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ABSTRACT
Data processing methods based on neural networks are becoming increasingly popular in medical diagnostics. They are most 
commonly used to evaluate medical images of human organs using computed tomography, magnetic resonance imaging, 
ultrasound, and other non-invasive diagnostic methods. Disease diagnosis involves solving the problem of medical image 
segmentation, i.e. finding groups (regions) of pixels that characterize specific objects in the image. The U-Net neural network 
architecture developed in 2015 is one of the most successful tools to solve this issue. This review evaluated various modifications 
of the classic U-net architecture. The papers considered were divided into several key categories, such as modifications of the 
encoder and decoder; use of attention blocks; combination with elements of other architectures; methods for introducing 
additional attributes; transfer learning; and approaches for processing small sets of real-world data. Different training sets 
with the best parameters found in the literature were evaluated (Dice similarity score; Intersection over Union; overall accuracy, 
etc.). A summary table was developed showing types of images evaluated and abnormalities detected. Promising directions 
for further modifications to improve the quality of the segmentation are identified. The results can be used to detect diseases, 
especially cancer. Intelligent medical assistants can implement the presented algorithms.
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АННОТАЦИЯ
Методы обработки данных с использованием нейронных сетей завоёвывают всё большую популярность в области 
медицинской диагностики. Наиболее часто их применяют при исследовании медицинских изображений органов че-
ловека с использованием компьютерной и магнитно-резонансной томографии, ультразвуковых и иных средств не-
инвазивных исследований. Диагностирование патологии в таком случае сводится к решению задачи сегментации ме-
дицинского изображения, то есть поиска групп (областей) пикселов, характеризующих некоторые объекты на снимке. 
Один из наиболее успешных методов решения данной задачи — разработанная в 2015 году нейросетевая архитектура 
U-Net. В настоящем обзоре авторы проанализировали разнообразные модификации классической архитектуры U-Net. 
Рассмотренные работы разделены на несколько ключевых направлений: модификации кодировщика и декодировщи-
ка; использование блоков внимания; комбинирование с элементами других архитектур; методы внедрения дополни-
тельных признаков; трансферное обучение и подходы для обработки малых наборов реальных данных. Изучены раз-
личные обучающие наборы, для которых приведены лучшие достигнутые в литературе значения метрик (показатель 
сходства Dice; пересечение над объединением Intersection over Union; общая точность и др.). Также создана сводная 
таблица с указанием типов анализируемых изображений и выявляемых патологий на них. Обозначены перспективные 
направления дальнейших модификаций для повышения качества решения задач сегментации. Результаты могут быть 
полезны в области выявления заболеваний, прежде всего, онкологических. Представленные алгоритмы могут стать 
частью профессиональных медицинских интеллектуальных ассистентов.

Ключевые слова: архитектура U-Net; сегментация; компьютерная томография; магнитно-резонансная томография; 
медицинская диагностика; онкологические заболевания.
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摘要摘要

在医学诊断领域，使用神经网络的数据处理方法越来越受欢迎。它们最常用于使用计算机断

层扫描和磁共振成像、超声波和其他非侵入性研究工具来研究人体器官的医学图像。在这种

情况下，病理诊断归结为解决医学图像分割的问题，即搜索表征图像中某些对象的像素组（

区域）。2015年开发的U-Net神经网络架构是解决这一问题的最成功方法之一。在本文中，

作者分析了典型的 U-Net架构的各种改型。研究工作分为几个关键领域：编码器和解码器

的改型；注意力模块的使用；与其他架构元素的结合；引入附加特征的方法；迁移学习和处

理小型现实数据集的方法。研究了各种训练集，列出了文献中实现的最佳度量值（Dice相似

度指标；交集大于联合Intersection over Union；总体准确性等等）。还创建了一份汇总

表，说明所分析的图像类型和在这些图像上检测到的病理情况。概述了进一步改型以提高分

割任务质量的有前景的方向。这些结果可能有助于疾病检测，主要是肿瘤检测。 所提出的

算法可以成为专业医疗智能助手的一部分。

关键词：关键词：U-Net架构；分割；计算机断层扫描；磁共振成像；医学诊断；肿瘤病。
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INTRODUCTION
Image processing using artificial-intelligence 

(AI)-based software plays a central role in modern medical 
diagnosis. Advancements in computational technology 
and machine learning algorithms have considerably expanded 
the capabilities of image analysis in recent decades. 
Comprehensive clinical decision support systems, including 
autonomous models, have replaced the previous generation 
of simple classification frameworks.

