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Summary 

In recent years, deep learning (DL) methods have been increasingly applied to improve the 

automation and accuracy of organ-at-risk (OAR) segmentation in radiotherapy planning. Among 

these, convolutional neural networks (CNNs), particularly U-Net and its extensions, have shown 

significant advantages over manual contouring by offering greater consistency, reduced inter-

observer variability, and faster execution in medical image segmentation tasks. 

This study systematically evaluated the performance of three 3D DL-based segmentation models: U-

Net, Residual Encoder U-Net (ResEncU-Net), and SwinUNETR, on three multi-organ CT datasets: 

AMOS (Abdominal Multi-Organ Segmentation), BTCV (Beyond the Cranial Vault), KC (dataset 

provided by The Hospital of Lithuanian University of Health Sciences Kauno Klinikos), with the goal 

of assessing DL segmentation model suitability for clinical use. Quantitative evaluation based on 

Dice Similarity Coefficient (DSC), Surface DSC (sDSC), and 95th percentile Hausdorff Distance 

(HD95) revealed that ResEncU-Net delivered significantly higher segmentation accuracy across 

datasets, achieving a DSC of up to 0.916, sDSC values exceeding 0.88.  

U-Net demonstrated strong baseline performance, particularly in more homogeneous datasets such as 

KC, where its DSC (0.913) was close to that of ResEncU-Net (0.916). However, its segmentation 

accuracy declined slightly in datasets with greater variability. SwinUNETR, despite its  

Transformer-based architecture, showed the weakest performance, with largest mean HD95 values 

(up to 45.95 mm) and inconsistent sDSC scores, especially for small or low-contrast structures. These 

findings contrast with previously published results that reported strong SwinUNETR performance in 

large-scale studies, suggesting that its effectiveness is highly dependent on pretraining and dataset 

size – factors rarely feasible in clinical settings. 

In conclusion, the findings demonstrated that open-source segmentation models can be effectively 

integrated into clinical radiotherapy workflows. With expert validation by radiation oncologists, these 

models can significantly reduce manual contouring time, maintain high segmentation quality, and 

support more efficient and reproducible treatment planning. This highlights the practical potential of 

open-source DL-based tools for routine clinical use in radiation oncology, especially when it is 

tailored to institutional data and workflows. 
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Santrauka 

Pastaraisiais metais giliojo mokymosi (angl. deep learning – DL) metodai vis dažniau yra taikomi 

siekiant pagerinti kritinių organų kontūravimo automatizavimą ir tikslumą planuojant spindulinį 

gydymą. Tarp kurių konvoliuciniai neuroniniai tinklai (CNN), tokie kaip U-Net ir kiti susiję variantai, 

parodė didelius pranašumus, lyginant su kontūravimu rankiniu būdu, nes padeda užtikrinti mažesnį 

rezultatų išsiskyrimą tarp stebėtojų, gaunamų rezultatų nuoseklumą ir greitesnį medicininių vaizdų 

segmentavimo vykdymą. 

Šiame tyrime buvo įvertintas trijų 3D DL pagrindu sukurtų segmentavimo modelių U-Net, Residual 

Encoder U-Net (ResEncU-Net) ir SwinUNETR, veikimas su trimis kompiuterinės tomografijos 

duomenų rinkiniais: AMOS (angl. Abdominal Multi-Organ Segmentation), BTCV (angl. Beyond the 

Cranial Vault), KC (duomenų rinkinį pateikė Lietuvos sveikatos mokslų universiteto ligoninė Kauno 

klinikos), siekiant įvertinti DL segmentavimo modelių tinkamumą klinikiniam naudojimui. 

Kiekybinis vertinimas, pagrįstas Dice panašumo koeficientu (DSC), paviršiaus DSC (sDSC) ir 95-

ojo procentilio Hausdorfo atstumu (HD95) parodė, kad ResEncU-Net modelis pasižymi žymiai 

didesniu segmentavimo tikslumu visuose duomenų rinkiniuose, pasiekdamas iki 0,916 DSC, o sDSC 

vertės viršijo 0,88. 

