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COMPARATIVE ANALYSIS OF U-NET, U-NET++, TRANSUNET
AND SWIN-UNET FOR LUNG X-RAY SEGMENTATION

Abstract

Medical image segmentation is a widely used task in medical image processing. It allows us to receive the
location and size of the required instance. Several critical factors should be considered. First, the model should
provide an accurate prediction of the mask. Second, the model should not require a lot of computational resources.
Finally, the distribution between the false positive and false negative predictions should be considered. We provide
the comparative analysis between four deep learning models, base U-Net and its extension U-Net++, TranUNet, and
Swin-UNet for lung X-ray segmentation based on trainable parameters, DICE, loU, Hausdorff Distance, Precision
and Recall. CNN models with the smallest number of parameters show the highest DICE and IoU scores than their
descendants on the limited-size dataset. Based on the experiment results provided in the article U-Nethas maximum
DICE, IoU, and precision. It makes the model the most appropriate for medical image segmentation. SwinU-Net is
the model with minimum Hausdorff Distance. U-Net++ has the maximum Recall.
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Introduction

Medical image segmentation is the process of automatic extraction of masks from the images
containing the area of relevant parts. The mask could contain the damaged part of the organ or the
organ by itself. An analysis of the mask allows to get information about the current state of the
organ. In opposition to classification and detection image segmentation allows to understand the
class, location, and size of the relevant image at the same time.

However, medical image processing is a complicated and expensive process because it requires
a deficit of data for training. According to the authors of the original U-Net architecture [1], it
was proposed specifically for medical image segmentation and could be trained on a limited-size
dataset. U-Net was applied for various medical image segmentation subtasks [2—4] and shows good
performance. This was a motivation to use its key features, such as mirror encoder and decoder
application, and skip-connections were used in different other architectures. U-Net architecture could
be combined with residual [5], recurrent [6], or dense [7] blocks forming a new convolutional neural
network. U-Net architecture also could be adopted for transformer-based architecture [8, 9, 10].

Although the application of additional components increases segmentation quality, the number
of trainable parameters increases as well. The idea of automated medical image segmentation is the
reduce the burden on the medical sector through pre-medical diagnostics and patient management.
There are several criteria for methods used for the segmentation process. It should not only provide
the exact area of the required instance but also work fast without requiring large computing power.
So in the current comparative analysis, we take into account the number of trainable parameters of
each observed model because, for deep learning models, this is a key characteristic responsible for
the speed and required resources for the training process.
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Another important component in the process of evaluating neural networks for medical image
segmentation is the distribution between false positive and false negative predictions. Image
segmentation could be described as a pixel-wise classification, when each pixel belongs to some
class, for example, a cancer or non-cancer area.

We compared U-Net with three U-Net-based algorithms: U-Net++ [11], TransUNet [8], and
Swin-UNet [10] among the number of trainable parameters and segmentation quality. We used
DICE, IoU, and Hausdorff Distance to evaluate the distance and similarity between the ground
true and predicted image. Also, we calculated precision and recall for predicted and ground true
masks to evaluate the distribution between false positive and false negative predictions. Based on
our experiments Base U-Net with the smallest number of parameters shows the highest DICE and
IoU scores than its descendants on the limited size dataset. However, it lost in Hausdorff Distance,
Precision, and Recall to its descendants.

Background

Medical images are an extensive source of information about the human body, its current state,
and possible illness. Together with the disease history and related visual data, the doctor could draw
up a complete picture of the disease and appropriate treatment. There are a lot of different formats
of medical image data that are appropriate depending on the case: computed tomography images,
X-rays, biopsy images, electrocardiograms, and others. In the current article, we stopped on X-ray
images because this format has some benefits among others, and it is the widely spread type of
equipment to collect medical image data.