Medical image processing initially relied on basic imaging 
modalities such as radiography and mammography. These 
modalities have since evolved, and computed tomography 
(CT) and magnetic resonance imaging (MRI) data are now 
processed with high efficiency. In the context of diagnostic 
radiology, AI-based software is applied to a range of tasks, 
including data visualization, segmentation, recording, 
classification, and interpretation.

Among these, medical image segmentation remains 
among the most challenging tasks, as it involves identifying 
clusters of pixels that correspond to specific image objects, 
particularly in CT and MRI scans. Deep learning algorithms have 
demonstrated promising performance in segmenting abnormal 
regions (selecting target regions) and subsequently classifying 
them. These algorithms notably outperform conventional 
approaches in both processing accuracy and speed [1]. 

Various neural network architectures have been employed 
for segmentation tasks. These models differ in structural 
characteristics, including the number of layers, neurons 
per layer, activation functions, and optimization algorithms. 
Among these architectures, frameworks such as U-Net, 
V-Net, DenseNet, and Mask R-CNN have demonstrated strong 
performance in segmentation tasks [2–6].

Since its introduction in 2015, the U-Net segmentation 
network has become a standard tool in biomedical image 
processing. Nevertheless, the basic U-Net architecture continues 
to demonstrate strong performance in analyzing medical 
images for detecting organ abnormalities, such as those seen 
in kidney CT scans and lung changes associated with COVID-19 
or obstructive pulmonary disease [7–9]. The U-Net3D 
architecture extends the conventional U-Net by replacing 
two-dimensional (2D) convolutions with 3D convolutions [10]. 
It is employed for the segmentation of 3D medical images. For 
instance, Pantovic et al. used U-Net3D to analyze CT scans 
of a brain containing neural implants to identify surgical sites 
for epileptogenic zone removal [11]. Han et al. used the same 
architecture to segment liver MRI scans and delineate both 
the contours and internal structures of the liver [12].

The standard architecture of the U-Net neural network 
consists of two primary components: the encoder and decoder. 
The encoder compresses the input data and extracts 
the most relevant features for subsequent recognition. 

Fig. 1. Classic U-Net architecture proposed in 2015 and the main categories of its modification methods.
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Meanwhile, the decoder reconstructs a segmented image 
from the compressed data generated by the encoder. 
Since 2015, numerous modifications to the standard U-Net 
architecture (referred to as the U-architecture) (Fig. 1) 
have been developed to enhance its accuracy, speed, 
and robustness. These modifications can be grouped into four 
main categories: (1) modifying the encoder and decoder while 
preserving the overall network structure; (2) combining 
multiple U-architecture models through ensembling; 
(3) integrating additional architectural components, such 
as attention blocks; and (4) incorporating supplementary 
features into the model.

These modifications have also been applied 
to address image segmentation challenges arising 
during semi-supervised learning or when training data are 
limited (Fig. 2). The limited-training-data scenario can be 
further categorized into cases involving small and extremely 
small datasets. Specifically, when training on small datasets, 
transfer learning and fine-tuning are typically applied 
to networks pretrained on more diverse datasets.

Meanwhile, when training on extremely small datasets 
(few-shot learning), pretraining is inadequate; such cases 
generally require original architectures and data models.

This review explores the application of U-Net architecture 
modifications in medical image processing. Section 1 outlines 
the main modification strategies for the U-architecture, 
including (1) changing the encoder and decoder internally, 
(2) integrating additional architectural components such 
as attention blocks, and (3) altering the network’s learning 
process. Section 2 explores how these modifications can 
be applied to address specific challenges in medical image 
segmentation. The conclusion in Section 3 summarizes 
the key findings of the review.