U-Net modelio segmentacijos parodė gerus rezultatus, ypač homogeniškesniuose duomenų 

rinkiniuose, tokiuose kaip KC, kur DSC (0,913) buvo artimas ResEncU-Net (0,916). Tačiau jo 

segmentavimo tikslumas gautas šiek tiek mažesnis duomenų rinkiniuose, kuriuose pastebima didesnė 

duomenų įvairovė. SwinUNETR, nepaisant transformatoriais pagrįstos architektūros, pasižymėjo 

mažiausiu našumu, turėdamas didžiausias vidutines HD95 vertes (iki 45,95 mm) ir mažesnius sDSC 

balus, ypač mažo tūrio arba mažo kontrasto struktūroms. Šie rezultatai prieštarauja kitų tyrimų 

rezultatams, kurie parodė puikų SwinUNETR našumą tyrimuose su didelio masto duomenų 

rinkiniais, o tai rodo, kad jo veiksmingumas priklauso nuo išankstinio modelio apmokymo ir 

duomenų rinkinio imties – veiksnių, kuriuos yra sudėtinga sukontroliuoti klinikinėje aplinkoje. 

Apibendrinant, galima teigti, kad rezultatai parodė, jog atvirojo kodo semantinio segmentavimo 

modelius galima sėkmingai integruoti į spindulinės terapijos darbo aplinką. Gydytojui onkologui 

radioterapeutui įvertinant šių modelių segmentavimo rezultatų patikimumą, galima žymiai sumažinti 

rankinio kontūravimo laiką (nuo kelių valandų iki poros minučių), išlaikyti aukštą segmentavimo 

kokybę bei užtikrinti efektyvesnį gydymo planavimą. 
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Introduction 

Accurate delineation of organs at risk (OARs) in planning Computed Tomography (CT) images is a 

crucial step in radiation treatment planning [1]. Precise segmentation ensures that therapeutic 

radiation doses are delivered effectively to target volumes (TVs) while minimizing exposure to 

surrounding healthy organs or tissues, thereby reducing the risk of radiation induced toxicity. 

Traditionally, this process relies on manual contouring by clinicians, a process which is not only time-

consuming but also susceptible to inter-observer and intra-observer variability, potentially impacting 

treatment consistency and patient treatment outcomes [2, 3].  

In recent years, deep learning (DL) approaches have emerged as promising tools to automate and 

enhance the accuracy of OAR segmentation. Convolutional neural networks (CNNs), such as U-Net 

and its variants, have demonstrated improved efficiency and consistency over manual methods in 

medical image segmentation tasks [4]. Open-source frameworks like MONAI, nnU-Net, and 

foundational models (MedSAM variants) have further facilitated the development and deployment of 

DL models in clinical settings.  

Despite these advancements, integrating open-sourced DL-based segmentation models into clinical 

workflows presents challenges such as hardware and software compatibility issues, need for extensive 

annotated datasets for training and concerns regarding the generalizability of models across diverse 

patient populations and imaging modalities [5]. Additionally, while commercial deep learning-based 

auto-segmentation (DLAS) systems have also shown significant time savings and improved 

consistency in contouring, their implementation can be hindered by challenges such as performance 

degradation when pretrained models are applied to diverse clinical scenarios without institution-

specific fine-tuning [6, 7]. Moreover, the cost-effectiveness of implementing such systems, open-

sourced or commercial, remains a consideration for many healthcare institutions. All these factors 

stress the necessity for the auto-segmentation algorithms to be thoroughly evaluated before their 

implementation in terms of accuracy and robustness as well as impact to the clinical workflow (for 

instance, manual editing time of auto-segmented structures).  

The aim of this study is to train and systematically evaluate deep-learning-based segmentation 

models for multi-class segmentation of organs at risk, quantitatively comparing them to determine 

their effectiveness and clinical applicability in radiotherapy planning workflows. 

Tasks: 

1. To implement and train 3D image segmentation models on selected datasets for multi-organ 

segmentation. 

2. To evaluate the models using standard segmentation metrics, providing analysis per organ,  

model and dataset to assess consistency and performance across anatomical and data variations. 

3. To identify strengths and limitations of each network architecture, examining factors such as 

model complexity, training efficiency and segmentation accuracy. 