X-rays are one of the cheapest ways to collect data about the human body. It is widely available
in various medical centers, including small rural ones which are usually not equipped with more
expensive types of equipment like CT scanners or MRI machines. Also taking X-ray images are
quick and non-invasive, requiring minimal preparation. X-rays provide valuable insights into the
internal structures of the body, making them versatile for a range of diagnostic purposes. They are
commonly used to examine bones, detect fractures, identify abnormalities in the chest, and assist in
various other diagnostic evaluations. Also, X-ray involves a relatively low radiation dose. The X-ray
was created in the 19th century and still is the most popular way of screening.

The use of X-ray images allows for gathering information about various organs in the human
body. In this article, we focus on X-ray images of the lungs, as this organ is particularly susceptible
to various diseases. Currently, lung cancer stands as the most lethal type of cancer in Kazakhstan
and worldwide. Lung cancer can be classified into two main types: non-small cell lung cancer and
small-cell lung cancer. The most spread and the least dangerous type of non-small cell lung cancer is
adenocarcinoma. It grows more slowly than other types and is often treatable due to early detection.
Usually, it could be found in the outer part of the lung. Another type of non-small cell lung cancer is
squamous cell carcinoma. Typically found in the central part of the lung. Squamous cell carcinoma is
often linked to smoking. The last subtype of non-small cell lung cancer is large cell carcinoma. This
type of cancer is characterized by rapid growth and non-predicted location in every part of the lung.
The second type of cancer is Small cell lung cancer. It is generally the more aggressive type of lung
cancer with a higher potential for rapid spread compared. This type of cancer has higher mortality
and a more negative prognosis of treatment because of several factors. First is the rapid growth. It
faster spreads inside the lung and to other human organs. It leads to the second issue the second issue
with this type of cancer. It gives early metastasis that spreads to distant organs, particularly the brain.
This can complicate treatment and affect the overall prognosis. Last but not least, the difficulties in
treating this type of cancer are twofold. On one hand, frequent late detection of small cell lung cancer
often makes surgical intervention impossible. As the cancerous area attains a considerable size, it
becomes impractical to remove it surgically without affecting other organs and important blood
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vessels. On the other hand, the traditional method of cancer treatment, chemotherapy, often yields
positive results at the beginning of treatment, but there is a high risk of recurrence. This prevents the
ability to control the cancer in the long term and maintain a stable outcome.

There are a lot of factors that cause lung cancer. Some of them are possible to control, such as
smoking, and harmful production. However, the main part of them is difficult to control, like passive
smoking, radon gas exposure, age over sixty fixe, and genetic factors.

Another widely spread type of lung disease is tuberculosis. Tuberculosis is widely spread in
Kazakhstan. Tuberculosis is a contagious bacterial infection caused by Mycobacterium tuberculosis.
This airborne disease primarily affects the lungs but can also target other organs, leading to a range
of symptoms and complications. Tuberculosis remains a global health concern, with a significant
impact on morbidity and mortality.

Tuberculosis is a highly contagious type of illness. Tuberculosis can be transmitted when an
infected person coughs or sneezes, releasing microscopic droplets containing the bacteria into the
air. The primary modes of tuberculosis transmission include inhaling air containing tiny particles of
the microbes and contact with the infection through the skin or mucous membranes. Additionally,
transmission from mother to child during pregnancy or childbirth is also possible. Due to the necessity
of contact with an infected person, tuberculosis is often transmitted in prisons and other places of
confinement. This is because many individuals are housed in poorly ventilated environments.

Tuberculosis could be in two forms: latent in active. In active form, there are common symptoms
of tuberculosis including persistent cough, chest pain, weight loss, fatigue, night sweats, and fever. A
latent form of tuberculosis occurs when the bacteria are present in the body but not causing symptoms.
However, a patient with a latent form of tuberculosis also is dangerous because of the risk of spread.
TB is treatable with a combination of antibiotics, usually taken for several months. Adherence to the
full course of treatment is crucial to prevent the development of drug-resistant strains.

