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Abstract. In recent years, deep learning technologies have been widely applied in medical
image analysis, demonstrating outstanding performance particularly in image segmentation
tasks.

To address the issue of semantic information loss during the feature extraction stage in
U-shaped networks, which limits the segmentation accuracy of colorectal tumors, this paper
proposes a novel segmentation model based on the U-Net architecture, named MGA-UNet
(Multi-scale Ghost Attention U-Net). The model integrates multi-scale feature extraction,
dual channel and spatial attention mechanisms, and attention gating in skip connections. The
specific improvements are as follows:

First, an enhanced Ghost module (combined with RFB) is adopted in the encoding stage to
achieve extraction and fusion of multi-scale feature information.

Second, the CBAM (Convolutional Block Attention Module) is introduced into the encoding
path to enhance the network’s feature response to small-scale targets.

Third, attention gate units are embedded in the skip connections to suppress irrelevant
background regions and highlight tumor features.

Experimental results on a colorectal tumor CT dataset demonstrate the high effectiveness
of the proposed model. Compared with the classic U-Net, GhostNet, and the recent
Mamba-UNet and U-SAM, the proposed model can delineate colorectal tumor regions more
accurately and achieves superior segmentation performance. Furthermore, ablation studies
and hyperparameter sensitivity analysis verify the effectiveness and stability of each proposed
module. (Linked article texts in English and in Russian).
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Introduction

According to the 2024 global cancer statistics, colorectal cancer
ranks third in incidence and second in mortality worldwide [1]. Clinical
characteristics of the disease are closely related to the type, location,
size, and number of colorectal polyps. Early detection and removal of
polyps play a key role in reducing the incidence of colorectal cancer and
significantly improve patient survival.

Currently, colonoscopy remains the primary method for detecting
colorectal polyps. However, numerous systematic reviews and meta-analyses
indicate that colonoscopy still has a substantial risk of missing polyps and
adenomas [2]. Therefore, developing automated segmentation technologies
for colorectal tumors not only significantly improves diagnostic accuracy
but also reduces the burden on medical staff, facilitating the promotion of
early screening and intervention programs.

In recent years, the rapid development of deep learning has provided
powerful technical support for automatic medical image segmentation.

Shelhamer et al. proposed the Fully Convolutional Network (FCN),
where fully connected layers of traditional CNNs are replaced by convolu-
tional layers, and deconvolution operations are used to restore image
resolution, while skip connections are introduced to merge semantic infor-
mation from shallow and deep layers, yielding more detailed segmentation
results [3].

Ben-Cohen et al. first applied FCN to liver segmentation and lesion
detection, achieving an average Dice coefficient of 0.89 without complex
preprocessing steps, outperforming traditional CNNs [4].

Isensee et al. developed nnU-Net, a self-configuring method that adapts
to different medical image segmentation tasks [5].

Chen et al. presented EfficientNet-Lite UNet for biomedical image seg-
mentation, providing high segmentation quality while saving computational
resources [6].

Schenk et al. improved the FCN architecture by introducing long and
short skip connections to transfer feature maps from the compression path
to the expansion path, recovering details lost during downsampling and
accelerating convergence [7].
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Igbal and Sharif proposed a semi-automatic breast tumor segmentation
method using a U-shaped pyramid-dilated network, improving efficiency by
leveraging both labeled and unlabeled data [8].

Ronneberger et al. introduced the classic U-Net model with a symmetric
encoder-decoder structure, achieving excellent segmentation results through
skip connections [9].

Zhou et al. developed U-Net+-+ based on U-Net, which extracts richer
hierarchical information by reorganizing skip connections, minimizing the
semantic gap between up- and down-sampling features [10].

Seo et al. proposed mu-U-Net, adding extra deconvolution layers and
activation functions in skip connections to simultaneously extract high-level
global features of small objects and high-resolution boundary information
of large objects [11].

Wang et al. developed Retina UNet for head and neck tumor localization
on PET/CT images, which not only improves segmentation accuracy but
also predicts patient survival time [12].

In addition, lightweight convolutional networks such as GhostNet [13]
and ShuffleNetV2 [14] can significantly reduce computational costs while
maintaining high accuracy, offering new approaches for clinical deployment
of medical image segmentation.

In colorectal tumor segmentation tasks, fluctuations in CT image
quality hinder accurate identification of small tumor boundaries. To
address this problem, we propose a segmentation method combining
multi-scale convolutions and channel-spatial attention mechanisms.

(1) traditional convolutional operators are replaced by a multi-scale
convolution module (Ghost-+RFB) for multi-level feature extraction.

(2) a spatial-channel attention mechanism (CBAM) is embedded between
the down-sampling and up-sampling paths to enhance the network’s
perception of small objects.

(3) attention gates are introduced into skip connections to filter and fuse
key feature information.

Experimental data confirm that the proposed method effectively
improves segmentation accuracy of small tumors.
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Parallel to this, transformer-based models such as ViT [15], Tran-
sUNet [16], UNETR [17], and Medical Transformer [18] have also achieved
success in medical image segmentation by using self-attention to capture
global context. Our proposed MGA-UNet complements transformer-based
methods by focusing on a combination of lightweight multi-scale convolu-
tions and attention gates, making it more suitable for resource-constrained
environments.

Recent studies, including MSGU-Net [19], GA-UNet [20], and
MGTUNet [21], have also attempted to incorporate multi-scale structures
or attention mechanisms into U-shaped architectures. However, these
works either lack simultaneous channel and spatial attention or do not
include learnable gating mechanisms in skip connections, and the models
are mainly applied to skin lesion or liver tumor segmentation.

Our MGA-UNet is the first to seamlessly integrate the multi-scale
Ghost+RFB module, dual CBAM attention, and attention gates. This effec-
tively addresses issues such as small object size and low boundary contrast
in colorectal CT images, achieving significantly improved segmentation
accuracy with low computational cost.

1. Methods
1.1. Improved convolutional module

Implementing segmentation tasks with convolutional neural networks
involves significant computational complexity due to the generation of a
large number of redundant feature maps. This redundancy manifests in two
aspects:

(1) some generated maps contain minimal relevant information, leading
to inefficient resource usage

(2) high similarity among feature maps (duplication) substantially
increases processing time.

To optimize the generation of high-quality features while minimizing
hardware costs, Han et al. developed the lightweight GhostNet architec-
ture [13]. The key component is the Ghost module, which first generates a
base set of feature maps using standard convolution and then applies



ENZRY INTEGRATING MULTI-SCALE FEATURES AND ATTENTION MECHANISMS . . . 151

ontology

Linear
teansformation ’

le,

L,
nsz o

Output
Input W P

FIGURE 1. Structure of the Ghost convolution

[ linear ]
» rransfo :nea, — ', \

Input

Output

Ficure 2. Improved Ghost+RFB convolution structure

cheap linear transformations to produce additional maps. This approach
drastically reduces computational costs. The structure of the Ghost

convolution is shown in Figure 1.

Compared to traditional convolution, the Ghost module effectively
minimizes model complexity and reduces computational costs, accelerating
training without significant loss of segmentation quality. However, the
second stage of the Ghost module relies solely on linear transformations,
limiting feature representativeness and diversity, potentially reducing final

segmentation accuracy.

To endow the Ghost module with multi-scale feature extraction
capability, we integrate a Receptive Field Block (RFB) [22]. The modified
Ghost+RFB structure is shown in Figure 2.
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BN+RelLU

Ficure 3. Improved convolutional block

The RFB block is implemented with four parallel branches: a 1 x 1
convolution and three types of atrous convolutions: 3 x 3 with dilation rate
1, 3 x 3 with dilation rate 3, and 5 x 5 with dilation rate 5. The outputs of
all branches are concatenated along the channel dimension, then summed
element-wise with the original output of the Ghost module. This design
allows the model to simultaneously extract local details and contextual
information over a broader receptive field.

Based on the improved Ghost+RFB module, we constructed an
updated convolutional block designed to replace standard convolutional
components in the classic U-Net architecture (see Figure 3).

Mathematically, for an input feature map X, traditional convolution
uses K filters to generate M output maps, with computational complexity

(FLOPs) H x W x M x k x kx C, where k is the kernel size. In contrast, the
Ghost module adopts a two-stage strategy: first, it generates M’ intrinsic

feature maps (M’ < M); then it applies s cheap linear transformations to
each, synthesizing M = M’ x s feature maps, reducing computational cost

to approximately 1/s of standard convolution [13].

In our modification with the RFB block, the cheap transformations are
replaced by atrous convolutions with varying dilation rates, substantially
expanding the multi-scale receptive field [23].
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FIGURE 4. Structure of the CBAM module

As shown in Figure 3, the proposed convolutional block consists of two
cascaded Ghost+RFB modules. A residual connection is integrated to
mitigate degradation in deep models [24]. Batch normalization (BN) is
applied after each Ghost+RFB module, while ReLLU activation is used only
after the first module. The output Y is formalized as:

Y = RGLU(GQ(Gl(X))) + X,
where G1, G2 denote the two cascaded Ghost+RFB modules.

1.2. CBAM attention mechanism

Attention mechanisms are effective tools for improving the performance
of convolutional neural networks. By differential weighting, they suppress
features from irrelevant regions and focus computational resources on
the most informative data fragments. In this work, we integrate the
Convolutional Block Attention Module (CBAM) [25], which sequentially
extracts features along channel and spatial dimensions. By element-wise
multiplication of the attention maps with the input features, adaptive
feature refinement is achieved. The CBAM structure is shown in Figure 4.

For an intermediate feature map F € RE*W*C CBAM sequentially
generates a 1D channel attention map M, € R'*'*¢ and a 2D spatial
attention map M, € RHxWx1.

F'=M/(F)®F, F'=M/(F)®F,
where ® denotes the element-wise multiplication operation.

The channel attention mechanism aggregates spatial features using
both average-pooling and max-pooling layers. The spatial attention block
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generates adaptive weights based on global descriptors along the channel
dimension. Integrating this dual-mode attention system allows the model
to localize colorectal tumor regions with higher precision. Although the
number of trainable parameters increases slightly, the gain in segmentation
accuracy fully justifies the additional computational cost.

1.3. Moadification of skip connections

To upgrade standard skip connections, we integrate the Attention Gate
(AG) mechanism proposed by Oktay et al. [26]. The principle of AG is
based on the joint analysis of the input feature vector and a gating signal,
which undergo linear transformations for dimensionality alignment followed
by element-wise summation. The result passes through a ReLLU activation
and a second linear transformation to reduce dimensionality. Then, using a
sigmoid function, attention coeflicients v are computed, which are used for
element-wise weighting of the input feature vector Z.

The attention gate computation can be formalized as:
q=V"(o1(W)z+W)g+by))+ by,
where

x  are the encoder features passed through the skip connection,
g is the gating signal from the decoder,

o1 is ReLU,

o9 s sigmoid,

Wy, Wy, ¥ are learnable matrices,

by, by are biases.

