP U UX UCKJIOYUTEIbHYIO 3(bMOEKTHBHOCTD B TOYHON JIOKATHIAINN
0OBbEKTOB BCEX pPa3MEPHBIX KATEropuil, 0COOEHHO MaJIbIX OObEKTOB, TJe
HabJIIOIaeTCst HanboJjiee 3HAIUMBII ITPUPOCT ITPOU3BOIUTEILHOCTH.

3.4. Auanus To4HocTu AeTeKTuposaHnsa MacCok cermMeHtTauum

Ha pucynkax 6 u 7, npeacraBiieHsl TpadUK 3HAYCHU METPUK TOYHOCTH
JIETEKTUPOBAHNS MAacOK cerMeHTanuu segm mAP st 06beKTOB pa3ImIHbIX
pPa3MepoB, CM. pa3Jiest 2.

Havasnpubrit ypoBens Tounoctn aerekruposanus memoucrpupyer ResNet-50
(mAP =20.3000), DenseNet-121 no3BossieT JOCTHYb ONPEIENEHHOTO YLy dIIEeHHST



\RUmENE AHAJIM3 APXUTEKTYP BACKBONE /11 MOJIEJN Mask R-CNN 207

3
>
o
o

0.3

mAP
mAP

0.2

0.1

0 10 20 30 40 50 60 70 0 20 40 60 30

Anoxa
anoxa

(a) ResNet-50 (6) ResNet-101

1 1

A !

0.4 == mMAP_s 1 == MAP_s !

——mAP_m . 0.4 == mAP_m A
mAP_| A

mAP

0 20 40 60 80 0 20 40 60 80

anoxa 3noxa

(6) DenseNet-121 (2) EfficientNet-B3

PucyHOK 6. ToyHOCTH JIeTEKTUPOBAHUST MACOK CETMEHTAIUN
Ha BaJUIAIIMOHHOM Habope MaHHBIX i Kiaaccudeckux CNN
APXUTEKTYD

nokazareneit (MAP ~0.3121) 3a cuér 3¢ dEeKTUBHOTO I€PENCIIONB30BAHNS
[IPU3HAKOB Yepe3 IJIOTHBIE COe/IMHEHUsI. Y BeJInUeHre TIyOMHBI CeTH, Peasin30-
BanHoe B ResNet-101, obecrieunBaer JIMIb HE3HAYUTEJLHBINA IIPUPOCT KAveCcTBa,
cermenTamun (MAP ~0.3561), uTo cBUeTENBCTBYET 06 OrPAHMYIEHNN JAHHOTO
noaxona. Ilpumenenne cocraBuoro macmradbuposanust B EfficientNet-B3
[I03BOJIsIET CTAOMIM3UPOBAThH IOKa3aTeaun Ha ypoBHe MAP x0.3795, ognako
HACTOSAIINN KAYeCTBEHHBI CKavY0K HAOIIOMAeTCs IIPU IIEPEX0Jie K COBPEMEHHBIM
APXUTEKTYPHBIM PEIIeHUsIM.

YcosepmencrsoBanHass CNN apxurekrypa ConvNeXt-T memoncrpupyer
cymecrBenHoe yiyurnenune (MAP =0.3948), nmpeBocxomsi Tpa UInOHHbIE
IIOJXOBI 33 CYET ONTUMHUIAINH IIPOIECCa U3BJIEYEHUS TPOCTPAHCTBEHHBIX
npusHakoB. Tpancdopmepnast apxurekTypa Swin-T ¢ MeXaHH3MOM OKOHHOT'O
BHUMAHUsI TIOKA3BIBAET JasbHedimee yiayuamenne (mAP ~0.4332), sdbdexTusro
KOMOUHUPYS JIOKAJIbHBIE U TJI00AIbHbIE KOHTEKCTHBIE 3aBUCAMOCTH.