DATA SEARCH METHODOLOGY
The authors conducted a literature search using 

the Web of Science, Scopus, and PubMed databases, covering 

publications from 2018 to 2024. The search results were 
comparable across databases and reflected the primary 
trends in U-Net architecture modification methods. The search 
keywords included U-Net, medical images, and modification. 
The initial search returned approximately 5,000 sources. This 
was subsequently refined using additional terms, including 
attention, few-shot, unsupervised, semi-supervised, ensemble, 
stack, additional features, metadata, and DICOM data.

The selected publications were reviewed with a focus 
on the use of specific architectures for medical image 
processing. The inclusion criteria were as follows:
• Quality of result validation (e.g., comparison with other 

architectures, use of established evaluation metrics, 
and study completeness);

• Originality of the architectural modification in relation 
to its intended application;

• Specificity of the task (e.g., type of abnormality detected 
or organ segmented);

• Use of open datasets.
The U-Net architecture has substantially impacted medical 

image segmentation owing to its effectiveness. Originally 
proposed by Ronneberger et al. [2], U-Net has since evolved 
into several notable variants, including U-Net++ [13], Attention 
U-Net [5], 3D U-Net [10], EU-Net [14], NAS-U-Net [15], 
U-Net 3+ [16], and SwinAttU-Net [17]. Appendix 1 provides 
an overview of key studies on U-Net modification methods 
and segmentation accuracy evaluations, as well as datasets 
used for testing. It also includes studies wherein U-Net 
was applied to address specific segmentation challenges. 
The following abbreviations are used for performance 
metrics: DC, Dice coefficient; IoU, intersection over union; 
OA, overall accuracy [18, 19].

U-NET ARCHITECTURE MODIFICATIONS

Internal encoder and decoder modifications
This section discusses structural elements that are 

altered by internal modifications to the encoder and decoder 
of the U-architecture.

Encoder and decoder convolution blocks. To process 
spinal cord images (Verse2019 and Verse2020 datasets), 
Xu et al. replaced convolution layers with linear layers 
in the encoder and with octave convolutions in the decoder. 
Octave convolutions combine standard convolution blocks 
with pooling operations to extract frequency-based data [57]. 
Ayalew et al. reduced the number of convolution channels 
and incorporated batch normalization into the original 
U-architecture to detect liver tumors in CT scans [58]. 
This modification improved network accuracy on datasets 
with considerable class imbalance. Guan et al. proposed 
an architecture with modified convolution blocks wherein 
the outputs of each layer were concatenated and jointly 
processed to minimize distortion in photoacoustic images, 
such as brain scans [59].

Fig. 2. Segmentation tasks categorized by the availability and type 
of training data.
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Connections between encoder and decoder blocks. 
Özcan et al. used a U-Net variant to identify tumor regions 
in liver CT scans. In this variant, connections between encoder 
and decoder blocks passed through an inception block 
composed of convolutions with different kernel sizes, 
whose outputs were concatenated. In other studies, these 
connections passed through a pyramid of pooling layers 
(consisting of multiple pooling layers with different kernel 
sizes applied to the same data) [61]. This approach was 
used to accelerate the segmentation of liver ultrasound 
images.

Encoder or decoder regularization blocks. Omarov et al. 
applied a modified U-Net architecture to detect brain regions 
affected by ischemic stroke on CT scans. In this architecture, 
dropout and L2 regularization layers were incorporated 
into the decoder [62].

Ensembling U-Net architectures. A concatenated 
ensemble of U-Net networks trained on ImageNet images 
converted to sinograms was used to reconstruct CT images 
from projection data obtained by rotating an object [63]. 
In another example, an ensemble of two U-Net3D networks 
pretrained on the LiTS dataset was applied for detecting 
liver tumors in 3D CT scans [24, 64]. The first network 
processed low-resolution images (reduced source images), 
and its segmentation output was passed to the second 
network. A combined loss function incorporating the DC 
and cross-entropy was used. In another study, a two-stage 
U-Net ensemble was developed for liver tumor detection. 
Here, one network functioned as a post-processing 
and refinement stage [65].