The attention gate can automatically adapt to different shapes and
sizes of colorectal tumors, determining whether a pixel belongs to the region
of interest via the attention coefficients, thereby suppressing irrelevant
background areas and enhancing task-relevant features.

1.4. Network architecture

The architecture of the proposed model, shown in Figure 5, is based on
the U-Net structure. The main modifications include replacing standard
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convolutional blocks with improved Ghost+RFB modules, integrating
attention gates into skip connections, and incorporating CBAM blocks in

both the encoder and decoder paths.
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FIGURE 5. Architecture of the MGA-UNet network

In the classic U-Net, the compression path includes four down-sampling
stages. The proposed model also implements four encoding levels, each
consisting of two sequential Ghost+RFB modules. Within each module,
input data first undergo a primary convolution, followed by cheap operations
to generate redundant feature maps. In parallel, the RFB block uses

kernels of various sizes to produce multi-scale features.

Batch normalization (BN) is applied for training stability, and ReLU
activation is used only after the first Ghost+RFB module. The outputs
of the two modules are combined through a residual connection. Each

encoding stage ends with a max-pooling operation with stride 2

The decoder contains four up-sampling operations. Each level includes
a transposed convolution with stride 2 and two sequential Ghost+RFB
modules, with normalization and ReLLU applied between them. A
residual block then merges shallow and deep features, preventing network

degradation. Attention gates are added to the skip connections, assigning
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different weights to features generated by the encoder and decoder, thereby
highlighting information relevant to the colorectal tumor region.

The overall loss function is a combination of binary cross-entropy
(BCE) and Dice loss:

L=8 Lpcg+ (1 —70) Lpics, B=0.5,

where
N
LBCE = - Z Yi Ing1 1 - yz) log(l *pz)]
2> yipi + €
Lpice =1 - =——""~=——,
DY+ pite
with

the true pixel label,
the predicted probability,

the balancing weight (8 = 0.5 in this work),

Yi

pi

N the total number of pixels,

B

€ a small constant to avoid division by zero.

The combined loss function helps mitigate class imbalance and improves
boundary delineation accuracy.

2. Experimental results and analysis
2.1. Dataset and preprocessing

The experimental studies were conducted on a CT image dataset of
rectal cancer collected at the First Affiliated Hospital of Henan University
of Science and Technology (Luoyang, China). The original sample includes
2D CT scans of 108 patients, of which 1693 images contain expert tumor
annotations (masks). Data augmentation expanded the training set to 3057
images. Preprocessing steps included:

« Cropping: images were cropped to 512 x 512 centered on the tumor
region.
« Intensity correction: Hounsfield unit range was limited to [—200, 200]

to improve soft tissue visualization [27].

« Contrast enhancement: histogram equalization was used to increase
tumor tissue differentiation.
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(a) before (b) after

F1GURE 6. Preprocessing of colorectal tumor CT images

» Normalization and resizing: data normalization minimized inter-indi-
vidual variability, after which all scans were resized to 256 x 256
pixels.

The dataset was split into training, validation, and test sets in an 8:1:1
ratio. A visual comparison of images before and after preprocessing is
shown in Figure 6.

2.2. Metrics and experimental setup

All experiments were implemented in Python 3.9 using PyTorch
1.12 [28] in the PyCharm IDE. Computations were performed on Windows
10 with an AMD Ryzen 5900X CPU and an NVIDIA GeForce RTX 3080
GPU (10 GB memory). Model weights were initialized using Kaiming
Normal without pretrained weights.

Optimization used the AdamW algorithm with an initial learning rate
of 10* and weight decay 107°, batch size 8. The loss function was a
weighted combination of BCE and Dice loss with 8 = 0.5. The learning
rate schedule followed cosine annealing (7},4. = 100 epochs), dropout rate
was 0.5. Early stopping was applied: training stopped if the Dice metric on
the validation set did not improve for 15 consecutive epochs.
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FIGURE 7. Training and validation loss curves

For objective verification of colorectal tumor segmentation effectiveness,
we used the Dice Similarity Coefficient (DSC) and Intersection over Union
(IoU). These metrics range in [0, 1], with values near 1 indicating maximum
agreement with ground truth. Here A is the predicted mask, B is the
ground truth mask. IoU measures the relative overlap of two contours. The
mathematical expressions are:

. 2|AN B|
Dice(A, B) = AT+ B
Here A is the predicted mask, B is the ground truth mask. IoU measures
the relative overlap of two contours.
_AnB|

IoU(A, B) = AUB|

The dynamics of loss and Dice during training are shown in Figure 7
and Figure 8. For visualization of the global convergence trend, raw loss
values were smoothed using a Savitzky—Golay filter (window=>5, order=2).
Analysis of the learning curves together with the statistics in Table 1 shows
high convergence speed in the first 80 epochs.

The final loss on the training set stabilized at 0.14, and on the
validation set around 0.15. The close proximity of the curves (gap less than
0.05) with no signs of oscillation or increase after epoch 80 confirms the
high generalization ability of the model and absence of overfitting. The
validation Dice reached a stable plateau around 96% by approximately
epoch 80.
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TABLE 1. Raw loss statistics (unsmoothed)

Epoch range ggeiﬁﬁlz(;ifi E:inmin Xgalr?jszsstd l\rllagx min
1-20 0.474+0.12 | 0.85/0.31 | 0.52£0.10 | 0.98/0.38
21-40 0.284+0.06 | 0.37/0.19 | 0.31+£0.05 | 0.39/0.24
41-60 0.1940.03 | 0.24/0.14 | 0.22£0.04 | 0.28/0.16
61-80 0.16+£0.02 | 0.18/0.11 0.1740.03 | 0.22/0.13

81-100 0.1440.01 0.15/0.10 | 0.15+0.02 0.18/0.12

The loss curves in Figure 7 are presented in smoothed form. To provide
a complete description of the training process, Table 1 presents segmented
statistics of raw (unsmoothed) loss values by epoch range. Analysis of the
raw data also confirms stable convergence without anomalous jumps or
sharp fluctuations.

The model code is available in an open repository: https://github.
com/Wangqian33/MGA-UNet.

2.3. Comparative experiment results

To validate the effectiveness of the proposed algorithm, a comparative
analysis was performed between MGA-UNet and baseline U-Net, as well as
recent solutions: GhostNet, Attention U-Net, U-Net+-, and the recently
published Mamba-UNet and U-SAM. All compared models were trained
from scratch without pretrained weights under identical hyperparameters.


https://github.com/Wangqian33/MGA-UNet
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FIGURE 9. Visualization of segmentation results by different
models: each row presents original image, U-Net, GhostNet,
MGA-UNet, ground truth

Figure 9 demonstrates the colorectal tumor segmentation results. The
first column contains original images, the second and third show results
from U-Net and GhostNet respectively, the fourth shows results from
our proposed model, and the fifth is the ground truth. Visual analysis
shows that U-Net tends to over-segment and localizes boundaries less
accurately. In contrast, MGA-UNet provides more precise tumor boundary

segmentation, showing high agreement with the ground truth.

Quantitative results in Table 2 show that on our private dataset, the
Dice metric of the proposed model exceeds that of U-Net, GhostNet,
Attention U-Net, U-Net++, Mamba-UNet, and U-SAM by 4.45%, 1.52%,
0.87%, 0.64%, 1.32%, and 0.53%, respectively. For IoU, the improvements
are 3.93%, 1.41%, 0.79%, 0.58%, 1.08%, and 0.47%, respectively. According
to a paired t-test, the difference in Dice between MGA-UNet and baseline
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TABLE 2. Performance comparison of different models (%)

. Params | FLOPs Time
Model Dice IoU (M) (@) (ms)
U-Net [9] 91.76 | 89.65 31.0 48.2 12.5
GhostNet [13] 94.69 | 92.17 8.5 12.3 5.8
Attention U-Net [26] | 95.34 92.79 34.9 52.6 13.2
U-Net++ [10] 95.57 | 93.00 36.6 55.1 14.0
Mamba-UNet [29] 94.89 | 92.50 18.5 28.4 9.6
U-SAM [30] 95.68 93.11 12.4 17.8 8.4
MGA-UNet 96.21 | 93.58 10.2 15.6 7.2

Note: U-SAM (Zhang et al., 2025) is a SAM-based model; only adapter
parameters are shown.

TABLE 3. Comparison with related architectures

Multi- Attention|Params L
Model Ghost scale CBAM sate (M) Application
v . .
MSGU-Net [19]| v (branches) — v ~12 | Skin lesions
GA-UNet [20] — — v v ~15 |Liver tumors
MGTUNet [21]| ¢ | Transformer | — v ~25 | Multi-organ
v Colorectal
MG A-UNet v (RFB+atrous) v v 10.2 cancer

U-Net is statistically significant (p < 0.01). All evaluation metrics confirm
the superiority of the proposed method over current alternatives.

For a more detailed justification of the architectural innovations, Table 3
provides a comparative analysis of the key modules of MGA-UNet against
MSGU-Net, GA-UNet, and MGTUNet. As can be seen, MGA-UNet is the
only architecture that simultaneously integrates multi-scale Ghost+RFB
convolutions, the bimodal CBAM attention mechanism (channel and
spatial), and attention gates. Moreover, the proposed model has the
smallest number of trainable parameters, confirming its specialization and
efficiency for colorectal CT image processing.

2.4. Ablation experiments

To evaluate the individual contribution of each proposed component to
overall system performance, a series of ablation experiments was conducted.
The baseline was the standard U-Net architecture, to which the improved
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TABLE 4. Ablation experiment results (%)

Configuration Dice TIoU

Baseline U-Net 91.76 | 89.65
+ improved convolutional module

(Ghost+RFB) 93.88 | 91.02
+ improved module

| CBAM 95.14 | 92.46
+ improved module

+ CBAM 96.21 | 93.58
+ attention gates (MGA-UNet)

convolutional block (Ghost+RFB), CBAM attention, and attention gates
in skip connections were added sequentially. Quantitative results are
presented in Table 4.

According to the presented data, each integrated module made a
positive contribution to segmentation accuracy. Introducing the multi-scale
Ghost+RFB block increased Dice by 2.12% and IoU by 1.37%. Adding
CBAM further increased Dice by 1.26% and IoU by 1.44%. Including
attention gates contributed an additional 1.07% and 1.12%, respectively.
The results indicate a synergistic effect among the components, with the
attention gate mechanism having the most significant impact on tumor
boundary detail [26]. A paired t-test confirmed that the improvements
in Dice and IoU provided by each module are statistically significant
(p < 0.05).

2.5. Hyperparameter sensitivity analysis

To determine the optimal configuration of the proposed model, a
sensitivity analysis was performed on the weight coefficient 5 in the
combined loss function. As shown in Figure 10, experiments were conducted
over 8 € [0, 1]. The results demonstrate that the highest performance (Dice
~~ 96.2%) is achieved at 8 = 0.5. For small values (8 < 0.2), the insufficient
contribution of Dice loss hinders precise boundary segmentation, leading to
lower metrics. Conversely, at excessively high values (8 > 0.8), the reduced
weight of binary cross-entropy also causes a moderate decline in accuracy.