One more lung disease that was the reason of the pandemic and creatine in 2019 is Covid 19.
It was caused by a novel coronavirus SARS-CoV-2 and afflicted economic, public health, and geo-
political situations over the world. COVID-19 primarily spreads through respiratory droplets when
an infected person coughs, sneezes, or talks. Common symptoms include fever, cough, and shortness
of breath, but the virus can also cause a range of respiratory, gastrointestinal, and neurological issues.
Certain individuals, particularly the elderly and those with underlying health conditions, are at a
higher risk of severe complications. Despite the mortality rate of Covid 19 significantly decreasing
and the initiation of vaccination, various new strains of the virus have begun to emerge with differing
symptomatology, transmission rates, and mortality.

Although the 2019 pandemic dealt a significant blow to humanity, it undoubtedly exposed
healthcare challenges linked to a shortage of qualified medical personnel. Overall, the medical field
faces a significant challenge with timely disease diagnosis and subsequent patient management due to
a shortage of healthcare professionals and necessary equipment. In this context, the use of automated
tools in preclinical medical diagnostics has the potential to significantly improve the quality of
services provided and the overall survival rates of patients with various illnesses. Hand segmentation
of the disease or organ is an expensive and long process. Moreover, due to the significant burden
on healthcare professionals and the fact that images are not pre-ranked based on the severity of the
patient’s condition, individuals with more severe forms of illness may not receive timely treatment.
It is also worth noting that the use of automated tools cannot fully replace a doctor since there is
a significant challenge in predicting false-positive results. In the context of pulmonary diseases, a
false-positive prediction may lead to a lung puncture, which is an invasive procedure.

We have focused on segmenting the region of the lung itself, as this step allows for the initial
assessment of the organ’s condition. It involves defining boundaries and size, as well as the potential
identification of entities with radiological characteristics deviating from the standard values of the
lung area.
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Main provision

We provide a comparative analysis of base U-Net with three U-Net-based algorithms: U-Net++,
TransUNet, and Swin-UNet. The main contribution of the article could be described as follows:

¢ The authors of Swin-UNet provide the comparison of TransUNet and Swin-UNet for the aorta,
gallbladder, spleen, left kidney, right kidney, liver, pancreas, spleen, and stomach. We checked the
algorithms for the task of lung segmentation.

¢ The comparison of TransUNet and Swin-UNet was provided in the original article Swin-UNet
based on DICE and Hausdorff Distance. We complete the comparative analysis by adding loU. Also,
for medical processing tasks, it is critical to consider the distribution between false positive and false
negative predictions. In the lung segmentation task, we took pixels belonging to the lung as positive,
and all other areas of the image as negative. We also calculated precision and recall characterizing
the distribution between segmentation errors.

¢ The comparison of TransUNet and Swin-UNet in the original article was done with the use of
hardware with different computation power. For the current research, we used the same equipment
for training all four models.

* We provide a comparison between two convolutional (U-Net, U-Net++) and two transformer-
based (TransUNet, Swin-Unet) models to check which type of model shows better results for medical
image segmentation on the dataset with a limited size. Also, we used a backbone model with a
smaller number of trainable parameters for TransUNet to bring the number of trainable parameters
of transformers and convolutional neural networks closer to each other.

Materials and methods

Image segmentation models

We compared four deep-learning algorithms for the lung segmentation task: U-Net, U-Net++,
TransUnet, Swin-UNet. U-Net++ is an extension of the U-Net architecture for semantic segmentation,
incorporating skip connections and deep supervision to enhance the ability of the model to capture
hierarchical features in medical image analysis. TransUNet is the combination of a transformer
encoder and a convolutional decoder. Swin-UNet is a fully transformer-based model. In contrast
to convolutional-based models, transformer-based architectures utilize an attention mechanism.
This mechanism can be conceptualized as a sequence of linear layers incorporating key, query, and
value components. By doing so, the attention mechanism adeptly highlights relevant features within
the original input sequence, allowing transformers to capture intricate dependencies and patterns
across the entire sequence for various tasks. The combination of the attention mechanism in the
encoder and convolutional decoder in TransUNet is the reason for additional calculation inside skip
connections because the convolutional part operates with matrixes while the transformer part works
with sequences. This architectural singularity and the number of layers are the reasons why Transnet
used the biggest number of parameters among all observed models.