Koirala et al. used an ensemble of U-Net3D, ONet3D, 
and SphereNet3D networks to locate brain tumors. 
Ensembling was achieved by weighing (summing 
and multiplying by a number reflecting the network’s 
contribution to the overall result, i.e., its weight) the outputs 
of all models to determine the most probable class.

Li et al. used an unmodified U-Net architecture to select 
the optimal model for their application [67].

Overall, existing studies suggest that even minor 
architectural changes to U-Net can improve its effectiveness 
in medical imaging tasks.

Modifications using attention mechanisms
This section outlines how previous studies modified 

the standard U-Net architecture by integrating spatial 
and channel attention blocks [68]. In one study, 
a U-Net3D-based variant incorporating efficient channel 
attention in the encoder blocks was applied to detect 
COVID-19-related abnormalities in chest CT scans [69]. 
In another study, a pyramid fusion module was implemented 
at the lower layer of the U-architecture. In this module, 
features extracted using neural networks with varying 
window sizes were concatenated, and the resulting data were 
processed using a pooling layer with a global mean value. 
The Tversky loss function was used for optimization [70].

Another study focused on the simultaneous segmentation 
of multiple organs using CT scans [71]. The proposed U-Net 
architecture included an attention block that took the outputs 
of both the encoder and decoder as input. These outputs were 
concatenated and processed using a 1D convolution operation 
with ReLU activation sigmoid functions [72].

One study [73] employed a U-Net architecture with spatial 
multi-scale attention blocks to segment liver tumors in CT 
scans. These attention blocks were placed at multiple points 
in the architecture, including within the encoder and decoder, 
as well as along the connections between them.

Zhang et al. applied pyramid pooling in the lower part 
of the U-architecture (corresponding to the point of maximum 
data reduction) and used efficient channel attention blocks 
on the connections between the encoder and decoder 
blocks [74]. Another study proposed a U-Net architecture 
with spatial attention between encoder blocks, incorporating 
convolutions with multiple receptive fields (Fig. 3). This 
architecture was trained using the Tversky loss function 
for breast cancer detection [75].

Subhan Akbar et al. introduced attention blocks 
into the connections between the encoder and decoder blocks 
of the U-architecture. For feature extraction, they also added 
a positional attention block and a self-attention block to each 
layer of the decoder [76, 77].

Thus, in U-Net, various attention blocks have been used 
to capture spatial relationships between image elements 
at different scales. Notably, these relationships cannot be 
detected using the basic architecture.

Modifications through the integration 
of elements from other architectures

A common approach to modifying the U-Net architecture 
involves incorporating elements from other networks, 
such as ResNet or transformers. Several variations of this 
approach have been proposed. 

Full modification of the encoder and/or decoder. 
Xingfei et al. modified the U-Net architecture by replacing 

Fig. 3. Spatial attention block positioned between encoder 
elements [75].
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the encoder with ResNet50 for segmenting COVID-19-related 
abnormalities in the lungs [78, 79]. A channel attention block 
combined with a pyramid pooling module was applied 
following the encoder. Alternatively, a transformer encoder 
can be integrated, with its output upsampled via deconvolution 
for use in different parts of the U-architecture [80].

Modification of encoder and decoder blocks while 
maintaining the general U-Net architecture. Eskandari 
et al. focused on segmenting liver structures in CT scans [81]. 
To account for the considerable variability in liver shape, 
size, and position, they used a position-determining classifier 
network in combination with a modified U-Net architecture. 
This modification replaced standard convolution blocks 
with ConvLSTM blocks, which were also incorporated 
into the connections between encoder and decoder blocks [82].

In another study, a hybrid architecture combining 
efficient transformer blocks with the U-Net architecture was 
proposed for identifying skin abnormalities in medical images 
(Fig. 4) [83]. This architecture outperformed the classic 
U-Net, Attention U-Net, TransU-Net, FAT-Net, and Swin 
U-Net in terms of DC, sensitivity, specificity, and accuracy 
on the ISIC 2018 skin lesion dataset. 

Ghofrani et al. applied a combination of an unmodified 
U-Net and transformer blocks to segment polyp images, 
achieving higher accuracy than U-Net, ResU-Net++, 
and DoubleU-Net [36, 37, 84–86]. 