Additionally, the influence of pooling methods and initial learning rate
on model effectiveness was investigated. Replacing max-pooling with
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average-pooling during down-sampling led to a decrease in Dice of about
0.8%. Increasing the initial learning rate to 102 caused destabilization
(oscillations) of the training process, reducing Dice by 1.2%. Therefore, this
work justifies the use of max-pooling with stride 2 and a learning rate of
104,

Table 5 presents the results of an extended hyperparameter analysis,
including weight decay, dropout probability, and learning rate scheduling
strategies. Experiments confirm that deviations from the chosen con-
figuration (Ir=1e-4, s = 4, WD=1e-5, dropout=0.5, cosine annealing)
reduce segmentation accuracy within 0.5%—1.5%. This indicates that the
model has acceptable sensitivity to hyperparameter settings, maintaining
consistently high performance near the optimum.

3. Conclusion

In this work, to address the insufficient accuracy of existing models for
colorectal tumor segmentation, we proposed an improved MGA-UNet
architecture based on U-Net. In the developed model, standard convolutional
layers are replaced by a combination of Ghost and RFB modules, allowing
the network to extract more diversified features during down-sampling.
Integrating the CBAM attention mechanism between encoder and decoder
focuses the model on key features, while embedding attention gates in skip
connections enhances relevant local characteristics.

Experimental results on a private colorectal cancer CT dataset show
that the proposed method outperforms existing analogues, achieving a Dice
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TABLE 5. Extended hyperparameter sensitivity analysis (Dice

%)

Hyperparameter Value Dice (%) | FLOPs (G) | Time (ms)

107° 94.82 15.6 7.2

Learning rate 5- 19;5 95.62 15.6 7.2

10 96.21 15.6 7.2

5.107% 95.35 15.6 7.2

2 95.67 19.2 8.5

Compression 3 96.01 17.1 7.8

factor s 4 96.21 15.6 7.2

5 95.98 14.2 6.7

0 95.83 15.6 7.2

Weight decay 10:” 96.21 15.6 7.2

10 95.92 15.6 7.2

0.0 96.24 15.6 7.2

Dropout 0.3 96.18 15.6 7.2

0.5 96.21 15.6 7.2

0.7 95.86 15.6 7.2

Fixed 95.44 15.6 7.2

Scheduler Step 95.91 15.6 7.2

Cosine annealing | 96.21 15.6 7.2

coefficient of 96.21%. It should be noted that this high Dice score was
obtained on a limited sample (108 patients) after strict preprocessing
(tumor centering, intensity windowing), so these results may require
additional verification when extrapolated to more variable clinical data.
With only 10.2M parameters and an inference time of 7.2 ms per image,
the model is promising for use in real-time clinical diagnostic scenarios.

Directions for further research include:
« extending the proposed model to 3D CT volumes [31] with develop-
ment of 3D versions of the Ghost and CBAM modules;

« implementing semi-supervised learning strategies [32] to leverage
unlabeled data and improve network generalization;

« testing the model on public datasets to confirm its robustness.
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Beepenne

CorytacHO 0TY6Ty 0 MHPOBOIi cTaTucThKe paka 3a 2024 roj, KOJOpPEKTa b
HBIIl paK 3aHUMaeT TPEThe MECTO B MUPE TI0 ITOKa3aTeIsIM 3a00JIeBaeMOCTH
1 BTOPOE MECTO CpeJy IPUYIUH CMEPTHOCTU OT OHKOJIOIMYECKUX 3ab0Jie-
paunii [1]. Kimanueckne xapakTepucTuKN 3a00JI€BAHUST TECHO CBsI3aHBI
¢ TUIOM, JIOKAIU3aIell, pa3MepoM U KOJUYECTBOM KOJIOPEKTAIBHBIX MMOJIUIIOB.
Pannee BbIsiB/IcHHE U yJIaJI€HUE MTOJUIIOB UTPAET KJIIOYEBYIO POJIb B CHIKEHUN
3a60JIEBAEMOCTH KOJIOPEKTAJIBHBIM PAKOM U 3HAYUTENHHO YJIydIliaeT IPOrHO3
BbBIZKMBa€eMOCTH ITaIlUCHTOB.

B Hacrosiinee Bpemsi KOJIOHOCKOIIHSI SIBJISIETCsI OCHOBHBIM METOJIOM OOHApPY-
JKEHUSI KOJIOPEKTAJIbHBIX MOIUIOB. OTHAKO PE3yJIbTATHI MHOTOUNC/IEHHBIX
CHCTEMATHIECKUX 0030POB U METa-aHAJM30B MMOKA3BIBAIOT, YTO MPU KOJOHOCKO-
MW COXPAHSETCS CYMIECTBEHHBIN PUCK MPOIYCKa MOJHUIOB U afeHoM [2]. Takum
obpa3oM, pa3paboTKa TEeXHOJOTWI aBTOMATH3NPOBAHHON CErMEHTAINN KOJOPEK-
TaJIbHBIX OIYXOJIeil He TOJIBKO CITOCOOCTBYET 3HAYMTE/IbHOMY IIOBBIIIEHUO
TOYHOCTH JIMATHOCTUKHW, HO ¥ CHUKAET HATPY3KY Ha MEIUIMHCKUI IIEPCOHAT,
COJIEUCTBYSI TIPOJBUYKEHUIO TPOIPAMM PAHHEIO0 CKPUHUHIA U BMENIATETHLCTBA.

B mociennme roapl cTpeMHUTEbHOE PA3BUTHE TIyOOKOTO O0YyYIeHUST
06eCIIeTnIO0 MOIITHYIO TEXHOJOTUIECKYIO MOJIJIEPKKY JIJIsT aBTOMATUIECKOMN
CEerMEeHTAIINN MEIUIUHCKUX N300PaskeHuii.

Shelhamer u gp. npemioxkuau nonocséprounyio cerb (FCN), B koropoii
MOJTHOCBsi3HBIE ¢ion TpaauioHHbIX CNN 3aMeHeHbI CBEPTOYHBIME CJIOSMU, a
JIJIS1 BOCCTAHOBJICHUSI pa3pelnteHnsi n300parXKeHU UCTIOIb3YIOTCsT OMEPAIAN
JIEKOHBOJIIOIIH (0OPATHON CBEPTKH), IIPH 9TOM BBOJSATCS [IPOILYCKHBIE CO-
eunenus (skip connections) st comsiHusT ceManTHYIeCKOi nHbOpPMATN
MEJIKUX U IVIyOOKHX CJIOEB, YTO IO3BOJISIET IOJIYYaTh DOJIEe JeTaIN3UPOBAHHBIE
pe3yJIbTaThl cerMeHTayu [3].

Ben-Cohen u ap. Buepsoie npumenmm FCN mia cermenraruu medenn u
0OHAPYKEHNS €€ TTOBPEXKICHUM, JOCTUTHYB cpeanero koddduruenta Dice
0,89 6e3 UCI0JIB30BAHUS CJIOXKHBIX ITAIOB 1IPeI00PaOOTKHU, YTO IIPEB3OIILIO
pesyabrarsl TpaauioHHbx CNN [4].

Isensee u gp. pazpaborasu merom nnU-Net ¢ aBromaTndeckoit KoHU-
rypargeii, ClioCOOHBIN aJIAITUBHO HACTPAMBATHCS MO PA3IUIHbIE 33490
CerMeHTalul MeIUIUHCKUX n300pakenuii [5].

Chen u ap. npencrapusu cetb EfficientNet-Lite UNet mjist cermenTarun
OMOMEIUITNHCKUX M300parKeHn, KOTOpasi 00ECIIeINBAECT BHICOKOE KaIeCTBO
CerMeHTAIY TIPH YKOHOMUH BBIYHUCJIUTEIBHBIX PEeCypcoB [6].

Schenk u mp. ycosepmencTBoBasin apxurekrypy FCN,| BBems miuHHBIE U
KOPOTKHE TIPOTYCKHBIE COEMHEHUs JIJIsI IePeIadn KApT MPU3HAKOB U3 Iy TH
CKaTHsl B MyTh PACIIUPEHNUsT, 9TO MO3BOJINIIO BOCCTAHOBUTD JIETAJIH, YTEPSHHbIE
B IIporiecce CyOIUCKPETU3aId, U YCKOPUTh CXOJUMOCTh 00yuenus [7].
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Igbal u Sharif npejoxujin MeTO/I OJIyaBTOMATHYECKON CEIrMEHTAIIN
omyxoJieii MOJIOUHO# »KeJjie3bl Ha ocHOBe U-00pa3Hoil mupaMuIaJbHON ceTn
¢ pacimmpernabivu ceéprkamu (dilation networks), mossicus addexTuBHOCTD Cer-
MEHTAITUIH 38 CIET COBMECTHOI'O MCIOIH30BAHNS PA3MEUEHHBIX 1 HEPA3MEUCHHBIX
JIaHHbIX [8].

Ronneberger u ap. npeacrasuinu kiraccudeckyo mojess U-Net ¢ cum-
METPUYHOM CTPYKTYPOIl KOMUPOBIIUKA-IEKOIUPOBIINKA, KOTOPas JOCTHUIJIA
OTJIMYHBIX PE3YJIBTATOB CErMEHTAIUN 0JIaroaps NHTErpalu KapT IPU3HAKOB
4yepes MPOIyCKHbIe coepubenus [9].

Zhou u np. ua ocuoBe U-Net pazpaboranu U-Net+-+, B KoTopoii 3a
CYET PEeOPraHm3aIy IPOIYCKHBIX COEIMHEHNIT n3BIeKaeTcs: Oojee boraras
repapxudecKas WHOOPMAIHS, 9TO MUHIMU3UPYET CEMAHTUYIECKU Pa3pPbIB
MeXKJ[y IPU3HAKAMU HA STalax IOBBIIIEHNs] U TIOHIKeHus quckperusanun [10].

Seo u jp. npegnoxkmin cerb mu-U-Net, 100aBUB JOIOTHATEIBHBIE CJION
JEKOHBOJTIONMU U (DYHKIINU aKTUBAIUA B IIPOITYCKHBIE COEIMHEHUS JIIsi
OIHOBPEMEHHOI'O U3BJI€ICHUs TJI00AJIBHBIX TPU3HAKOB BBICOKOTO YPOBHS
MaJIbIX 00'bEKTOB 1 MHQOPMAIIUH O T'PAHUIAX BHICOKOIO PA3PEIIeHNs] KPYITHBIX
o6bekTos [11].

Wang u jp. pazpaboraiau monesb Retina UNet jyist jiokainsanuu omyxoJieit
roJioBel u men Ha u3odpaxenusx [T /KT, koropasg He TOJIBKO MOBLIIIAET
TOYHOCTH CEIMEHTAIUM, HO U IIPOIHOBUPYET BPEMs BbIKUBAHUS HaluenTos [12].