4. To evaluate factors that could influence automated segmentation performance of the models in 

clinical settings. 
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1. Literature review 

This section outlines the current landscape of cancer incidence in Lithuania and the critical role of 

radiotherapy planning process, with a focus on medical imaging and contouring practices. Review of 

the automated segmentation in radiation therapy is assessed, from traditional image processing 

methods to advanced artificial intelligence and deep learning approaches. Additionally, evaluation 

methods along with factors influencing segmentation performance are addressed. Finally, the ethical 

considerations associated with automated segmentation implementation in clinical settings are 

reviewed. 

1.1. Cancer statistics in Lithuania 

According to World Health Organisation (WHO) International Agency for Research on Cancer, in 

2022, over sixteen thousand people were diagnosed with cancer in Lithuania, with prostate, breast, 

colorectum, lungs and stomach cancer being the most frequent types (Fig. 1) [8]. 

 

Fig. 1. Incidence of cancer in Lithuania, 2023 [8] 

Cancer is one of the leading causes of death worldwide and the second most common cause of death 

in Lithuania after the cardiovascular diseases, accounting for 18.6 % of female deaths and 23.5 % of 

male deaths in 2023 [9]. According to R. Gaidelytė and M. Garbuvienė [10], incidence rate of cancer 

has been around 698 per one hundred thousand people in 2019, then significantly dropped in years 

2020 and 2021, which could be attributed to reduced cancer screenings and delayed diagnoses during 

COVID-19 pandemic [11]. In the recent years, healthcare services gradually resumed their usual 

capacity and by 2023 the incidence had risen to pre-pandemic detection levels. As can be seen in 

Table 1, cancer mortality rates have remained stable, with minor fluctuations over the years. 

Table 1. Incidence and mortality from malignant neoplasms per 100 000 population in Lithuania [10] 

Year 2019 2020 2021 2022 2023 

Incidence 697.9 555.9 566.9 600.8 658.1 

Mortality 286.1 292.1 275.9 279.0 271.1 
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Radiotherapy is currently performed in five oncology centres across Lithuania – Vilnius University 

Hospital Santaros Clinics, National Cancer Institute, Hospital of Lithuanian University of Health 

Sciences Kauno Klinikos, Klaipėda University Hospital, Šiauliai Hospital, however, Vilnius 

University Hospital Santaros Clinics only offers brachytherapy [12].  

1.2. Radiotherapy planning process  

After the discovery of X-rays and radioactivity in the end of 19th century, there have been series of 

breakthroughs in the way cancer treatment is approached. Advances in computer technology have 

paved the way to transition from two-dimensional (2D) radiation treatment, for which treatment was 

prepared using a conventional X-ray simulator for setup and provided low conformity to the tumour, 

to  three-dimensional Conformal Radiotherapy (3D-CRT), and Intensity Modulated Radiotherapy 

(IMRT), and Volumetric Modulated Arc Therapy (VMAT), which allows to refine the radiation 

volumes to patients’ anatomy and the target volumes [13]. Utilizing 2D radiation treatment, field 

arrangement, geometries and positions were set based on fluoroscopy and orthogonal radiographs 

during simulation [13]. Clinicians would shape the beams, typically square or rectangular-shaped, 

however, low conformity to the tumour resulted in inadequate amount of radiation and less effective 

treatment while delivering high doses to adjacent tissues and organs and increasing risk of side effects 

[14]. 3D conformal radiation treatment incorporated more advanced imaging modalities (Computed 

Tomography (CT) and Magnetic Resonance imaging (MRI)) and allowed for more accurate 

delineation of the tumour (size, shape, and location). Differently from 2D radiotherapy, in 3D-CRT, 

multiple radiation beams are shaped to match tumour’s 3D geometry employing multileaf collimators 

(MLC), but precision was still limited, especially for tumours with complex geometries. Furthermore, 

IMRT allowed for varying beam intensities as opposed to uniformly distributed dose delivered with 

3D-CRT, thus ensuring better sparing of nearby organs while achieving high tumour control. VMAT 

took IMRT a step further by delivering radiation in a single continuous arc [15, 16].  

Building on the advancements in radiation therapy techniques, the effectiveness of treatment heavily 

relies on a well-structured radiation treatment planning process (Fig. 2).  