For 3D liver image segmentation, U-Net was combined 
with Swin Transformer, BTSwin Transformer, and DenseNet 
components [87–89].

In summary, similar to attention-based modifications, 
integrating elements from other architectures enhances 
image processing quality by identifying subtle relationships 
between image regions. Transformer blocks that employ 
self-attention mechanisms to extract latent features are 
frequently used in this context.

Introducing additional features into u-net
Researchers often use metadata from DICOM files 

as supplementary features in medical image analysis. These 
data are typically tabulated and include both continuous 
and categorical variables. The metadata are often input 
into a separate network, which may be trained either jointly 
with or independently from the main segmentation model. 
This supplementary information is generally incorporated 
into the base network using attention mechanisms. For 
instance, in a previous study on spinal tumor segmentation, 
metadata were integrated into a U-Net-based segmentation 
model. Each block included a linear transformation block 
applied to the output of the preceding convolutional layer [90]. 
The U-Net-based generator computed transformation 
parameters (shift and scale) after receiving metadata related 
to the segmented image. In another study, Du et al. proposed 
a channel attention mechanism wherein metadata were 
used to train the 3D-RADNet network to detect image slices 
containing the target organ (liver) [91]. Slices selected using 
metadata were processed by a U-Net-based segmentation 
model. In kidney tumor segmentation, channel attention 
has been used to incorporate metadata into the network, 

Fig. 4. Architecture integrating transformer blocks into the U-Net framework [81].
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allowing the data to serve as the outputs of U-Net 
blocks [92]. After the final convolutional layer of each block, 
both image data and metadata are passed to a layer where 
the metadata are input into a multi-layer perceptron (MLP) 
with a sigmoid activation function. The MLP outputs are 
then multiplied, on a per-channel basis, with the image data 
from the preceding convolutional layer.

In addition to metadata, other sources of auxiliary 
information have been used to enhance U-Net models:
• A two-branch architecture based on a convolutional 

network [93];
• CNNFormer for liver segmentation, which accounts 

for both intra-slice spatial relationships and inter-slice 
hierarchical structures [94];

• Additional features, such as spine, lung, and skin 
segmentation results obtained using the Python library 
Body Navigation [95].
These data have been concatenated with the input images 

to enhance the localization of the target organ. This approach 
has been applied to liver CT segmentation using both U-Net 
and U-Net3D architectures, depending on whether individual 
slices or entire scans were processed.

Many modifications to U-Net training involve the iterative 
reuse of features. For example, Ernst et al. focused 
on reconstructing CT images from sinograms [96]. They 
employed a combination of U-Net3D and Primal-Dual 
networks with iterative learning, where the output at each 

step was combined with the results of the previous iteration. 
Another study proposed a method to improve segmentation 
accuracy by reusing features extracted during learning [97]. 
RecycleNet, an architecture derived from U-Net, comprises 
three main blocks:
• I: input data block;
• R: latent feature reuse block;
• O: outcome block (Fig. 6).

Fig. 6. Structural blocks of the U-Net architecture [97].
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The feature reuse algorithm is illustrated in Fig. 6. 
First, the number of iterations to be used for decision-
making is randomly selected from a predefined range. 
The features extracted in the previous iteration are 
normalized and added to those from the current iteration, 
incorporating spatial embedding. After completing 
the selected number of iterations, the network generates 
the final output. In a previous study, RecycleNet was 
experimentally evaluated on the KiTS 2019 (kidney cancer), 
LiTS, BTCV, AMOS (multi-organ segmentation), and CHAOS 
(MRI) datasets [23, 24, 33, 40]. The proposed architecture 
was compared with a DC-optimized variant of nnU-Net 
and the DRU network [98]. RecycleNet outperformed 
the compared architectures on all evaluated datasets.

Thus, incorporating additional features can improve 
the accuracy of image processing using U-Net. Such 
supplementary data often reveal patterns that are not present 
or are only weakly expressed in the image itself.

ADDRESSING SPECIFIC SEGMENTATION 
CHALLENGES USING THE U-NET 
ARCHITECTURE

Transfer learning and fine-tuning of U-Net
In medical image processing, available training datasets 

are often small and structurally complex. This limitation 
arises from the difficulties encountered during data labeling 
and restrictions imposed by privacy agreements. A common 
approach in such cases is to employ pretrained models 
and fine-tune them on the available datasets.