Kpowme Toro, sérkue cséprounbie ceru, Takue kak GhostNet [13]| u
ShuffleNetV2 [14], crioco6ubI 3HAIUTEILHO CHU3UTD BBIYUCIUTEIBHBIE 3aTPa~
TBI IIPU COXPAHEHUU BBICOKOI TOYHOCTH, IIP€JijIaras HOBbIE IIOIXO/bI JJIs
KJIMHUYECKOI'O0 BHEJIPEHUsI CEIMEHTAINY MEIUIIMHCKUX M300parKeHU.

B zajmagax cermeHTaImm KOJIOPEKTAJIBHBIX OITyXOJieil KojeOaHmsl KauecTBa
KT-uz00parkenuit 3aTpyaHAIOT TOYHYIO HICHTA(PUKAIINIO TPAHUI] HEOOIBIIAX
HoBooOpasoBanwmit. s perenunst 3Toit mpobeMbl B JAHHON paboTe MpeIorKeH
METOJ CETMEHTAIINHN, COUETAIONUNI MHOTOMACIITA0HbIE CBEPTKU U MEXAHU3MBbI
KaHaJIbHO-ITPOCTPAHCTBEHHOIO BHUMAHUSI:

(1) JyIst U3BJIeYEeHHs] MHOIOYDOBHEBBIX [IPU3HAKOB TPAJMIMOHHbIE CBEP-
TOYHBIE OIIEPATOPBI 3aMEHEHBI MOJIyJIeM MHOrOMACIITabHON CBEPTKH
(Ghost+RFB).

(2) MeXK Ty IyTSIMU TIOHUKEHUS W TIOBBINEHUS JIMCKPETUZAINI BCTPOCH
MEXaHU3M NPOCTPAHCTBEHHO-KaHaibHoro saumanus (CBAM) js
YCUJIEHHSI CIIOCOOHOCTH CETH BOCIPUHUMATDH MAJIbIe OOBEKTHI.

(3) B IPOITyCKHBIE COETMHEHNST BHEJPEHBI OJIOKU YIIPABICHUS BHUMAHUEM
(Attention Gate) jist bubTpanuy U CAMIHAS KJIIOYEBON NPU3HAKOBOM
nHMOPMAIUH.

DKCIIEPUMEHTAIBHBIE JTAHHBIE MTOJTBEPKIAIOT, UTO MIPEJJIOKEHHBINH METO/T
3 PEKTUBHO MOBBINTAET TOUYHOCTH CEIMEHTAIMH HEOOIBITNX OITyXOJIei.
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ITapansessHO ¢ 3TUM MOEIN HA OCHOBE TPAHCHOPMEPOB, TaKHE KaK
ViT [15], TransUNet [16], UNETR [17] u Medical Transformer [18], Taxxe
JIOCTUTJIN yCIleXa B CerMEHTAIMN MEIUIIMHCKAX U300parKeHUil, UCIIOIb3Y sl
MEXaHU3Mbl CAMOBHUMAHUS JJIsI 3aXBaTa [JIO0AJIHHOIO KOHTEKCTA.

IIpenyoxennas B mannoi pabore moneas MGA-UNet gononnsier meTombt
Ha oCHOBe TpaHChOpMePOB, HOKYCUPYSICh HA COUETAHUN JIETKOBECHBIX MHOTO-
MACIITAOHBIX CBEPTOK U OJIOKOB YIPABJICHNUsT BHUMAHUEM, UTO JEIaeT ee Dosee
ITOJIXOJISIIIIEl JIJIsi CPEJl C OTPAHUYEHHBIMYU BBIYUC/IMTEIbHBIMUA PECYPCAMU.

Henasuue uccnenosanust, takue kak MSGU-Net [19], GA-UNe [20]| n
MGTUNet [21], TakzKe IpeIuprHAMAIIN IONBITKA BHEJIPEHUS MHOTOMACIITA-
HBIX CTPYKTYD WJIM MeXaHU3MOB BHuUMaHUusA B U-00pa3HyI0 apXUTEKTYpPY.
Opmrako B 3Tux paborax JmbO OTCYTCTBYET OJHOBPEMEHHOE COUETAHUE KAHAJb-
HOT'O U IIPOCTPAHCTBEHHOT'O BHUMAHUsI, JTMOO HE MPEyCMOTPEHBI 00yJaeMble
MEXaHU3MbI YIIPABJIEHUS B MPOIMYCKHBIX COEIUHEHUSIX, & CAMU MOJIEIN B
OCHOBHOM IIPUMEHSIFOTCSI JIJIs CEITMEHTAINH TOPaYKeHWl KOYKU WJIM OILyXOJIeit
[I€Y€eHN.

Ipennoxennas mogesbr MGA-UNet BuepBbie obecriednBaer GECITOBHYIO
uHTerpanui MHOromaciTabroro moiyisi Ghost-+RFB, jnBoitHoro BHuMaHust
CBAM u 65i0k0B Attention Gate. 9o mozsossier 3¢hHeKTUBHO permaTh Takue
npobstembl KT-n300paxkeHnii KOJIOPEKTAJIBHBIX OITyX0Jjiell, KaK MaJiblii pasMep
00BbEKTOB U HU3KAsA KOHTPACTHOCTH I'PAHUI], OOECIIeYnBast 3HATUTEIbHOE
MTOBBIIIEHNE TOYHOCTU CErMEHTAINH [TPU HU3KUX BBIYUCIUTEIbHBIX 3aTPaTax.

1. Metoabi
1.1. Yny4weHHbI# CBEPTOUHbLIA MOAyb

Peanuzanust 3a/1a1 cerMeHTAIINNT € UCTIOB30BAHIEM CBEPTOYHBIX HEHPOHHBIX
ceTell CONPszKEeHa CO 3HAYUTEILHOU BBIYUCIUTEIHHON TPYT0EMKOCTBIO, 9TO
00yCJIOBJIEHO TeHepaliueil 60JIbIIOro oobemMa N30BITOYHBIX KAPT IIPU3HAKOB.
M36BITOIHOCTD TTPOSABIISIETCST B JIBYX ACIEKTAX:

(1) vacTb chOPMUPOBAHHBIX KAPT COAEPXKUT MUHUMAJILHBIN 00beM pe-
JIEBAHTHON MHMOPMAIINH, 9TO BEJET K HEPAIMOHAJIHLHOMY DPACXOJLY
pecypcoB.

(2) BBICOKAs CTEIEHb CXOACTBA MEXK/Ly OTIEJIbHBIMU KapTaMU IPU3HAKOB
(yGsmpoBaHue) CyIIeCTBEHHO yBEJIMIUBACT BpeMs 00pabOTKY JAHHDIX.

C 1e/IbI0 ONTUMU3AIINHT [TPOTIECCA TEeHEPAITNH BBICOKOKAYECTBEHHBIX TP~
3HAKOB IIPM MUHUMU3AIUN alllapaTHbIX 3arparT Han u ap. paspaboraim
obaeraénnyto apxurektypy GhostNet [13]. KiroueBbim a1eMeHTOM TaHHOM
ceru siByisiercst Mojty b Ghost, mpuHIUI paboThl KOTOPOIO OCHOBAH Ha MEPBOHA-
JaJIbHOM (POPMUPOBAHUN HA30BOTO HabOOPa KapT MPU3HAKOB ITOCPEICTBOM
CTAHJAPTHON CBEPTKHU C TOCJIEAYIONIM ITPUMEHEHIEM SKOHOMUIHBIX JIMHEHHBIX
IpeobpaA30BAHU JIJIsI IOy Y€HUsT UX AHAJIOTOB. TaKoi MO/IX0 T TO3BOJISIET
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PAJUKAJIBHO COKPATUTH BBHIYUCIUTEIbHbIE U3EPKKU (CTPYKTYyPHAs CXeMa,
[peJICTaBJeHa Ha pUCYHKe 1).

OHTonorua

NuneiiHoe

npeobpasosanue ’

e,
609,710
D

Bbixo,
Bxop, W &

Pucynok 1. Crpykrypa cBéprku Ghost

B cpaBHeHUN ¢ TPAIUIIMOHHBIMY CBEPTOYHBIME OTIEPAIUSIMU, MOJLYITh
Ghost mospoJisieT 3 PHEKTUBHO MUHUMU3UPOBATH CTPYKTYPHYIO CJIOXKHOCTH
MOJIEJTM ¥ CHU3UTD BBIYUCIUTEIbHBIE 3aTPATHI, YCKOPsis Tporiece obydenns 6e3
CyIIeCTBEHHON IOTEPU KavueCTBA CErMEHTAIuU. '1eM He MeHee, Ha BTOPOM
srare paborsl Moyt Ghost reHeparust KapT NPU3HAKOB JIETEPMUHUPOBAHA,
UCKJTIOYUTETHHO JTMHEHHBIME TTPE0OPA30BAHISIME, YTO OIPAHUYUBAECT PEIPE3CH-
TATUBHOCTDb ¥ PA3HOOOpa3ne MPU3HAKOB, IOTEHINAIHLHO CHUYKAS UTOTOBYIO
TOYHOCTDH CErMEHTAIIH.

st magenenns: moysisi Ghost crrocoOHOCTBIO K M3BJIEUEHUI0 MHOTOMAC-
mTabHbIX TPU3HAKOB B HACTOSAIIEH paboTe WHTErPUPOBAH OJIOK PEIEITHBHOIO
noist (RFB) [22]. Momudwmimposannas crpykrypa cséprku Ghost, mpeiosken-
Has aBTOPaMU, MPEJCTaB/IeHa Ha PUCYHKe 2.

OHTONOIUA

°"armewr

Jinneiivoe E’
» m=sla
Heu,,Oe \\;

Bxog,

PucyHOK 2. Viyumennas céprodnas crpykrypa Ghost+RFB
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ApxurekTypa 6ji0ka RFB peasnzoBana B Buje 4eTBIPEX NapaJsljielbHbIX
BeTBel, BKIIOIAmuX cBEPTKy1 X 1, a TakKe TpH THUIA PACHIMPEHHBIX (atrous)
cBépTOK: 3 X 3 ¢ Koapdunuentom pacmuperust (dilation rate) 1, 3 x 3
¢ koapdurmentom 3 u 5 X 5 ¢ kodpdunuentom 5. BbIXoHbIe JaHHBIE BCEX
BETBell 0ObEIMHSIIOTCS 110 KAHAJIBHONW pasMepHOCTH (KOHKATEHAIHs ), TIOCTIe
Yero BBIIOJIHAETCH UX [T03JIEMEHTHOE CYMMUPOBAHUE C UCXOIHBIM BBIXOIOM
moyist Ghost. TlojgobHast IpoeKTHAsT CTpaTerus MO3BOJISIET MOIEJN OTHOBPE-
MEHHO KCTPArupOBATh JIOKAJbHBIE JIETAJIN U YIUTHIBATH KOHTEKCTYAJIbHYIO
nHdoOpMaIIio B 6oJsiee MMUPOKOM JINAIIA30HE PEIEIITUBHOTO TTOJIS.