TransUNet and Swin-UNet models were compared by the authors of Swin-UNet architecture
on the Synapse multi-organ computer tomography dataset [12] and ACDC dataset [13]. The synapse
dataset consists of computed tomography images of the aorta, gallbladder, kidney, liver, pancreas,
spleen, and stomach and corresponding masks. ACDC dataset contains MRI images with labeled
ventricles and myocardium.

Data

For the current comparative analysis, we used X-ray images of the lung, because the results of
the original article do not provide information about the quality of segmentation based on X-rays,
and the lung was not used in the original articles as well. We used an open-source dataset of chest
X-rays with corresponding lung masks [14, 15]. We used 704 images from the dataset, which were
randomly split into train and test sets. So the train set contains 563 images and the test set consists
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of 141 images. All X-ray images were provided in PNG format. An example of an image from the
dataset and corresponding mask is provided in Figure 1.

in

Figure 1 — X-ray image (left) and corresponding binary lung mask (right)

We used 704 images from the dataset, which were randomly split into train and test sets. We used
the same distribution between the train and test for honest comparison. The train set contains 563
images, and the test set consists of 141 images. We used the image with the size 224*224 because
this image size was applied in SwinU-Net architecture. So, we applied the same for all of the others
for honest comparison.

The dataset also has additional annotations that include information about age, gender, sex, and
diagnosis. We used only a part of the dataset. So, the distribution between genders is 442 to 262 for
males and females correspondingly. The age distribution could be described as it is shown in Table
1. As it is shown in Table 1 the main part of the dataset is the X-ray images of young adults with age
from 19 to 35.

Table 1 — Age distribution

Age span Number of examples
0-12 27
13-18 14
19-35 321
36-60 278
60+ 64

The dataset includes a variety of pulmonary conditions diagnosed through chest X-rays. There
are descriptions of the most popular cases that appeared in the dataset. Also, the dataset includes some
other cases like Smear positive, active TB, LUL apex; Bilateral secondary PTB, left encapsulated
intrathoracic fluid; Left PTB, left pleural thickening, and others which appeared in the dataset no
more than five times.

Normal (358 cases) indicate that there are no apparent signs of pulmonary abnormalities. These
images serve as a baseline for comparison with cases exhibiting pathology.

Bilateral PTB (48 cases) signifies the presence of pulmonary tuberculosis affecting both lungs.
This condition necessitates careful monitoring and treatment due to the bilateral involvement, as
tuberculosis can significantly impact respiratory function.

Right PTB (42 cases) indicates the presence of pulmonary tuberculosis specifically affecting the
right lung. The focus on the right lung allows for targeted diagnosis and treatment planning.

PTB in the Right Upper Field (26 cases) specifies tuberculosis localized to the upper region
of the right lung. This precise characterization assists in identifying the affected area for accurate
diagnosis and treatment.
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Left PTB (18 cases) highlights cases where pulmonary tuberculosis is isolated to the left lung.
Like right-sided cases, specific localization aids in tailored medical intervention.

These classifications play a crucial role in medical diagnostics, guiding healthcare professionals
in identifying and addressing pulmonary pathologies through the analysis of chest X-ray images.
Understanding the nature and location of abnormalities is vital for effective treatment strategies and
patient care.

Loss function
For training all of the selected models we used the same hyper-parameters and loss function. We
applied DICE Loss for the training process because it is widely used for image segmentation. Dice
loss is a metric used in image segmentation tasks that quantifies the difference between predicted
and ground truth masks. We used dice loss with square values for the predicted mask to increase the
distance between the incorrect prediction and the ground true mask (Equation 1).
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Model evaluation

As medical image segmentation is used as a premedical step of image diagnostics, the quality of
segmentation is critical. However, the similarity between the real and predicted mask is not only one
important characteristic. To evaluate the similarity and distance between ground true and predicted
mask we used DICE (Equation 2), IoU (Equation 3) and Hausdorftf Distance (Equation 4).
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It is important to have an opportunity to use the model on different hardware with different
computation resources. For deep learning models, the number of trainable parameters is the
characteristic responsible for the speed and required hardware for training, because it has a direct
relation with the number of layers of the model.