Hawusbiciyto abdekTuBHOCTD B 3a/1aM€ UHCTAHC-CETMEHTAIINN PEAn3yeT
tpancdopmepHast apxurekTypa Swin-S (mAP ~0.5030), ycranasamBaromas
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Pucvynok 7. ToyHOCTh JIeTEKTUPOBaHUST MACOK CErMEHTAIUN
Ha BaJIUJAIMOHHOM HaboOpe JaHHBIX IJIs TPAHCHOPMEPHBIX U
ycoseprencrBoBanHoit CNN apxurekTypbl

HOBBII CTAHIAPT TOYHOCTH JJIsi OOBEKTOB BCEX Pa3MEPHBIX KATErOPUIA.
CylI1iecTBEHHO 3HAYNMbIE Pe3yJIbTAThl HAOJIIOJMA0TCS JIJIsi CEIMEHTAIIUN MaJIbIX
00BEKTOB, TJIe JAHHBIA ITOAXOJ JIEMOHCTPUPYET HAnbOJIee 3HATUTEIbHOE
MIPEUMYIIIECTBO HAJI IPYTMMHU apXUTEKTypaMu, cM. Tabuity 3. B mociegaem
cToJIbIe yKa3aHa 31oxa, Ha KOTOpoi opMupyercs apxutekTypa backbone
C HAWTYYIIMMHA BECAMU JJIs IETEKTUPOBAHUST MACOK CETMEHTAIUN.

3.5. Ananu3 metpuk mAP gns pasnnyHbIx apxuTtekTyp

Pesysbrarsl cpaBHATEIFHOrO aHam3a METPUK TOYHOCTH JIETEKTHPOBAHUS
OrPaHMYUBAIONINX PAMOK M MAaCOK CEIrMEHTAIU OO'beKTOB Ha a3POMOTOCHUMKAX
BBISIBJISIIOT 3HAYNMbBIE PA3JIMYNS [TPOU3BOINTEIHHOCTH MOJIEJIEl, PUCYHOK 8.
Kuaccuueckue cséprounsie cetn (ResNet-50, ResNet-101, DenseNet-121)
JIEMOHCTPUPYIOT HAUMEHBIINE 3HAYEHUs] METPUK, B TO BPEMsi KAK COBPEMEHHbBIE
apxurekTypbl (ConvNeXt-T, Swin-T) obecrieqnBaroT CymeCTBEHHBINH TPUPOCT
TOYHOCTH. APXUTEKTYpa SWin-S IPEeBOCXOJUT BCE PACCMOTPEHHBIE MOJIEN
110 0OOVM ITOKA3ATEJISAM.
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TabuLA 3. MeTpuKu TOYHOCTH JETEKTUPOBAHHUA MACOK CErMEH-
TalMA JJIsT PA3JIMIHBIX apXUTeKTyp backbone

Backbone mAP | mAP s | mAP_m | mAP | | Snoxa
ResNet-50 0.3000 | 0.1200 | 0.2800 | 0.4200 52
ResNet-101 0.3561 | 0.1900 | 0.3600 | 0.5100 67

DenseNet-121 | 0.3121 | 0.1600 | 0.3300 | 0.4800 73
EfficientNet-B3 | 0.3795 | 0.2000 | 0.3700 | 0.5200 65
ConvNeXt-T 0.3948 | 0.2300 | 0.4000 | 0.5500 75
Swin-T 0.4332 | 0.2400 | 0.4100 | 0.5600 78
Swin-S 0.5030 | 0.2800 | 0.4700 | 0.6300 82

B bbox_ mAP W segm_mAP

0.6

mAP

ResNet-50 ResNet-101 DenseNet-121 EfficientNet-B3 ConvNeXt-T Swin-T

PucvHOK 8. Cpasrenne merpux bbox mAP u segm mAP mua
paznuuHbx apxuTekTyp backbone momenn Mask R-CNN

JIjist BeceX apXUTEKTYpP XapaAKTEPHO YCTOWYMBOE IIPEBLINICHUE 3HAUCHUS
bbox mAP max segm mAP, uro cormacyercst ¢ TEOPETHIECKUMI 0K TAHISIMA —
3a/1a98 TOYHOI'O IMHUKCEIBHOTO BBIIEJCHUS OOBEKTOB SBJIACTCA 00JIee CIOXKHON
10 CPABHEHHUIO C JETEKTHPOBAHUEM OIPDAHUYUBAIONIX DAMOK.

Beamunna paspblBa MEXKIy METPUKAMHI BAPbUPYETCH B 3aBUCUMOCTH OT
apxuTeKTypbl. HanMenbiee OTHOCATE/IBHOE OTKJIOHEHUE HAbIoMaeTcsa y Swin-S
(~0.0576), 90 CBHIETENLCTBYET 0 €€ cOaIaHCUPOBAHHON 3(HEKTUBHOCTH TIPK
perenuu obeux 3aga4d. HampoTtus, HAMOOIBITHI PA3PHIB XapaKTEePEH I
ResNet-50 (0.0236) u DenseNet-121 (0.0679), uro ykasbiBaeT Ha UX MeHee
ONTUMAJIBHYIO aJIANTAIINIO K 3a/1a9¢ MHCTAHC-CEIMEHTAIAH.