Ha ocuoBe mosepumsuposannoro mosyias Ghost+REFB B manmoit pabore
CKOHCTPYUPOBaH OOHOBJIEHHBIN CBEPTOUHDLIN OJIOK, MTpeIHA3HAMEHHBIN SIS
3aMeHbI CTAH/IAPTHBIX CBEPTOYHBIX KOMIIOHEHTOB B KJIACCHIECKON apXUTEKTYpe
U-Net (monpobuasi cxema IpeJCTaBIeHa HA PUCYHKE 3).

BN+ReLU

Pucynok 3. VYaydmennasi cBEpTOYHAS CTPYKTypPa

B maremarmdyeckoM mpejicTaB/ieHUN, TP BXOIHON KapTe MPU3HAKOB X,
TPaIUIMOHHAST CBEPTKa 3a1eiicTByeT K (ubTpoB jiist rerepanun M BBIXOIHBIX
KapT. BeraucsurensHast ciaoxkuOCTh nanHoro npornecca (FLOPs) soipaxaercst
dopmyioit HxW x M xkxkxC, rue k obo3HadaeT poCTpaHCTBEHHBI pa3Mep
sipa cBEpTKU. B ommuame or sToro, moiaysib Ghost peasiusyer JByX3aTallHyto
CTpaTeruio: Ha IepBoM 3rale (popmupyercsa M’ 6a30BbIX KapT IIPU3HAKOB
(M’ < M), a Ha BTOPOM — K KaxKJ0} M3 HUX [PUMEHSIETCs] § YSKOHOMUIHBIX
JIMHEHHBIX npeobpasopanuil. B pesynbrare cunresupyerca M = M’ x s xapT
[IPU3HAKOB, [IPH 9TOM BBIYHCJIUTEIbHBIE 3aTPATHI COKPAIIAIOTCS IIPUMEPHO JI0
1/s or obbema cranmapTHON cBEpTKH [13].

B npemnoxennoit mogudukanun ¢ 6siokom RFB sTanm skonoMmuanbix
npeobpa3oBaHuil 3aMeHEH PACIINPEHHBIMY CBEPTKAME C BaPbUPYEMBIMU KO3(]-
dunpenTaMu, YTO CyIIEeCTBEHHO PACIINPAET MHOIOMACINTAOHOE PENenTUBHOe
noste [23].
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Kak mokazano Ha pucyHke 3, IpeJjIoXKeHHbI CBEPTOYHBII OJIOK COCTOUT
U3 JIBYX I[OCJI€J0BATEIHHO coeuHeHHbIX MomyJieit Ghost+RFB. s auBesmpo-
BaHUs IPOOJIEMBI JIErPAJIAIUK [VIyOOKUX MOJIeNIell B CTPYKTYPY MHTErPHPOBaHA
ocTaTrouHasi CBsi3b [24]. B mporecce peasmsanun nocse Kazkaoro MoJLyJist
Ghost+RFB npumensiercs: nakernast Hopmaim3sanust (BN), nmpu stom dbyrKIms
aktuBaruu RelLU 3ajeiicTBoBaHA UCKIIOUNTENIHHO TTOCTIE TIEPBOTO MOJIYJIS.
Brixon nanmoit crpyKTyphbl Y hopMaIu3yeTcs CIILYIONIM 00Pa30oM:

rie G1, Gy 0603HAYAIOT KACKaIHYIO onepamnuio aByx momyieii Ghost+RFB.

1.2. Mexauunsm sHumannas CBAM

MexaHU3Mbl BHUMAHUSI SABISIOTCs 9P HEKTUBHBIM UHCTPYMEHTOM TIO-
BBIIIEHUsT TTPOU3BOJIUTEFHOCTH CBEPTOYHBIX HEHPOHHBIX ceTeil. 3a cuer
i epeHITnPOBAHHOTO B3BEINBAHIS OHU MO3BOJISIIOT TIOJIABJISTh TPU3HAKA
HEepeJIeBAaHTHBIX 00J1acTell, (DOKYCUPYsI BHIYUCIUTEIbHBIE PECYPCHI Ha HAMOOsIee
nH(MOPMATUBHBIX (DparMeHTax JAaHHBIX. B aHHON paboTe MHTErpUPOBaH
moyyss Baumanuss CBAM (Convolutional Block Attention Module) [25],
KOTOPBI MOC/IEJIOBATEIBHO SKCTPATUPYET MPU3HAKY B KAHAJILHOM U TIPOCTPAH-
CTBEHHOM M3MepeHusX. [lyTeM 1m031eMeHTHOrO YMHOXKEHHsI IOy Y€HHBIX KapT
BHUMAHUSI C BXOJIHBIMU MMPU3HAKAMY JOCTUIAETCsI AJIAITUBHOE YTOUHEHUE
(refinement) npusnakoBbix npejcrasaeanii. CTpyKTypHas CXeMa MOJLYJIs
CBAM mpejcraBiena na pucyHke 4.

Mogy b NPOCTPAHCTBEHHOTO BHUMAHMUA
Mogynb KaHaNbHOTO BHUMaHUA

BxoaHO npusHak
—_

HoBbiii npusHak

Pucynok 4. Crpykrypa moxynss CBAM

Jltst IpoMesKyTOUHO# KapThl npusHakos F' € RIXWXC yionym, CBAM
IIOCJIEJIOBATEILHO T€HEPUPYET OJITHOMEPHYIO KapTy KaHAJIbHOTO BHUMAHUS
M, € RV>1XC g npymepHyo KapTy IPOCTPAHCTBEHHOrO BHUMaHUSA M, €
RIXWXI TIponecc 06pabOTKI OMICHIBACTCS CJIEYIONUAMI BbIPAYKEHHSIMIE:

F' = M.(F)® F, F’ = MS(F') ® F'
e ® 0003HAYAET OIEPAIUIO TTOIJIEMEHTHOTO YMHOKEHUSI.

MexaHu3M KaHAJIHHOIO BHIMAHUS OCYIIECTBJISIET arperanuio IpoCTPaH-
CTBEHHBIX IIPU3HAKOB IIOCPEJCTBOM COBMECTHOI'O HUCIIOJIb30BaHUS CJIOEB
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yepenusitoriero (Average Pooling) u makcumanbaoro (Max Pooling) myua.
B cBoto ouepeib, 610K MPOCTPAHCTBEHHOTO BHUMAHUST T€HEPUPYET aJalTHBHbIE
BeCOBbIe KO DUITMEHTHI, ONUPasCh HA TVIO0AJIbHBIE JECKPUITOPHI BIOJIb
KaHaJbHOI pasmepHocTu. VHTErpamus mogo0Hoi OMMOIaIbHON CUCTEMBI
BHUMAHUS [TO3BOJISIET MOJENH ¢ 00Jiee BBICOKOI TOYHOCTBIO JIOKAJIN30BATH
006JTacT KOJIOPEKTAIbHBIX HOBOOOpazoBanuit. HecMoTps Ha He3HAYMUTETHHOE
yYBeJIMYEHNE KOJIMIECTBA 00yIaeMbIX [TAPAMETPOB, IIPUPOCT TOYHOCTH Cer-
MeHTaruu, obecneunBaeMbiii Mmorysem CBAM, moJHOCTBIO OIPAB/IBIBAET
JIOTIOJTHUTEJIbHBIE BBIYUCTUTETHHBIE 3aTPATHI.

1.3. Mogudumkaums nponyckHbix COEaNHEHMA

Ji1ist MOIEepHU3AINY CTAH/IAPTHBIX IIPOIYCKHBIX COEINHEHUI B JaHHON
pabore MHTErpUPOBAH MeXaHU3M yupasjeHus BHumanueM (Attention Gate,
AG), upemyioxennsniii Oktay u ap. [26]. IIpunnun paGorsr AG ocHoBan Ha
COBMECTHOM AHAJIM3€ BEKTOPA BXOIHBIX IIPU3HAKOB M CTPOOMPYIONIEr0 CUTHAA,
(gating signal), KoTOpBIe TIOABEPIralOTCs JUHEHHOMY TPEOOPAZOBAHUIO JJIs
BBIPABHUBAHUSI PA3MEPHOCTH C ITOCJIEYIOIUM [I03JIEeMEHTHBIM CyMMUPOBAHIEM.
ITosryuenuprit pe3yabraT npoxoauT depe3 dyuknuio akruBanuu ReLU u
BTOPUYHOE JINHEWHOe Ipeodpa30Banue [IJis CHIKEHs pa3meproctu. lasee, ¢
ITOMOIITHI0 CUTMOMIHON (DYHKITHH PACCIUTHIBAIOTCH KOIPDUITMEHTH BHUMAHUS
Q, KOTOPBIE UCIOJIb3YIOTCS JIJIS TIO3JIEMEHTHOIO B3BEIUBAHUST BXOITHOTO
BEKTOpa MPU3HAKOBL.

Borunciienvne BenTHIIsT BHUMAHUS MOYXKHO (DOPMAJIM30BATH CJIELY FOIIIIM
obpazom:

q=V"(o1(W)z+W)g+by))+ by,

rjie

T — TPU3HAKEA KOJUPOBINWKA, TIEPEJABAEMBIE TI0 TPOIYCKHOMY COEIMHEHHUIO,

g — YUPABJSIONMI CUTHAJ U3 JEKOJINPOBIIHKA,

01— ReLU,

09 — CHUTMOW/I,

Wz, Wy, ¥ — obydaemble MATDHIIB,

by, by — GazoBBIE CMeIEHNUS.

Bentunb BHUMaHUS CIIOCOGEH aBTOMATHUYECKU TOJCTPAMBATHLCS IO

pasyimaHbe (POPMBI U PA3MEPhl KOJOPEKTAJBHBIX OITyXOJIEH, OIpeesIsas 10
K03 duImeHTaM BHUMaHWsI, IPUHAJJIEXKUT JIU MUKCEIb 00JIACTH UHTEPECa, TeM

caMbIM MOJABJIsAsl HEPeJeBAaHTHBIE (DOHOBBIE OOJIACTH U YCUJINBAs OJIE3HBIE
JJ1 KOHKPETHO! 3a/la4i IPU3HAKU.

1.4. ApxutekTtypa cetun

ApxurekTypa pazpaboTaHHOI MOJEIHU, IIPEJCTaBIEHHAs] HA PUCYHKE 5.
basupyercsa Ha crpykrype U-Net. OcHOBHBIE MOAUMDUKAIIMU BKJIIOYAIOT
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Pucynok 5. Apxwurektypa ceru MGA-UNet

3aMeHy CTaHJIAPTHBIX CBEPTOYHBIX OJIOKOB HA yCOBEPIIEHCTBOBAHHBIE MOJLYJIN
Ghost+RFB, unrerpanuio Mexanu3MoB yupasienus sanManuem (Attention
Gate) B pOIlyCKHBIE COeIMHEHUs, & TakxKe BHeapenue 6aokoB CBAM B myTu
KOJIUPOBAHUS U JIEKOINPOBAHMSI.