Image segmentation task could be described as pixel-wise classification. The distribution between
false positive and false negative predictions is also important for medical image processing tasks. We
used precision (Equation 5) and recall (Equation 6) to evaluate if the model better classified positive
or negative examples. Although precision and recall both characterize the quality of classification,
one of them could be significantly higher than the other. Precision is more important if the number of
false positive predictions has more crucial consequences than false negative. Otherwise, when false
negative predictions are more critical, it is better to increase recall.

Precisi True Positives (5)
recision = — "
True Positives + False Positives

Recall — True Positives 6
ecal = True Positives + False Negatives (6)
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Hardware

All experiments were done on the same hardware: NVIDIA A100 80GB GPU with CUDA
version 11.7, paired with an AMD EPYC 7663 56-Core Processor for CPU tasks., RAM 1,5 Ti.
Computational resources have been temporarily provided by the Institute of Information and
Computational Technologies (IICT).

Results and discussion

We calculated the number of parameters for all the models. The cheapest model we used was
Base U-Net. We used five metrics for the evaluation of segmentation. DICE, loU, Precision, and
Recall should be maximized, and Hausdorff Distance should be minimized for better segmentation
results. We used a constant number of epochs for training. The results with input size 224*224 are
provided in Table 2.

Table 2 — Comparative results for U-Net, U-Net++, Swin-UNet, TransUNet with the input size 224
* 224

Model N param DICE ToU HD Prec Rec
Base U-Net 3.25E+07 0.9546 0.9147 16.73 0.9643 0.9474
Swin-UNet 4.14E+07 0.9543 0.9141 13.6969 0.9623 0.9487

U-Net++ 4.89E+0.7 0.9537 0.9128 23.05 0.9476 0.9618
TransUNet 9.23E+07 0.9442 0.8965 14.3628 0.9580 0.9340

As we can see in Table 1, DICE and IoU decreased when the number of trainable parameters
increased. It could be caused by the limited size of the data. The model with the minimum Hausdorff
Distance is SwinU-Net, which means that it provides maximum similarity in the form of a predicted
mask. U-Net also has maximum Precision, this makes U-Net a preferred model in situations where
it is important to minimize the number of false positive predictions. Usually, the problem is false
positive predictions from the point of view of the patient and the doctor. The model with the highest
Recall is U-Net++, which means that it makes fewer false negative predictions.

Literature review

The U-Net architecture was originally constructed for the main challenges of computer vision: it
could be trained on the set with limited size, considering the fact the relevant part of the image could
be significantly smaller, like borders between cells on a biopsy image, than all other parts, and does
not require big computational resources because its architecture distinctive features. Base U-Net
consists of main parts: mirror encoder-decoder, skip connection layers, and bottleneck. U-Net shows
high performance for medical [16, 17, 18] and non-medical image segmentation [19]. The high
performance of U-Net has been a motivation for its extension for various U-Net-based algorithms
[8,9, 10, 11, 20]. U-Net architecture could be combined with residual [5], recurrent [6], or dense [7]
blocks forming a new convolutional neural network. U-Net also could be adopted for 3D image
segmentation [21, 22] which is also a widely used format of visual representation of the human body.

The author of article [23] provides a comprehensive theoretical review of more than eight U-Net-
based and original U-Net models. The authors provided a list of their applications for different human
organs and illnesses segmentation based on the information given in other articles.

The article [24] provides a comparative analysis of 2D U-Net and 3D U-Net for brain tissue
segmentation. The authors used the Open Access Series of Imaging Studies (OASIS) [25] for training
and testing. The article [26] provides a comparative analysis of U-Net-based algorithms for liver
segmentation. 3D U-Net was better in both cases. The article [27] provides a comparison of 2D and
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3D U-Net for pulmonary nodule segmentation based on the LIDS-IDRI Dataset [28]. Two Level
U-Net shows the best scores for image segmentation than 2D and 3D U-Net.