Takum o6pa30M, IIOJIy9€eHHbIC /TaHHbIE IIOATBEP2K/1al0T IIEPCIHEKTUBHOCTDL
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HCIIOJIB30BaHUST TPAHCHOPMEDPHBIX U COBPEMEHHBIX CBEPTOYHBIX apXUTEKTYD
JI71sT 00pabOTKN a3pOdOTOCHIMKOB, TJIe TPEOYeTCsl OTHOBPEMEHHOE JIOCTUKEHUE
BBICOKOI TOYHOCTHU JIETEKTUPOBAHUSI M CEIMEHTAIMA O0bEKTOB.

3.6. CpaBHutenbHasi BM3yann3aumsi KOHTYPOB MAaCOK CErMmeHTauum
ob6bekToB

Ha pucynkax 9-15 u mpuBeseHbI pe3y/IbTaThl eTEeKTUPOBAHUS 00bEKTOB
Ha (dparmenTe n300parkeHusi a3POPOTOCHUMKA C UCIIOTH30BAHUEM MOJIE/II
Mask R-CNN, umeromeit pazabie backbone.  IIpakTtudeckast 3HAYNMOCTH
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Pucynoxk 10. ResNet-101, norpemnocts KOHTYpoB Macok ~10-11%

addexTuBHOTO permenust 3Tol 3amaun onmucana B [13].

AHajm3 morpentHoCcT JIeTEKTUPOBAHNSA KOHTYPOB MACOK CEIMEHTAIIUN
ITOKA3aJI IPAMYIO 3aBUCHMOCTD MEXK/ Ty apXuTeKTypoii backbone u Tounoctsio
cermenraru. Kiaccndaeckue apxurekTypbl CNN 1eMOHCTPUPYIOT HAMOOJIBIITYTO
norpemsoctsb: ResNet-50 (=15%), ResNet-101 (=10-11%) u DenseNet-121
(=12%). EfficientNet-B3 nokassisaer pesymbrar (~10-11%), conocraBumbiii
¢ ResNet-101 u DenseNet-121, 4T0, BO3MOXKHO, CBHU/IETETHCTBYET O JTOCTUKEHUT
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npesena 3hHEeKTUBHOCTH TPAIUIIMOHHBIX CBEPTOYHBIX apXUTEKTyp. Bojee

HU3KHE 3HAYEHUS OTPEITHOCTH MOy IeHbl JIJIi COBDEMEHHBIX apXUTEKTYD
ConvNeXt-T (=7%) u Swin-T (~3—5%). Haumenbiasi norpersocTs omnpee-
JIEHUsI KOHTYPOB MaCOK CermMeHTaIun 3adukcupoBana y TpancdopMepHoil
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PucyHok 15. Swin-S (morpemsocTs KOHTYpPOB Macok ~21-2%)

apxuTekTypbl Swin-S (=1-2%), pucyHok 15.

[losryuennble pe3ysibTaThl CBUJIETENBCTBYIOT, YTO HCIOIH30BAHNE COBPEMEH-
HBIX aPXUTEKTYD, B YACTHOCTUA TPAHC(HOPMEPOB, MTO3BOJISIET CYIIIECTBEHHO
[IOBBICUTH TOYHOCTH HO3UIINOHUPOBAHUS I'PAHAI] O0BHEKTOB 110 CPABHEHUIO
¢ knaccuaecknmu CNN-mojixogaMu. 9T0 0COOEHHO 3HAYMUMO LIS PEIeHUsT
MIPUKJIAIHBIX 33039, TPEOYIONNX BHICOKOW TOYHOCTU CEIMEHTAINH, TAKUX
Kak KaprorpadupoBaHue WIn KaaacTpobbiil yaér [12,13]. Tlosbimenne
TOYHOCTH OTKPBIBAET BO3MOXKHOCTHU JIJIsI AaBTOMATU3AIMI [TPOIECCOB 00paboTKN
a3p0oOTOCHUMKOB C MUHUMAJIbHBIM yYaCTHEM I€JIOBEKA.