B kmaccutieckoit cetn U-Net mporiece cxkaTust BKIIOYAET YETHIPE dTara
cybnuckperu3anuu. B npejioKeHHol MOJIe/ I TaKKe Pean30BaHbl YeThIPe
YPOBHSI KOJUPOBAHWUSI, OJHAKO KaXKJbIii U3 HUX COCTOUT U3 JBYX ITOCJIEII0-
BarenbHbIx Moayseit Ghost-+RFB. B paMkax KaXg0T0 MOIY/IsT BXOTHbBIE
JIaHHBIE CHAYaJIa [IOJ[BEPraroTCsl IEPBUYHOI CBEPTKE, IOCJIE YEro MPUMEHSIOTCS
«IKOHOMWYHBIE» OTEPAIUH JIJIsT TeHepallni U30bITOYHBIX KAPT IPU3HAKOB.
ITapasrensuo ¢ atum 6510k RFB, ucmonb3yromnuii sifipa pa3inaHbIX pa3MepoB,
dopMuUpyeT MHOTOMACIITAOHBIE TTPU3HAKH.

st crabumusaiiun o0y YeHus IpuMeHgeTcs: nakerHas Hopmaiusanus (BN),
a dynkiusa akruBannu ReLU 3azeiictBoBaHa TOJIBKO IOCJIE IIEPBOIO MOYJIs
Ghost+RFB. Pesyabrarsr 1Byx Moy/ieil 00beIUHSIIOTCS Y€pe3 OCTATOTHY O
cBaspb (residual connection). 3aBepinaercs KazKIblil TAll KOIAUPOBAHUS
onepanueil MakcumasbHoro nysa (Max Pooling) ¢ marom 2.

B nexonupoBIuKe comepKaTcsi 9eThIpe OlEPAIInY HOBBIMIAONIEH JTUCKPETH-
zanuu. Kaxkiplii ypoBeHb BKJIIOYAET TPAHCIIOHUPOBAHHYIO CBEPTKY C IIATOM 2 U
JiBa mocsieioBaresibHbIX MoiyJist Ghost+RFEB, Mex 1y KOTOpbIMU IIPUMEHSTIOTCS
aHopmasan3aruga 1 ReLU. 3arem octaTodnblit OJIOK 0O0bEeINHSIET MEJIKUIE
U rIyOOKHMe MPU3HAKH, IIPEeJIOTBPpalliasi Jerpaalliio ceTu. B mporyckHbie
COeIMHEHNS JT00ABJICH MEXaHU3M BHUMAHUS, KOTOPbI PUCBAUBAECT PA3IMIHbIE
Beca MPU3HAKAM, TeHEePUPYEMBIM KOJIUPOBIIMKOM U JEKOMPOBITUKOM, TEM
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CaMbIM BbIJIe/IsIst HHMOPMAIIAIO, OTHOCATIYIOCS K 00/1aCTH KOJOPEKTAIbHOM
OILY XOJIH.

ODyHKIUS OTEPh BCeil CeTU MpeCTaBsgeT cob0it KOMOMHAIINIO OMHAPHOI
kpocc-suTpormu (BCE) u Dice-niorepu:

LZﬂ'LBCE—’_(l_B)'LDiCeu 52057

e
L X
Lpce = —% > lyilogpi + (1 — y;)log(1 — pi)),
i=1
2) yipi te
Lpice =1- ==
>yt pite
e

1J; — WCTWHHAS METKa MUKCeJIs,

Pp; — TpeJCKa3aHHag BEPOATHOCTD,

N — obuiee 4uc/Io muKcesei,

B — GasancupoBognblii Bec (B manuoii padore $=0.5),

€ — MaJag KOHCTAHTA I IPEJOTBPAINCHUS JICJCHU Ha HOJIb.

KombuaupoBantuasi pyHKIMS IOTEPHh CIOCOOCTBYET CMSIIIEHUIO TPOOJIEMBI
JucHataHca KJIACCOB U MTOBBINIEHUIO TOYHOCTH BBIJIEIEHUs TPAHUIIL.

2. DkcnepumeHTanbHble pe3ynbTaTbl U aHanNu3
2.1. Habop paHHbIX n npegBapurtensHas obpabortka

DKCcIepuMeHTAIBLHBIE HCCJIEIOBAHUS B JIAHHON paboTe TPOBOIMINCH Ha,
6a3e mabopa manabix KT-m300parkennii paka mpsiMO KUIKH, COOPAHHOTO
B IlepBoit adpdbumpoBantoit 6oJIbHATIE Y HUBEPCUTETA, HAYKUI U TEXHOJIOTHIH
Xonanb (Jlosu, Kurait). Ucxonnas Bei6opka Briogaer 2D KT-ckanbr 108
MAIMEHTOB, U3 KOTOPHIX 1693 m300pakennsi COMEPKAT IKCIEPTHYIO PA3SMETKY
(Macku) omyxoseit. B pesysbraTe NpUMeHEHUs] METOJOB ayTMEHTAIIUH JTAHHBIX
obbeM obydarorteit BeIOOpKH ObLT pactuped 1o 3057 uzobpaxkenuii.[lponexypa
[IPEIBAPUTENIHHON 00pabOTKN BKIIIOYAJIA CJIEIYIONINE STAIDI:

» Kagpuposanne: nzobpazkenust ObLIn 06pe3aHb! 10 pa3mepa 512 x 512
C TIEHTPUPOBAHUEM TI0 0OJIACTH HOBOOOPA30BAHMSI.

« Koppeknust uHTeHCHBHOCTH: Jrana3oH 3HaveHnit Xayuchunaa (HU)
6L orpannyen npegeaamu [—200, 200] s yirydiieHus BU3yan3aun
MSATKAX TKaHei [27].

« ViIydllleHre KOHTPACTHOCTH: JIJjIsI ITOBBIIEeHUsT TudOePeHIuaIun OIry-
XOJIEBON TKAHU WCIIOJIB30BAJICS METOJ BHIPDABHUBAHUS TUCTOIDAMMBI
(histogram equalization).
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« HopMmupoBka: 711 MUHUMU3AIME MEXKWHIUBU/LyaIbHON BAPUATHBHOCTH
[IpUMEHEeHa HOPMAJIN3allUsl JAHHBIX, TOCJIE Yero paspelleHne BCeX CKaHOB
OBLIO PUBEJEHO K CTAHIAPTY 256 X 256 mnukceseii.

Habop nauHbIX OBLIT pa3/iesieH Ha 00yYarolyIo, BaJINJAIMOHHYIO i TECTOBYIO
BBIOOPKHU B cooTHOImeHuu 8 : 1 : 1 coorBercTBenno. Busyanabnoe cpaBaenune
n300parKeHU /10 U MOCJIe ITara npeJodpabOTKN TPEICTABIEHO HA PUCYHKE 6.

(a) mo (6) mocJe

Pucynok 6. Ilpemobpaborka KT-n3o00pakeHuit KOIopeKTaIbHOM
OILYXOJIN

2.2. MeTpuKu 1 HACTPOIKUN IKCNEPUMEHTa

Bee skcnepuMeHTAIbHBIE UCCIEIOBAHUS PEATU30BaHbl Ha A3bike Python
3.9 ¢ ucnosbzoBanuem dpeitmsopka PyTorch 1.12 [28] B cpene paspaborku
PyCharm. Boraucnenus nposoguiuck oy, ynpasjieanem OC Windows 10 ma
anmnaparTHoil mwiardopme, BIrovaromeii nporeccop AMD Ryzen 5900X u
rpadmnyeckuii yckopuresab NVIDIA GeForce RTX 3080 (10 I'B Bugeonamsitu).
Muunuasiusanust BECOB MOJIEIN OCYIIECTBIIsLIach 110 Metoiy Kaiimunra
(Kaiming Normal) 6e3 ucnosb3oBanus npemo0yIeHHbIX BECOB.

st onruMusanuu npuMensiicst aaroputM AdamW ¢ HagaJIbHON CKOPOCTBIO
obyuenus 10™* u xoapdumnmentTom 3aryxanus seco 10~° mpu pasmepe
nakera (batch size) 8. B kadecrse dbyHKIMOHAA IOTEPh UCIIOIH30BAHA
B3BemenHas Kombunanus 6unapuoit kpocc-surporuu (BCE) u noreps Dice
¢ koabdurmentom S = 0.5. VI3menenne ckopoctu 06ydeHusT peryJnpoBaIoCh 110
crparernu KocunycHoro otxura (T,,ax = 100 sm0x), koabdumuent Dropout
cocrasuit 0.5. Jljist mpeoTBpallieHust IepeodydeHns IPUMEHEHa, CTPATEr s
panmueit ocranosku (Early Stopping): o6y4eHne npekpaIasoch, eciu MeTPUKa
Dice na BasmmmanuoHHOM HabOpe HE JEMOHCTPUPOBAJIA POCTa B TEUCHUE
15 mociiesioBaTEIbHBIX 3IIOX.
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Jist 06bekTuBHON Bepudukanuu 3G dEeKTUBHOCTH CETMEHTAINN KOJIOPEK-
TaJbHBIX OIIYyXOJIEH MCIoIb30Banbl Koaddumuent cxogcrsa aiica (Dice
Similarity Coefficient, DSC) u unmexc nepecedenusi HaJl 00beINHEHIEM
(Intersection over Union, IoU). /Januble METPUKHU BApbUPYIOTCS B JHUANA30HE
[0, 1], rue 3Havenus, Giu3Kue K 1, CBUIETEILCTBYIOT O MAKCUMAJILHOM COBIIAJIE-
HUU PEe3yJIbTATOB CeIMEHTAIUN ¢ 9KCiepTHoil pasmerkoii (Ground Truth).
MaremaTruyeckue BblparkeHus JJjIs pacdeTa UMeIOT CJIeLYIONINi BU/I:

Dice(A, B) = 2|40 B
Al + |B]
rie A — npejicka3aHHas Macka, B—3TajonHas macka. loU u3mepsier oTHOCH-
TeJIbHYI0 BeJIMINHY MEPEKPBITUS JIBYX KOHTYPOB:
_ |ANnB]
- AU B]

Hunamuka dyHKun noreps u MeTpuku Dice B mporecce obydeHnst
npejcTaBiiena Ha pucyukax 7 u 8. s Busyasmsarnuu rio06aIbHOTO TPEH 1A

IoU(A, B)

—— Training loss
Validation loss

I o 4
IS o ®

Binary Cross-Entropy Loss

o
Y

oA RN ARG AA DN AANES
0 50 100 150 200 250
Epoch

Prucynok 7. Kpusble norepb Ha 0OyY€HUHN U BaJIV AT

CXOJIMMOCTH MCXO/IHbIE 3HAYEHUSI MTOTEPh ObLIN CIJIAXKEHBI ¢ TIOMOIIHIO (DUIBTPa,
Casuikoro-Toses: (0kHO=5, MOPsiIOK=2). AHAIN3 KPUBBIX OOYUYEHHsI B COBO-
KYITHOCTU CO CTATUCTUYECKAMU JTaHHBIMU Ta0/UIa | MOKA3bIBAET BBICOKYIO
CKOPOCTB CXOJIMMOCTHU MOJIEJTM Ha MEPBBIX 80 3moxax.