U-Net architecture could be extended not only as a part of the new convolutional neural network
but also as a new transformer architecture. The first application of transformer-based architectures
in computer vision was described in the article [29]. The authors described an application of a
visual transformer for the image classification task. The architecture was extended for the image
segmentation task. Examples of combination U-Net with transformers are TransUNet and Swin-
UNet. TransUNet and Swin-UNet were compared for caries segmentation in the article [30]. The
article [31] proposed new transformer-based architecture which was tested with TranUNet and
SwinU-Net for ACDC Dataset. In both cases, TransUNet showed a higher DICE score, which is the
opposite result provided by the authors of the original SwinU-Net article.

Although transformer-based architectures are powerful tools for image processing, they require
much more computation resources than convolutional neural networks. Sometimes their application is
not worth the resources spent. The article [33] provides an adaptation of U-Net called LargeKernelU-
Net (LKU-Net) which shows higher DICE on OASIS dataset than TransMorph [34].

Although U-Net-based algorithms show stable and high performance for the segmentation of
instances with different types, they are not the only type of architecture, used in medical image
processing. Example Mask R-CNN [35] originally described for non-medical object detection, also
could be adopted for medical image segmentation task [36, 37] by itself. The article [38] provides a
comparison between U-Net, Mask RCNN, and their ensembled for nuclear segmentation.

Conclusion

Medical image processing could be applied as a pre-medical diagnostic to increase the quality
of patient management. Image segmentation is one of the computer vision tasks, that is suitable for
medical image diagnostics because it allows to find not only the class of required instance, but the
location, size, and form as well. However, there are a lot of changes and limitations for computer
vision medicine. The first one is the computational and data resources. The second is the quality
of segmentation because the model must find the accurate size and form of the required instance.
Finally, the distribution between false positive and false negative predictions influences the choice of
the model. The limitation of medical image processing was the motivation for the creation of U-Net
architecture for medical image segmentation. U-Net shows high performance on various medical
image tasks and was extended by combination with other architectures. We compared U-Net with
three of its extensions TranUNet, Swin-UNet and UNet++. Based on our results Base U-Net still
shows comparative results with its descendants with a bigger number of trainable parameters.

Future work

In the current article, we provide a comparative analysis of four deep learning models: U-Net,
U-Net++, TransUNet and SwinUNet for lung segmentation tasks. We trained all models on similar
circumstances and compared results with each other. We used open-source data for comparison. All
of the images were provided in PNG format. We used the dataset with a small number of images. So,
this research has some limitations, which could be extended in future work.

First, the images that we used are provided in PNG format. One pixel in PNG could be described
as an integer value from 0 to 255. However, the usual format of X-ray images is an application of
DICOM format. Dicom format is also used for computed tomography images. This format could
contain much more value of each pixel which allows to separate instances of different types by the
grey value on the image by itself. So the X-ray image in Dicom contains much more radionic features
than the PNG image that we used.

Another limitation of the experiment that we provide is the size of the dataset. Although it was
one of the purposes of the research to check the behavior of selected models on small-size datasets,
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this data could not be enough for training transformer-based models. So to extend current research
the dataset with a bigger size could be used.

The distribution between the lung area and another part of the X-ray also should be considered. In
case we describe the segmentation of the lung on X-ray as pixel-ways classification, the distribution
between the lung and other instances is quite balanced because the area of the lung is big. However,
we used metrics like DICE and IoU which are partly sensitive to the size of the set. It should be
mentioned that for disease segmentation, we usually work with examples where the relevant region
is significantly smaller than other parts of the body. So, the behavior of the model could not be
predicted before real tests were done for another problem domain. Also, these experiments could
be done several types for different types of disease because all of them have different radiological
features.

We also use image size 224*224 while the size of the original X-ray image could be different
depending on the equipment used for taking the data. So some images were compressed or extended
to have similar sizes. Moreover, the Dicom format contains some additional information like the
scale of the image, which was lost because of the use of PNG. However, this information could be
deleted because in medicine all the information should be anonymized as it is possible. However, for
private usage, the quality of segmentation and image processing additional information about disease
history, age, sex, and smoking could increase the quality of the model work.