Fig. 2. Radiation treatment planning and delivery process [17] 

After patient is diagnosed and it is decided to proceed with curative radiation therapy, initiation 

requires collaboration of various experts and could be constituted out of following steps: patient 

positioning and imaging, contouring of target volumes (TV) and organs-at-risk (OARs), treatment 

planning and evaluation, treatment delivery and follow up, while also performing quality assurance 
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tests before, during and after treatment [17]. Altogether, this process is known as radiation treatment 

planning (RTP). 

1.2.1. Medical imaging  

Imaging is essential in RTP, since it enables precise tumour localization, accurate dose delivery and 

real-time treatment adaptation with minimal intervention. Various image acquisition techniques could 

be employed during RT, but CT has become the standard modality, providing data on electron density 

that is needed for dose calculation as well as 3D evaluation of the tumour and surrounding tissues 

[18]. During CT simulation, the machine rotates the X-ray tube around the immobilized patient while 

the table moves through a gantry, producing cross-sectional images that are reconstructed from 

measurements of X-ray attenuation coefficients. Pixels in the obtained images are displayed using 

Hounsfield units (HU), which are compared to known tissue density [19–21]. Water is set as 0 HU, 

air to -1000 HU at 0 degrees Celsius and a pressure of 100 kPa [21]. HU for the scanned tissues (Fig. 

3) are calculated using equation 

𝐻𝑈 = 1000 ⋅
(𝜇𝑡𝑖𝑠𝑠𝑢𝑒 − 𝜇𝑤𝑎𝑡𝑒𝑟)

𝜇𝑤𝑎𝑡𝑒𝑟

(1) 

where μ is the linear attenuation coefficient (cm-1) [21]. 

Fig. 3. Simplified HU scale [22] 

As well as transverse slices, coronal, sagittal slice planes can be reconstructed from original data, 

which allows for better visualization of longitudinally oriented structures, such as musculoskeletal 

system. It also helps to evaluate whether the possible findings are surely present or could be attributed 

to image artifacts [21]. There are several CT scan types, categorized depending on the process of 

image acquisition and the technological advancements in construction of the scanner. Sequential (also 

known as step-and-shoot) involves incremental movement of the scanner table through the gantry – 

table moves after each slice is acquired; during the helical scan, patient is moved continuously 

through the gantry during X-ray source rotation and data acquisition [23]. Comparing the two scan 

modes, both provide high-quality images, however the preference between is dependable on the 

clinical scenario – for shorter scan lengths (≤ 16 cm) axial scanning is more practical, with shorter 

duration and lower doses, so it is preferred in routine head imaging, where images are not affected by 
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motion respiration artifacts [24]. Conversely, helical scanning is more advantageous for longer scans 

and is associated with reduced scanning duration and consistent image quality due to continuous 

scanning. It is faster and reduces artifacts for patients who have difficulty holding still [25, 26].  

CT is the standard imaging modality for radiation therapy planning in the current clinical practice due 

to fast acquisition times, wide availability, and electron density data for accurate dose calculation, 

although several challenges can impact its effectiveness [17]. Limited soft tissue contrast poses 

struggle to differentiate between tissues with similar densities. Additionally, metal implant caused 

artifacts and photon starvation further complicates accurate delineation of tumours from surrounding 

tissues [27]. Moreover, repeated CT scans for treatment planning and verification increases 

cumulative radiation doses. Dual-energy CT (DECT) addresses some of the key limitations of 

conventional CT, enhancing soft-tissue contrast with mono-energetic images (MEIs) at lower keV 

levels and reducing metal artifacts with high-energy MEIs, but remains of limited usage due to cost 

and technical constraints as well as occurrence of motion artifacts [27]. Limited soft tissue contrast 

issue is mitigated utilizing Magnetic Resonance Imaging (MRI) in radiotherapy planning, particularly 

for patients with head and neck (HN), brain, pancreatic, hepatobiliary malignancies, and prostate 

cancer, additionally offering dose reductions [17, 28]. Due to this reason CT images are sometimes 

fused with MRI or Positron Emission Tomography (PET) images, to obtain better soft tissue contrast 

for the delineation of the critical organs and target volumes [17, 29, 30]. Fusion of different modalities 

had proved to be useful in RTP for brain and HN cancers, cervical and prostatic cancers, central 

nervous system lymphoma [30–32]. Recently, there has also been research on synthetic computed 

tomography (sCT) generation from MRIs using deep learning (DL) algorithms, which could serve as 

a substitute for CT in patient positioning and radiotherapy planning and could be incorporated into 

MR-Linac workflows, saving time and solving image registration issues that emerge during CT-MRI 

fusion [33, 34]. However, issues like computation cost, lack of quality training data and proper quality 

assurance (QA) protocols might slow the process of its wider implementation in clinical practice [35]. 