Heker et al. investigated liver tumor segmentation using 
a small dataset of CT scans [99]. To this end, they first trained 
the U-Net architecture on the LiTS dataset and applied 
a hierarchical freezing strategy to its encoder weights. Initially, 
the encoder weights were frozen, meaning they were not 
updated during training. The rest of the network was trained 

for a set number of iterations. Afterward, the frozen encoder 
weights were gradually unfrozen and fine-tuned one by one.

Several researchers employed a U-Net architecture 
with a ResNet32-based encoder, initially pretrained 
on ImageNet and subsequently fine-tuned using optical 
coherence tomography images [100]. Meanwhile, others 
have explored fine-tuning techniques for U-Net and U-Net3D 
in the segmentation of various organs and diseases, 
including approaches involving a variable number of trainable 
layers [101, 102].

Moreover, transfer learning with U-Net and EfficientNet 
architectures—both originally developed for 2D image 
segmentation—has been applied to facilitate data 
transfer during 3D image processing [103, 104]. 
The authors of the aforementioned paper proposed 
two approaches: 1) increasing the sampling rate of 2D 
weights in the corresponding blocks of 3D architectures 
and 2) obtaining plane projections of 3D data and subsequently 
processing them using a network trained on 2D data (Fig. 7). 

Another approach to training involves using U-Net for post-
processing image segmentation results. Hong et al. applied this 
strategy for liver segmentation in CT scans. In their proposed 
modification, U-Net’s segmentation output underwent post-
processing through the optimization of an energy functional. 
This functional included two components: one for contour 
delineation in an image and another for optimizing voxel 
class labels within the evaluated region.

The effectiveness of fine-tuning and transfer learning 
strategies strongly depends on the datasets used 
during pretraining. The closer the training and target datasets 
are in terms of the types of objects assessed, the more 
effective fine-tuning and transfer learning become. However, 
achieving this similarity is not always feasible, particularly 
for specialized tasks. Large datasets are often unavailable—
especially for 3D data. A promising alternative is to fine-tune 
using simpler, lower-dimensional data, which are generally 
easier to collect in sufficient quantities. 

Fig. 7. Ratios of labeled and unlabeled data in network training and testing: (a) semi-supervised learning (SSL), (b) unsupervised domain 
adaptation (UDA), and (c) semi-supervised domain generalization (SemiDG) [106].
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Semi-supervised learning methods
The shortage of sufficient training data for complex 

architectures is often due to the lack of expert annotation 
of raw data—a task that requires substantial domain-specific 
knowledge and expertise. To address this limitation, various 
training strategies based on the U-Net architecture have been 
developed to leverage unlabeled data and semi-supervised 
learning approaches.

Wang et al. explored the training of segmentation networks 
for 3D organ models using semi-supervised learning 
techniques [106]. They developed a framework capable 
of handling different proportions of labeled and unlabeled 
data during both training and testing phases (See Fig. 7):
• Fig. 7(a): labeled and unlabeled data, as well as testing 

data, are of the same type (testing data indicated 
with a dotted line);

• Fig. 7(b): labeled and unlabeled data are of different types;
• Fig. 7(c): the training set contains labeled and unlabeled 

data of different types, while the testing data are entirely 
distinct from both.
The resulting framework consists of two main components 

(Fig. 8): an aggregation block and a decoupling block. 
The aggregation block includes the encoder of the proposed 
Diffusion VNet, which performs image segmentation 
for type 1 relationships. The decoupling block contains three 
VNet decoders, each responsible for generating class labels 
of a specific type. The first decoder produces labels that are 
unbiased with respect to the type of labeled data, using a loss 
function that combines cross-entropy and DC. These labels 
are then used to generate re-weighted class labels, where 
the weights are applied in a loss function consisting of the sum 
of DCs across all labeled data classes. This weighting strategy 

enhances the training effectiveness for classes that perform 
poorly. The second decoder generates class pseudo-labels 
for unlabeled data, which are subsequently used to train 
the third decoder in an unsupervised manner.