Urtorosoe 3unadenne pyHKIMN TOTEPh HA 00ytatomieit BbIDOpKe cTabu-
Jm3upoBasiochk Ha yposHe (.14, na Basumanuonnoit — okosio 0.15. IlmorHoE
npuieranue KpuBbix (pa3pbis Meree 0.05) 6e3 MPU3HAKOB OCIMJLIAIUE WA
pocra mocse 80-if 3MOXU MOATBEPKIAET BHICOKYIO 000DIIAIONTYI0 CIIOCOOHOCTH
Mogziesn u orcyTcerBue addexrra mepeodyuenns. 3uadenue Dice Ha BaJIUIAIMOH-
HOM Habope JIOCTUTJIO CTaOMIILHOIO IJIaTo Ha yposHe 96% mpumepno k 80-it
SII0Xe.
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Pucynok 8. Uzmenenne koadpdunmenta Dice B mporecce oGyde-
HNA

TapmiA 1. Ucxomaast craTuCTHKa MOTEPD (HECTIIAXKEHHAS )

Cpennee Makc/mun | Cpenuee | Makc/mun

Huanazon snox + sl;)dﬂo6yq. o6y/q. + sI/)tc;:L BaJI. BaJ/I.
1-20 0.4740.12 0.85/0.31 | 0.52+£0.10 | 0.98/0.38
21-40 0.284+0.06 0.37/0.19 | 0.31+0.05 | 0.39/0.24
41-60 0.19+0.03 0.24/0.14 | 0.224+0.04 | 0.28/0.16
61-80 0.1640.02 0.18/0.11 0.17+0.03 | 0.22/0.13
81-100 0.14+0.01 0.15/0.10 | 0.154+0.02 0.18/0.12

KpuBbie morepb Ha pucyHke 7 IpeJCTABIEHBI B CriiaykeHHoM Buje. st
obecrievenns TOJTHOTHI OIMCAHUS IIPOIIECca 00ydeHust B Tabsuie 1 mpuBeaeHa
CerMEeHTHPOBAHHAS CTATUCTUKA UCXOAHBIX (HEOOPabOTAHHBIX) 3HAYEHUI
dyHKIUM 00TEPH 110 dM0XaM. AHAJIN3 EPBUYIHBIX JAHHBIX TAKXKE TI0TBEPKIAET
CTAOUIIBHYIO CXOIUMOCTH MOJEN 6€3 aHOMAJIBLHBIX CKAYKOB UJIN PE3KUX
daykTyarmit.

Kon mozmenu gocrymen B oTKpbiTOM perio3uTopun: https://github. com/
Wangqian33/MGA-UNet.

2.3. Pe3ynbTaTbl CpaBHUTENbHbIX IKCNEPUMEHTOB

Jns Bamugarun 3GeKTHBHOCTHU MTPEIJIOZKEHHOTO arOPUTMAa OBLIT ITPOBEIEH
cpasHuTesbHbll anaau3 mogean MGA-UNet ¢ 6a3oBoit apxurexkrypoii U-
Net, a Takxke coppemennbimu pemterusimu: GhostNet, Attention U-Net,
U-Net++ u #HemaBHO omybsimkoBaHHbIME Mojeisimu Mamba-UNet u U-SAM.
Bce comocraBiisiemMble MOJIes I 00yYaINCh «C HYyJAsi» 0€3 HCIIOJIb30BaAHUST
peoOyYeHHBIX BECOB IIPH UJEHTHIHDBIX HIIEpIIapaMeTpax.


https://github.com/Wangqian33/MGA-UNet
https://github.com/Wangqian33/MGA-UNet
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Ha pucynke 9 mpo/ieMOHCTPUPOBAHBI PE3yIbTaThl CEIMEHTAIINN KOJOPEK-
TaJIbHBIX oryxoJieil. [lepBoiit cToI0€1] COMEPKUT MCXOIHBIE M300PaXKEeH U T,

= 1T

PucyHOK 9. Busyanusanusi pe3yJabTaToOB CETMEHTAIINN PA3HBIMU
MOJIEJIAMU: KaxKIbli Psijfl MPEeACTABIAET UCXOAHOE U306parkeHue,
U-Net, GhostNet, MGA-UNet, stason

Bropoit u Tperuii — pe3yiabrarbl U-Net u GhostNet coorBercTBeHHO, YeTBED-
TBIA — pe3yJIbTaThl IIPEJJIO?KCHHON MO/1e/IU, HATHII — 3TAJIOHHYIO PA3METKY
(Ground Truth). Busyanbuerit ananus nokasssaer, 9410 ceTb U-Net ckiIonHa
K M30BITOYHON cerMeHTaIuy (over-segmentation) i MeHee TOUHON JIOKATH3AIIH
rpanuit. B cBoro ouepesib, MGA-UNet obecrieunBaer Iperu3noHHYIO0 CErMEHTa-
U0 KOHTYPOB OILYyXOJIU, JIEMOHCTPUPYS BBICOKYIO CTEIIEHb COOTBETCTBHUS
9TAJIOHY.

Konuyecrsemnmbie mokazarenn SKCIIepuMeHTa TpUBeAeHbl B Tabure 2. Ha
9acTHOM Habope JaHHBIX MeTpuka Dice mpeIoKeHHON MOIen IIPEBOCXOIUT
anajjormanbie mokazarean U-Net, GhostNet, Attention U-Net, U-Net+-+,
Mamba-UNet u U-SAM na 4.45%, 1.52%, 0.87%, 0.64%, 1.32% u 0.53%
coorBercTBenHo. 110 nmokazaremo IoU npupocr cocrasut 3.93%, 1.41%, 0.79%,
0.58%, 1.08% u 0.47% coorsercrienno. CorjacHo pesyabTaTaM MapHOro
t-recra, pasimumune B 3HaueHusix Dice mexiy MGA-UNet u 6asosoit U-Net
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TABJ_[I/H_[A 2. CpaBHeHHe HIPOU3BOJAUTEJIBHOCTU PA3JIMIHBIX MO/JIE-

neit (%)
: Params | FLOPs | Bpewms

Monennb Dice ToU (M) (@) (I;m)
U-Net [9] 91.76 | 89.65 31.0 48.2 12.5
GhostNet [13] 94.69 | 92.17 8.5 12.3 5.8
Attention U-Net [26] | 95.34 | 92.79 34.9 52.6 13.2
U-Net-++ [10] 95.57 | 93.00 36.6 55.1 14.0
Mamba-UNet [29] 94.89 | 92.50 18.5 28.4 9.6
U-SAM [30] 95.68 | 93.11 12.4 17.8 8.4
MGA-UNet 96.21 | 93.58 10.2 15.6 7.2

ITpumeuanue: U-SAM (Zhang et al., 2025) — mozmesnb Ha ocuose SAM, B
TabJIune MPUBEIEHBI TAPAMETPhI TOJILKO aJaITepa.

SIBJISI€TCsl cTaThCTHYecKn 3HadnMbiM (p < 0.01). Bee orneHo4YHBIE MeTPUKH
IIOJITBEPKTAIOT IIPEBOCXOJICTBO IIPEJIOZKEHHOIO METO/I3 HaJl, COBPEMEHHBIMNI
aHaJIOTaMH.

s 6osee IeTAILHOTO OOOCHOBAHMS apXUTEKTYPHBIX WHHOBAIIHI MTPEIO-
JKeHHOI MozeH B Tabjuie 3 NpuBeIEéH CPaBHUTEIbHBIN aHAJIN3 KIIIOUeBbIX

Tapmuua 3. CpaBHenne ¢ GU3KAME apXUTEKTYPAMU

Muoromac- BenTuib Params
Mogenn Ghost ITAGHOCTD CBAM i (M) Ob6nactb
v (pasmbre ~ Kozkunie
MSGU-Net [19] Y BeTBH) B v ~12 TIOPaXKEHUST
GA-UNet [20] - — v v ~15 Omnyxonu
neyeHu
MGTUNet [21] v Transfor- _ v ~25 MynbTu-
mer OprafHHas
MGA-UNet v v (RFB + v v 10.2 KOJ’IOPGKT&J‘[I;—
pacump.) HBIIT pak

mopyseit MGA-UNet B cpaBuennu ¢ cersimu MSGU-Net, GA-UNet u MGTUNet.
Kax cienyer us conocrasienusi, mogeiab MGA-UNet siBistercst e qMHCTBEHHOMN
APXUTEKTYPOii, B KOTOPOW OJIHOBPEMEHHO MHTEIPUPOBAHBI MHOIOMACIITAOHBIE
céprru Ghost+RFB, 6umonanbubiii Mexannsm saumanus CBAM (kanasbHblit
1 OPOCTPAHCTBEHHBIN) 1 610K ypasieHus BauMaHueM (Attention Gates).
IIpu sTom pazpaboranHasi MOzeIh 00IaaeT MUHUMAIBHBIM KOJUIECTBOM 00Y-
YaeMbIX IIapaMeTPOB, YTO MOATBEPXKIALT €€ CIIEIUATU3AINI0 U 3PHEKTUBHOCTh
npu obpaborke KT-n300parkeHuit KOJIOpeKTaIbHBIX OILYXOJIEH.

2.4. ABNAUNOHHbIE 3KCNEPUMEHTDI

st OlleHKN WHANBU/IYAJILHOTO BKJI/Ia KAXKJIOTO U3 MPEJJIOKEHHBIX
KOMIIOHEHTOB B OOIIYIO IIPOU3BOIUTEIHFHOCTh CUCTEMBI OBLI IIPOBEJIEH PsI]
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abJIsIIMOHHBIX IKCIepuMeHToB. B KauecTBe 6a3oBoii jmaun (baseline) ucrosnb-
30BajIach CcTaHJapTHas apxurekTypa U-Net, K KOTOPOIl 11OC/Ie10BATEIBHO
JOOABJISJIMCH: YCOBEPIIEHCTBOBAHHBIN cBéprounblil 6s0K (Ghost+RFB),
mexann3M auMannss CBAM u 6ioku ynpasnerus: BuumanneM (Attention Gate)
B IPOIYCKHBIX cOeIuHEHHAX. KomaecTBeHHbIE Pe3y/IbTaThl IPeCTaBICHb
B TabJmie 4.