After the acquisition of images, they are formatted and managed using DICOM (Digital Imaging and 

Communications in Medicine) standard. Along with the image data (layers of 2D slices), DICOM 

files also store metadata (Fig. 4), integrating patient information, imaging parameters and settings of 

acquisition within the files using tags. Tag is a code consisting of two numbers (for example, 

“0010,0010” code represents patient’s name) and relies on a DICOM dictionary – substantial number 

of standard defined variables, called public tags [36]. Additionally, manufacturers can define their 

private tags, encoding information that is specific to the manufacturer. Larobina [37] expressed that 

the purpose of such protocol is “to establish communication between diagnostic and sometimes 

therapy systems of different manufacturers and display, storage, and management devices on a 

network”. The DICOM standard allows sharing of images across hospital Picture Archiving and 

Communication Systems (PACS), supporting numerous services such as image storage, retrieval, 

printing for several imaging modalities – CT, MRI, ultrasound, mammograms, X-ray angiography 

[38]. Although DICOM is comprehensive and flexible, one of the cons of DICOM format is file size 

– a single scan could result in hundreds of separate DICOM files, each containing the image and 

metadata, raising data storage issues, and requiring higher computational power for image analysis. 

For example, a CT scan could contain hundreds of slices of 512 x 512 pixels and take up to a gigabyte 

of storage.  
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Fig. 4. DICOM image metadata [37] 

Another commonly used format in medical imaging is NIfTI (Neuroimaging Informatics Technology 

Initiative). Originally created to solve orientation problems in neuroimaging, it has been widely 

adopted by researchers of computer vision tasks, especially AI-driven solutions. Rather than multiple 

2D slices as in DICOM, images are presented in a single file as a 3D volume, taking less storage 

space. Additionally, in contrast to DICOM, which is complex and verbose, NIfTI is a simple and 

minimalistic format, with less metadata, hence DICOM is a gold standard in clinical care, but NIfTI 

aids in acceleration of research for medical image analysis [36].  

1.2.2. Contouring 

Accurate delineation of target volumes (TVs) and organs-at-risk (OARs) is a crucial step in radiation 

therapy planning. This process requires a radiation oncologist to use a dedicated program to draw 

contours around the tumour and nearby organs adhering to the hospital or national guidelines [39]. 

Radiotherapy aims to deliver a precise dose of ionizing radiation to malignant tissues while sparing 

the healthy tissues, which can only be achieved if these structures are carefully delineated before 

planning the beams with treatment planning system (TPS) – dosimetric evaluation of the ROIs would 

be unavailable otherwise [40]. For precise treatment delivery and consistent reporting, definitions for 

the TVs and OARs have been provided and updated in ICRU (International Commission on Radiation 

Units and Measurements) Reports 50, 62, 71 and 83 [41–44].  

Some of the volumes that are mentioned most often in clinical practice (Fig. 5) include: 

– GTV (Gross Tumour Volume) – visible extent and location of the tumour.  

– CTV (Clinical Target Volume) – demonstratable GTV and margins for microscopic spread of 

disease. 

– PTV (Planning Target Volume) – volume expanded for internal motion of the organs (respiration 

or filling of the bladder) and geometrical uncertainties (patient positioning, beam alignment). 

– TV (Treated Volume) – tissue that receives no less than 95 % of the prescribed dose. 

– IV (Irradiated Volume) – tissue that receives a significant radiation dose (in relation to normal 

tissue tolerance). 

– OARs (Organs-at-Risk) – healthy tissues and organs near the CTV, which can be damaged by 

radiation therapy if the tolerance level is exceeded [41–45].  