In a previous study, the above framework was trained 
using the LASeg (brain MRI), Synapse (various organs), 
MMWHS, and M&Ms (heart) datasets [47–50]. Its performance 
was evaluated against that of UA-MT, LMISA-3D, vMFNet, 
SS-Net, and other architectures using metrics such as DC, 
Jaccard index, and HD95. In several cases, the framework 
demonstrated performance that was either superior to or 
comparable with that of specialized architectures.

Wang et al. investigated trained network adaptation 
for segmenting a small target dataset focused on polyp 
detection [107]. The study evaluated a scenario wherein 
the target dataset consisted of images similar to those used 
for network training but lacked labels. Two techniques were 
applied for training: contrastive learning and pseudo-labeling 
with calibration. 

In the contrastive learning phase, unlabeled images were 
labeled as either positive (consistent with a given image) 
or negative. Images obtained through augmentation were 
treated as positive, while others were treated as negative. 
A network trained on a different dataset generated 
pseudo-masks for the target dataset. These predicted masks 
were then used to calculate entropy and determine class 
centers within the target scans.

To improve the reliability of the generated pseudo-masks, 
a per-pixel calibration block was introduced. This block 
incorporated previous predictions to refine the mask quality. 
To evaluate the effectiveness of the proposed method in polyp 
segmentation, experiments were conducted using the ClinicDB, 
ETIS-LARIB, and Kvasir-SEG datasets. The proposed 

Fig. 8. A&D framework [106].
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architecture was compared with other networks employing 
techniques such as bidirectional learning (BDL), Fourier domain 
adaptation, historical contrastive learning, and denoised 
pseudo-labeling. The proposed architecture outperformed 
these alternatives in terms of DC and IoU variations.

Wang et al. also proposed a method for segmenting human 
organ images, including those captured during surgery, using 
semi-labeled datasets.

For unlabeled data processing, a dual-network 
configuration was used (Fig. 9), in which two networks 
with identical architectures received the same image 
input. Although the networks were initialized differently, 
aggregating their outputs enabled more accurate predictions 
than either network could achieve independently. To avoid 
distortion when assigning pseudo-labels to unlabeled data 
in cases where the training dataset exhibited heterogeneous 
class representations, individual class distributions were 
reconstructed rather than relying on the overall data 
distribution.

To align individual class densities, an exponential 
moving average transformation was applied to class 
alignment matrices of both labeled and unlabeled data. 
The effectiveness of the proposed method was evaluated 
using the CaDIS (surgical images), LGE-MRI, and ACDC (heart 
disease) datasets. Its performance was compared with that 
of the URPC, UAMT, CLD, and CPS architectures using the DC, 
Jaccard index, and additional metrics. The proposed method 
outperformed all of these architectures across the evaluated 
parameters.

Thus, a properly selected architecture enables the effective 
use of unlabeled data in training U-Net-based models, even 
in the presence of class imbalance.

U-Net training using extremely small sets 
of real-world data

Developing AI-based software for specific medical tasks 
is hindered by the challenge of assembling a sufficiently large 
training dataset [109]. In many cases, dedicated tools are required 
to process and structure text-based protocols [110–112].  
Combined with the high cost of data annotation, these 
challenges frequently force developers to work with limited 
amounts of labeled data for machine learning. Consequently, 
few-shot learning has become a widely adopted approach 
in medical image processing.

A study investigated the use of CT and positron emission 
tomography scans for lung cancer detection [113]. A standard 
U-Net architecture without modifications was trained 
using data augmentation, with additional data introduced 
during both training and testing phases based on feedback 
from an expert evaluating the model’s performance. A similar 
approach was later applied to COVID-19 data [114]. In another 
study, the encoder of the U-Net architecture was modified 
using a Siamese-Net-type structure to enhance segmentation 
quality. A second encoder branch was introduced; it received 
the image multiplied by its corresponding mask (segment). 
The weights from this branch were then combined with those 
of the primary encoder branch, which processed the original, 
unmodified image [115]. 

Fig. 9. Dual-network architecture trained on datasets with heterogeneous class representation [108].
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