TABIMUA 4. Pesynbrars! abusiiuoHHbIX 9KcrepuMeHToB (%)

Koundurypanus Dice ToU
Bazossrit U-Net 91.76 | 89.65
-+ YJIy49IIEHHBIA CBEPTOYHBIA MOYJIb

(Ghost + RFB) 93.88 | 91.02
+ yaydnieHHbIT MOILYJIH

1+ CBAM 95.14 | 92.46
+ yaydmieHHbIT MOILYJIH

+ CBAM 96.21 | 93.58
+ BEHTUJIU BHUMAHUA (MGA—UNet)

CoryracHO TIpeJICTaABIEHHBIM JIAHHBIM, KaXKIbIIl 13 WHTEIPUPOBAHHBIX
MOJTyJIell BHEC MTOJIOXKUTEIBLHBIN BKJIA B TOYHOCTh CerMeHTanun. BHenpenne
MHOTrOMacHIrabHoro cséprouanoro 6soka Ghost+RFB obecrieunsio mpupoct
merpukn Dice na 2,12% u IoU na 1,37%. Jo6asnenne mexanuzma CBAM
ITO3BOJIMJIO JOMOJHATENBHO yBeamauTh Dice Ha 1,26% un IoU nma 1,44%.
Bkuirouenune 6s10k0B Attention Gate criocobcTBOBaJIO JajIbHEHIIIEMY POCTY
nokazareseit Ha 1,07% un 1,12% cooTseTcTBEHHO.

Pesynbrarhl cBUAETENBCTBYIOT O HAMUYIAN CUHEPTETHIECKOTO Y deKTa
MeXKJIy KOMIIOHEHTaMu, [Tpu 3ToM Mexanu3M Attention Gate okasas Haubosiee
CyIIECTBEHHOE BJIMSHUE HA JIETAIU3AINIO KOHTYPOB omyxosu [26]. [Iposeaénubit
MapHBIH t-TecT moaTBepamI, 4To yay«urrenune metpuk Dice u IoU, obecnieuernnoe
KaXKJIbIM MOJYJIEM, SABJIFETCS CTATUCTHYECKH 3HauuMbIM (p < 0, 05).

2.5. AHanu3 4yBCTBUTENLHOCTU rMnNepnapameTpos

tst ompe/iesieHusT ONTUMAIBLHON KOHMDUIYPAITUH TPEJIJIOKEHHOI MoJIesin
OBbLJI TPOBEIEH AHAJIN3 UYBCTBUTEJIBHOCTA K BeCOBOMY KO3ddurmenty
B KOMOMHUPOBaHHOM (hyHKIMOHAJE ToTeph. Kak mokaszano ua pucynke 10,
9KCIIEPUMEHTHI IPOBOMIINCH B jauanasone [ € [0, 1]. Pesysnbrars! jgemMoHCTDH-
PYIOT, 9TO HaWBBICIIAs Mpom3BoauTeabHOCTh (Dice &~ 96.2%) mocturaercs npu
8 =0.5.

IMTpu manbix 3navenusx kodddurmenta (8 < 0.2) HeZOCTATOUHBII BKIIAT,
norepb Dice 3aTpyiHsET MPENU3NOHHYIO CEIMEHTAIINIO TPAHMUIL, ITO BEJAET
K CHUXKEHHUIO MeTpuK. Hamporus, mpu Upe3MepHO BBICOKUX 3HAYEHUSX
(8 > 0.8) sanmxkenuslit Bec buuapmoit kpocc-suTponun (BCE) Takske BBI3bIBaET
YMEPEHHOE CHUYKEHUE TOYHOCTH.

JomosTHuTETEHO OBLIO MCCJIEI0OBAHO BIUSHAE METOJOB IIyJIa U HAYAJIBHON
CKOpOCTHU 00yueHust Ha 3PHEKTUBHOCTH MOJEIN. YCTAHOBIEHO, UTO 3aMEHa,
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Dice Score VS B

Dice Score

0.85

Pucynok 10. 3asucumocts Dice ot koadpdunmenta (3)

MmakcumasabHoro myna (Max Pooling) ma yepenmstionmuit (Average Pooling) npu
CyOIUCKpeTU3aIK TPUBOJNT K CHIDKEHUIO KoaddunuerTa Dice mpumepHO Ha
0.8%. Ilpu yBemmaennn HadadbHOH cKopocTn obydenus no 10~3 mabmomaeTcs
Jecrabumsanys (OCIMILIAIUS) [IPollecca O0ydYeHusl, B Pe3yJIbTare 4ero
saagenne Dice nanaer Ha 1.2%. Takum o6pasoM, B JaHHOI paboTe 060CHOBAHO
HICIIOTL30BaHIe MAKCHMATBLHOTO TIY/Ia ¢ MAroM 2 U CKOpocTH obydenms 1074,

B rabaune 5 npencraBiaenbr pe3ysibTaThl PACIINPEHHOTO AHAJIN3A TH-
eprapaMeTpoB, BKJIodas Koaddunuent 3aryxanus BecoB (weight decay),
BepoOsATHOCTH Dropout u cTpareruu IIaHUPOBAHUST CKOPOCTU 00y UeHUsI. JKCIIe-
PUMEHTHI ITOITBEPXKIAIOT, YTO IIPU OTKJIOHEHUH OT BBLIOPAHHOM KOH(UTYpAIun
(Ir=1e-4, s = 4, WD=1e-5, Dropout=0.5, KOCUHYCHBI{l OT?KHUI') TOYHOCTH
cermMeHTanu cHUzKaercs B npegesnax 0.5%-1.5%. 9ro ceuperenncrByer
0 JIOIyCTUMON UyBCTBUTEIBHOCTH MOJIEJIN K HACTPOIKAM THMIIepIiapaMeTpoB
[IPU COXPaHEHNN CTAOMJILHO BBHICOKHX IOKA3aTeseil B OKPECTHOCTH ONTHUMYMA.

3aknoyeHne

B nanmoit pabore st pereHust IpodJIeMbl HEOCTATOYHON TOYHOCTHU
CYIIECTBYIOIINX MOJEJIEH IPU CErMEHTAIINN KOJIOPEKTAJIbHBIX OILYyXOJIei
peIoXKena ycopepiinernctBoBantas apxurektypa MGA-UNet na 6aze U-
Net. B pazpaborannoit Mojen cTaHIapTHBIE CBEPTOYHBIE CJION 3aMEHEHbBI
roMmOmuHanmeit momyaeit Ghost u RFB, uro mo3Bosiser cern uzsiekars 6osiee
nuBepcuUIMPOBAHHBIE IIPH3HAKHI B IIpOIiecce auckpern3anuu. Vunrerparms
Mexanu3ma BHuManusg CBAM mex iy 9HKOIEpOM U JEKOJEPOM CIIOCOOCTBYET
KOHIIEHTPAIIUA MOJEJIA Ha KJIIOUEBBIX MIPU3HAKAX, & BHEIPEHUE OJIOKOB
Attention Gate B mpomycKHBbIE COeJMHEHNS YCUITUBAET PEJEBAHTHBIE JIOKAJILHBIE
XapaKTEPUCTUKU.

DKcIlepuMeHTaJIbHBIE PE3yJIbTaThl Ha vYacTHOM Habope KT-maHHBIX
KOJIOPEKTAJILHOI'O PAKa IMOKA3aJIM, UTO IPEII0KEHHBII METO/I TPEBOCXOIAT
CYIECTBYIONME aHAJOTH, JOoCTHTas 3HadeHns Koaddunmenta Dice 96.21%.
CitestyeT OTMETHTD, 9TO CTOJIb BBICOKMIA TTOKa3aTesib Dice mosryden Ha BBIOOPKE
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Tap/mMIA 5. Pacmmpennblit aHagan3 IyBCTBUTEILHOCTH K THIED-
napamerpam (Dice %)

I'unepnapamerp SHauenne Dice (%) | FLOPs (G) | Bpewmst
(mc)
107° 94.82 15.6 7.2
CKOpOCTh 5.107° 95.62 15.6 7.2
00y 1eHus 104 96.21 15.6 7.2
5-107* 95.35 15.6 7.2
2 95.67 19.2 8.5
Kosddurnment 3 96.01 17.1 7.8
CXKaTud S 4 96.21 15.6 7.2
5 95.98 14.2 6.7
0 . 95.83 15.6 7.2
10~ 96.21 15.6 7.2
Bec pacniaza 1074 95.92 15.6 7.2
0.0 96.24 15.6 7.2
0.3 96.18 15.6 7.2
Dropout 0.5 96.21 15.6 7.2
0.7 95.86 15.6 7.2
PuUKCUPOBAHHBIHI 95.44 15.6 7.2
ILnanuposiuk Crynenuarbrit 95.91 15.6 7.2
KocunycHoe 3aryxaHnue 96.21 15.6 7.2

orpaHnueHHOro oobéMa (108 manueHToOB) HOCIe CTPOrOi IPeABaPUTEIHHOMN
06paboTKN (IIEHTPUPOBAHUE OIIYyXOJIM, HACTPONKA OKHA MHTEHCHUBHOCTH ),
B CBsI3U C 9YeM JI@HHBbIE PE3YJIbTaThl MOTI'YT ITOTPE6OBATH JIOIIOJHUTEIbHOM
BepUDUKAIUN TIPU SKCTPATOJIAIIN Ha Oojiee BApUATUBHbBIE KINHIIECKUE
JIAHHBIE.

[Ipu kommaecTse napamerpoB Becero 10.2M u Bpemenu uudepenca 7.2 mc
Ha M300pakeHne, MOJE/Ib IEPCIEKTUBHA, JIJIs UCIIOJb30BAHNUSA B CIIEHAPUIX
KJIMHUYECKON JTUATHOCTUKY B PEAJIbHOM BPEMEHH.

Hanpapienust qagpHERIINX UCCIEIOBAHNNA BKIIOYAIOT:

* PaCIMpPeHne Mpe/IoKeHHoH Mosiesm 1o cermerTaruu 3D KT-06bémos [31]
¢ paspaborkoii 3D-sepcuit momysneit Ghost u CBAM;

* BHEJIPEHHE CTPATErHil [OJIyaBTOMATHYECKOro o0ydenus (semi-supervised

learning) (32| my1st ncmONIB30BAHUS HEPA3SMETEHHBIX JIAHHBIX M [OBBIIIEHNST
00600IITaIoNeit CIIOCOOHOCTH CETH;

* ampobaIMio MOJENN Ha OTKPBITHIX HAOOPaX JAHHBIX I TMOATBEPKICHUS
eé pobacTHOCTH.

BnaropgapHoctu

ABTOpBI BhIpazkaroT 6JIAr0IapHOCTb COTPYAHUKaM IlepBoil yHuBepcuTeT-
cKoii GopHUIBI X9HAHBCKOrO yHUBepcuTeTa Hayku u Texnosoruii (Ilepsas
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GoubHUIIA XIHAHBCKOIO YHUBEPCUTETa HAyKU U TexHosoruii, r. Jlosu, Kurait)
3a PEIOCTABJIEHHDIE JJAHHBIE.
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