Another possible way to extend current research is not in comparison of the models but in
increasing segmentation quality. We do not apply any types of data augmentation to increase the
quality of segmentation for honest comparison. Also, we had a goal to compare models on the small-
size dataset, so we to not increase the size of the training set in any possible way. So an application
of affine transformation could make the segmentation of the models better.

The dataset also was annotated for classification purposes. For current experiments, we used only
a part of the data with X-ray images and corresponding lung masks. However, the original dataset
also provides information that was contained from two data sources: Shenzhen and Montgomery.
The dataset also contains information about gender, age, pathology existing, diagnosis, and disease.
There are nine possible types of pathology in the dataset: tuberculosis, pleurisy, atelectasis, pleural
thickening, pneumothorax, pneumonia, fibrosis, granuloma (or cavitary), and infiltrate. The main
part of the X-ray images does not contain any types of pathologies. Also, some X-ray images do
not have labeled pathology and are indicated as an unknown class. Currently, the open-source data
is labeled for lung segmentation only, however it cloud be extended by additional labeling for
mentioned diseases. However, the fact that medical labeling is expensive and long process should be
taken into account as well.

Also, we used only U-Net-based architectures for comparison reasons. However, as it is
mentioned in the Literature review, there are a lot of other ways for medical image segmentation.
Currently, we cannot effectively evaluate the reason why the neural network decides on any type of
image-processing task. However the X-ray images, especially in Dicom format, could be segmented
by non-neural network methods. So the lung could be segmented based on morphological features of
the X-ray image. Subsequently, the research could be extended by the comparison of deep learning
methods with classical computer vision approaches.
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OKIEHIH PEHTTEHJAIK KECKIHAEPIH CETMEHTTEY MOCEJIECIHJAE
U-NET, U-NET++, TRANSUNET KOHE SWIN-UNET MOJEJIBJAEPIH
CAJIBICTBIPMAUJIBI TAJIJTAY

Angarna

MenunuHaIbIK KeCKiHAEPAlI CerMEHTTEY METUIMHAIBIK KeCKIHAepAl eHIey[ae KeHIHeH KOJIaHBLIATHIH

Mocesie. MeauiHaia CerMEeHTTEYIl KOJJIaHy KaKeTTi HBICAHHBIH OpHAJIACYbl MEH MOJIIIEepiH aHbIKTayFa
MYM- KiHAIK Oepeni. Mozenb/i Tanayaa 6ipHerie MaHbI3abl GakTop eckepiiai. bipiHmriieH, Moiens MackaHbl 1971
OopKayIbpl KaMTaMachl3 €Tyl KepeK. EKiHIIiIeH, Moieb ecenTey pecypcTapblHbIH YIKSH KOJEMiH KaKeT eTmeyi
KepeK. AKBIPBIH/IA, KaJIFaH OH >KOHE jKaJlFaH Tepic OomkaMaap apachiHIars! OemiHicTi eckepy Kaxker. biz DICE,
IoU, monmix meH TONBIKTHIK, Xaycaop(h KaIbIKTEIFE CHSKTHI TapaMeTpIiep HeTi3iH/e OKIeHIH PEHTIeH KeCKiHAePiH
CETMEHTTEY YIIIH KOJIIAHBUIATBIH TEPEH OKBITYABIH TOPT MOJEIIHE CalbICTHIPMAlbl TaJIAAy KacaiMel3, oiap:
Heri3ri U-Net sxone onbiH U-Net ++ keneiirimi, TranUNet sxone Swin-UNet. Ex a3 mapamerpini CNN mozenbaepi
JIepeKTep >KUHAFbl IIEKTEIreH Kol mnapaMeTpii MojeibiaepMmen canbicthipranaa DICE sxone IoU eH xorapsl
KOpCeTKImTI Kepcereai. Makanaaa YChIHBIIIFAH 9KCIIEPUMEHT HaTiKenepine coiikec U-Net makcumanasl DICE,
IoU meH nonpaikke ue. Ayt OyJ1 OHbI MEANIIMHAIIBIK KECKIH/II CETMEHTTEY/Ie Nali1aaHblIaThIH €H KOJIAHIbl MOJEIIbIe
aftranmapipagsl. SwinU-Net — Xaycnopd KamrsIKTHIFBL eH a3 Moaelnb. U-Net++ MakCHMaIabl TOJTBIK MOICIT.