Anatomically precise delineation of TVs and OARs gives way for accurate treatment delivery since 

different tissues have different tolerance to ionizing radiation. Including the voxels that represent 
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healthy tissues in target volumes could cause side effects related to radiation toxicity due to 

unnecessary dose escalation; underestimating the TV would lead to geographic miss, and reduced 

tumour control probability (TCP) which increases the likelihood of recurrence [46]. Similarly, 

overestimated OARs volumes could enforce unwanted restrictions on tumour dose delivery; but not 

including the OARs voxels would increase risks of excessive radiation to these critical organs and 

underrepresentation of potential complications [47].  

Fig. 5. a) Schematic representation of the target volumes; b) example of contoured structures on a planning 

CT scan [48, 49] 

European Society for Radiotherapy and Oncology (ESTRO) has provided guidelines for contouring 

the TVs for several cases, some of which include the radiotherapy for early stage breast cancers [50, 

51], glioblastomas [52], gastrointestinal malignancies [53], pancreatic [54], prostate [55, 56], cervical 

cancers [57], small and non-small cell lung cancers [58, 59]. Moreover, Global Harmonization Group 

has compiled a comprehensive reference list for delineation of 73 OARs by reviewing 157 radiation 

therapy clinical trials and incorporating expert feedback [60]. In most of the cases, radiation 

oncologist delineates the structures manually and they must be peer reviewed before the generation 

of treatment plans. However, despite the availability of guidelines, intra-observer (single specialist) 

and inter-observer (different practitioners) variations (IOVs) of contoured structures had been evident 

in research [47, 61–64]. Patrick et al. [63] evaluated IOV for delineations done for prostate cancer 

treatment plans, finding significant differences between contours. Authors successfully decreased 

contouring IOV with a reflective intervention in their institution, but study proves that IOV results in 

dose distribution differences between specialists’ plans and could influence treatment outcomes, thus 

revealing a necessity of a systemic bias assessment in clinical practice [63]. Mercieca et al. [65] 

expressed that some of the ways to reduce IOV in target volume definition would include use of 

clearer protocols, multimodality images, rigorous training and correctly implemented peer review 

process, and automated segmentation. Some of these solutions were implemented by scientists in the 

University of Texas, who have proposed a real-time contouring feedback tool, making self-directed 

learning and immediate corrections available for the training ROs [66]. Study takes consensus-based 

training approach by using the STAPLE algorithm (Simultaneous Truth and Performance Level 

Estimation) which aids in generation of reference contours by combining multiple expert 

segmentations, eliminating the reliance on a single expert’s contour to be a ground truth and ensures 

that it is robust and statistically meaningful [66].   
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Another issue that makes manual structure delineation a weak link in RTP is that it is usually a time-

consuming process, depending on RO’s experience and localization of malignancies. The additional 

process of peer review, although sometimes skipped, makes it even lengthier. Montague et al. [67] 

did a thorough study regarding the contouring times in United Kingdom (Fig. 6), showing that median 

delineation time for a single radiotherapy plan was 85 minutes, median time spent delineating GTV 

was 20 minutes, CTV – 30 minutes, 5 minutes for PTV and 20 minutes for the OARs. Median peer 

review time for all cases were similar (10-20 minutes), median contour approval time varied from 5 

to 30 minutes [67]. Differences in median times were also found depending on the tumour location, 

treated volumes (time increases with inclusion of regional lymph nodes) and technology used (3D 

CRT usually takes shorter time than IMRT and VMAT planning) [67].  

Fig. 6. Median duration of contouring, review and approval (per case) for different types of cancer [67] 

Duration of contouring also vary if metal artifacts (MAs) are present in planning CT images, as shown 

in study by Katsura et al. [68]. Furthermore, researchers have found the significant statistical 

relationship between workload and variables like patients age, part of the day and the week, as well 

as the planning system used and ROs experience level (junior or senior) [69]. All these studies show 

that manual structure delineation is a lengthy process dependent on a range of factors, emphasizing 

the need for optimization strategies, since longer time spent on TV and OAR delineation increases 

treatment delivery waiting time for the patient, which influences treatment outcome. While automated 

segmentation algorithms, open-sourced or commercial, have shown promise in reducing the 

contouring time and IOV, the clinical adoption remains variable [70–72]. Many centres still generally 

rely on manual contouring, since human oversight is needed, there are regulatory considerations to 

comply with, and across different tumour sites, the results of artificial intelligence (AI) models may 

vary [73]. Nevertheless, these technologies are being gradually integrated into clinical workflows to 

support the role of ROs in radiation treatment planning. 