3.7. Ouenka BpemeHun 00y4eHns n uHndepeHca mogeneii

OxcnepuMenTaIbHbe nccaemoBanusa mMogeaeit Mask R-CNN ¢ paznmuamabivm
TunamMu apxuTekTyp backbone ocymectisincs ¢ ucnonpzoBanuem GPU A100
80GB. Bpewms o0yuenust Mmojiesieit u BpeMst ux uHdepeHca i n300parKeHwmit,
cpennuit pasmep KoTopbix cocranister 1010 x 750 px, npuBeneHo B Tadsmie 4.



RUmEN; AHAJIM3 APXUTEKTYP BACKBONE /1151 MOJEIU Mask R-CNN 213

TAB/MUA 4. Bpewms oOyuenust u mHdepeHca Mojeseit

Backbone Bpems obyueHus | Bpems nHdepenca
ResNet-50 12-18 mumH. 0.05-0.1 cek.
DenseNet-121 20-30 mmuH. 0.08-0.15 cexk.
ResNet-101 18-25 muH. 0.07-0.12 cek.
EfficientNet-B3 22-35 muH. 0.09-0.16 cek.
ConvNeXt-T 15-22 muH. 0.06-0.1 cexk.
Swin-T 30-45 muH. 0.1-0.2 cexk.
Swin-S 1.5-2 vac. 0.2-0.4 cexk.
3aknioveHue

B pabore mnipoBejién cpaBHUTEIBHBII aHAM3 3POEKTUBHOCTH CEeMU
apxurekTyp backbone B cocrase mojesm Mask R-CNN i1 3a1a1u nHCTAaHC-
CEerMEHTAINN OObEKTOB Ha a3POMOTOCHUMKAX. Pe3yIbTarsl IKCIIepUMEHTa,
JAEMOHCTPUDPYIOT MIPEUMYIIECTBO apXUTEKTYD Ha OCHOBE Me€XaHU3Ma BHUMAa-
aus (Swin-T n Swin-S) u ycosepmencrsoBaunoit CNN (ConvNeXt-T) nas
KJIACCUYECKUMU CBEPTOYHBIMU CETSIMU.

YCTaHOBJIEHO, ITO CIIOCOOHOCTH MO/ K 3aXBATy IVI006ATHHBIX KOHTEKCT-
HBIX 3aBHCHMOCTEI SBJIACTCA 3HAYMMBIM (DAKTOPOM IS JOCTHKEHHS BBICOKON
TOYHOCTH CETMEHTAINHN B YCJIOBUAX a3podoTOCHEMKI. ApxurekTypa Swin-S
HOKa3aJ1a HAauBbICHHe 3HadeHnst MeTpuk bbor mAP (= 0.5606) u segm mAP
(= 0.5030), ocobeHHO Il cerMeHTanyu 00BLEKTOB MaJjIoro pasmepa. Ilpu
9TOM JOCTHKEHNE MAKCUMAJILHON TOYHOCTHU CONPSAXKEHO CO 3HAUUTEHLHBIMU
BBIYHC/IATEILHBIMEA 3aTPATAMI, YTO OTPAHMYMBACT IpHMEHEHHnE Swin-S
sagadamu offline obpaborku. s cuenapues peajbHONO BpeMeHu 0oJiee Ie/1eco-
0bpas3Ho ucmosib3oBanue Mojeseit Swin-T n ConvNeXt-T, obecrieunBarommx
IpUEMJIEMBIH KOMIIPOMECC MEXKIY TOYHOCTBIO M IPOU3BOIUTEIHHOCTHIO.

UccneroBanue mpeIocTaB/IsgeT SMIMPUIECKIE JAHHBIE JIJIsT BEIOOPA apXu-
TeKTypb! backbone B 3aBrcuMocTH OT TpeOOBaHMI KOHKPETHOTO TTPUIOKEHSI.
PesynbraTer ucciieioBannii B HaCTOsIIEE BPEMS UCIOIB3YIOTCS B HHMOPMAIIU-
onHoit cucreme Kaprorpaduposanus IIIIK «Pockamgactps. IlepcriekTuBHBIM
HaIpaBJIeHUEM JAJTHHEHIIIX paboT ABJISETCs pa3paboTKa METOI0B ONMTHMU3a-
U COOTHOINIEHUsT TOYHOCTUA U MPOU3BOIUTETHHOCTHU, BKJIIOYAS CO3JaHUIe
TUOPUIHBIX APXUTEKTYP.
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