Tipek ce3mep: CNN, cermeHtTey, Tpanchopmepiiep, MEIUIMHATIBIK KECKIHI1 OHIILY.

*Hawm /.,
maructp TexH. Hayk, PhD ctynent, ORCID ID: 0000-0002-9356-3114, e-mail: d.nam@kbtu.kz
Tlak A.,
KaHJ. TexH. HayK, mpodeccop, ORCID ID: 0000-0002-8685-9355, e-mail: a.pak@kbtu.kz

'Kazaxcrancko-bpuranckuii Texauueckuii yausepcuret, 050000, r. Anmarsi, Kazaxcran

CPABHUTEJBbHBINA AHAJIA3 MOJEJIENA U-NET, U-NET++,
TRANSUNET AND SWIN-UNET B 3AJJAYE CETMEHTAIIUN
PEHTI'EH-CHUMKOB JIETKOT'O

AHHOTAUA

CermeHTayss MEAUIIMHCKUX U300payKCHUH SBIISICTCS IIUPOKO MCITONB3yeMOH 3a1adell B 00paboTKe MeANIMH-
CKHUX M300paskeHni. VIcnonp30BaHNe CErMEHTANN B MEMIIMHE MTO3BOJISIET MOIYYUTh MECTOIMOJIOKEHNE U pa3Mep
HeoOxonuMon cymHOCTH. CyIecTByeT HeCKOIBKO BaKHBIX (DaKTOPOB MpHU BRIOOpE Mozaenu. Bo-mepBrIx, Moxens
JIOJDKHA 00ecrieunBarh TOYHOE TpecKa3aHie MacKu. Bo-BTOpBIX, MOJIETh HE J0JDKHA TPeOOBATh OONIBIIOTO 00b-
eMa BBIYHCIHUTEIbHBIX pecypcoB. HakoHel, cleayeT ydecTh pacnpeesieHHe MEXAY J0KHOMOIOKHUTEIbHBIMUA U
JIO’KHOOTPULIATENBHBIMU NpeJCKa3aHusAMU. MBI IPef0oCTaBIseM CPAaBHUTEIbHBIN aHAIU3 YeThIpeX MOAEeNed Iiy-
6okoro oOyueHus: 6a3oBoit U-Net u ee pacimpernnit U-Net++, TranUNet u Swin-UNet U1t cerMeHTanuu J1erKux
IO PEHTTEHOBCKUM CHHMKaM Ha OCHOBe oOydaeMbix mapamerpos, DICE, IoU, paccrosaus Xaycmopda, TOGHOCTH
n onHOThl. Mogemn CNN ¢ HaUMEHBIINM KOJIMYECTBOM IapaMeTPOB MOKA3bIBAIOT CaMbIe BHICOKHE MTOKA3aTeNN
DICE u IoU mo cpaBHEHHIO ¢ MOJEISIMH C OOJBIINM KOJIMYECTBOM MapaMETPOB Ha OTPAHUYEHHOM IO pa3Mepy
Habope JaHHbIX. COracHo pe3ysibTaTaM dKCIepUMEHTa, IPECTaBICHHBIM B cTaThe, U-Net nMeeT MakcHMalbHbIe
DICE, IoU u TounocTs. DT0 JenaeT Mojenb Haubosee MoAXOSIIeH AIsl CerMeHTalul MEJULIIMHCKAX U300pasKe-
Huit. SwinU-Net — Moziests ¢ MUHUMaJIbHBIM paccTosianeM Xaycaopga. U-Net++ nmeeT MakCHMalIbHYIO TTOJTHOTY.

Karouesbie ciioBa: CNN, cermenranus, TpancopMepsl, 00padoTKa MEJUIMHCKAX H300paskeHUH.
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