1.3. Artificial Intelligence for the processing of medical images 

Artificial intelligence (AI) has emerged as a promising tool in the field of medicine in recent years, 

aiding in treatment personalization, enhancing diagnostic accuracy, and streamlining clinical 

 



18 

workflows through automation of tasks that are repetitive and time-consuming [74]. Modern clinical 

care generates vast amounts of data, including radiologic and pathologic images, electronic health 

records, treatment responses, which could not be processed with manual analysis alone. Machine 

learning (ML) and deep learning (DL) algorithms had revolutionized the way medical data is 

processed, by enabling automated pattern recognition, feature extraction and predictive modelling. 

ML and DL models, especially convolutional neural networks (CNNs), are applied growingly in key 

tasks related to medical imaging such as image classification, object detection and semantic 

segmentation (Fig. 7) [75]. Training of AI algorithms for these tasks additionally requires the 

researcher to pre-process the images accordingly. Not all frameworks support the same input image 

formats, so DICOM images may need to be converted to other lossless formats such as PNG or TIFF 

for 2D images and NIfTI for 3D. After that, depending on the task at hand, key steps could include 

background removal, denoising, resampling, registration, and intensity normalization of training 

images, which improve the quality and uniformity between images [76]. 

 

Fig. 7 Examples of computer vision tasks in medical imaging [77] 

Classification of medical images refers to the process of assigning labels or categories to medical 

images based on their features, like modality, anatomical location or pathology, detection [70]. 

Traditional methods rely on shape, texture and colour features analysed manually, while CNNs can 

be used to extract the features from raw pixel or voxel data. Binary classification means categorizing 

images into two classes, like in Chaunzwa et al. [71] study, where researchers aimed to classify lung 

cancer subtypes (adenocarcinoma and squamous cell carcinoma) in standard CT scans using CNNs, 

aiming for a non-invasive method. Srinivasan et al. [72] have proposed hybrid classification model 

for the detection of brain tumours in magnetic resonance images (binary classification) with 99.53 % 

accuracy, categorization of images into five distinct types with accuracy of 93.81 % and classifying 

brain tumours into different grades (multi-class classification) with 98.56 % accuracy [72]. DL based 

classification models have been beneficial to Computer-Aided Diagnosis (CAD) systems, particularly 

in tasks of tumour type identification or recognizing malignant findings from benign, supporting 

radiologists with automatic analysis of medical images by assigning probability scores to suspected 

regions and offering diagnostic suggestions. Research by Ahmad et al. [73] and Hekal et al. [74] 

related to breast cancer diagnosis showed that integration of ML and DL-based classifiers into CAD 

significantly enhanced lesion detection accuracy and speed in clinical settings. Despite the made 

improvements of algorithms regarding their classification accuracy, one of the problems of AI-based 

classifiers limiting their implementation is their “black box” nature – the lack of explainability of 

how AI model made a particular decision [75]. This problem affects various AI-based algorithms, 
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however, classifiers have a direct-role in diagnostic decision-making process, thus requiring 

clinicians trust, as understanding the reasoning behind the diagnosis is crucial in patient care. For this 

reason, explainable AI (XAI) models are being developed progressively, offering visual or textual 

explanations, highlighting most prominent features or regions contributing to the classification 

outcomes [75, 76].  

Object detection in computer vision could be defined as a task of identifying and localizing instances 

of object within an image or a video – not only classifying the objects but also drawing bounding 

boxes around their location [78]. Most common frameworks like nnDetection, different versions of 

YOLO (You Only Look Once), or MedYOLO, had been developed for more efficient localization of 

pathologies, such as tumours, lung nodules, bone fractures in 2D and 3D medical images [79–82]. 

Billah et al. [82] compared YOLOv8 and YOLOv10 object detection algorithms for identification of 

kidney stones in CT images, showing that YOLOv10 improved accuracy, precision, and inference 

speed. Study highlighted the potential for deploying such frameworks in clinical workflows to reduce 

the time for interpretation and support earlier intervention for symptomatic patients. Advancements 

in real-time detection algorithms could serve as a promising solution in situations where immediate 

feedback is needed and can influence clinical decisions, like identification of fractures or 

haemorrhages in CT or X-ray images of trauma patients [83]. Moreover, it could be useful during 

interventional image-guided procedures, for example, in Smithmaitrie et al. [84], YOLOv7 DL 

framework was applied for anatomical landmark detection and generation of guiding dissection line 

during laparoscopic cholecystectomy with 95.71 % acceptance rate of supervising surgeons. Wijata 

et al. [85] proposed a CNN-based fully automatic method for detection of biopsy core needles in 2D 

ultrasound images, crucial in guiding biopsy procedures.  

While object detection algorithms locate objects by draw bounding boxes around them, image 

segmentation - digital image processing technique that assigns labels to pixels (voxels) in the image 

- not only locates the object, but also its boundaries within the image. Segmentation process provides 

detailed outlines of structures, making it useful for further analysis of their shape, size, and spatial 

relationships. In medical imaging, it allows for quantitative analysis of pathological regions or 

anatomical landmarks, treatment planning and tracking the progression of disease over time [86]. 

Main types of segmentation could be categorized as semantic segmentation, instance segmentation, 

and panoptic segmentation, which combines both (Fig.8) [87]. 

  Fig. 8. Different segmentation types [87] 
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An example of semantic segmentation could include tumour segmentation in MRI or CT scans, 

distinguishing the masks of tumours (foreground) from healthy tissue (background), segmentation of 

several OARs in a whole body CT would illustrate multi-class semantic segmentation; instance 

segmentation extends this task by registering individual instances of objects belonging to the same 

class, such as giving identification numbers for separate tumours for further analysis of their 

individual growth or shrinkage; while panoptic segmentation, though less frequent in medical image 

analysis, both produces the semantic label, and its instance ID, such as segmented organ mask and 

individually identified surrounding tumours [87].  

After the segmentation, application of post-processing techniques can improve the results, as shown 

in the study of Furtado et al. [88]. Authors proposed that an organ should be represented as a single 

continuous volume, the largest connected label region, isolated or noisy pixels at the boundaries or 

further from the main region can be removed using erosion techniques, organs edges or surfaces 

should be smoothed, and any non-anatomical holes within the segmented regions should be filled. 

After applying the post-processing algorithms for liver segmentation task in CT and MRI scans, 

Intersection over Union (IoU) metric was increased by 4 % points in average over all patient 

sequences [88]. 

1.4. Traditional auto-segmentation approaches 

Auto-segmentation techniques (Table 2) have been evolving along with increasing availability of 

computational power and memory throughout the years. In early stages, most techniques applied no 

or minimal prior knowledge during image processing, mostly judging by characteristics of pixels 

within the image [3]. With low-level medical image segmentation algorithms such as thresholding, 

edge detection, region growing, a lot of contextual factors such as typical shape and location of organs 

as well as their variability in a set of patient images would not be considered. These models were 

susceptible to issues related to image quality, presence of noise, intensity non-uniformity, imaging 

artifacts. Although relatively fast and easy to implement, these algorithms would only be useful in 

cases where organs in the images exhibit clear contours and are distinguishable from the background 

(such as bones and lungs in CT images) [89]. In later techniques, such as statistical model, atlas or 

machine learning-based approaches, due to the growth of computational resources, prior knowledge 

could be introduced, creating more robust solutions than low-level auto-segmentation techniques and 

broadening the set of OARs that could be contoured automatically [3].  

Table 2. Techniques of traditional auto-segmentation [3, 90] 

Segmentation 

method 

Description Example 

algorithms 

Strengths Limitations Use cases 

Thresholding Grayscale 

images are 

converted to 

binary using set 

intensity 

threshold 

Otsu’s method, 

iterative 

thresholding, 

Niblack, 

Sauvola, 

Bernsen 

Simple and fast, 

computationally 

undemanding 

Ineffective in cases 

where noise is 

abundant, and 

boundaries of ROIs 

are ambiguous 

Bone, brain, lung 

segmentation in 

CT images 

Edge-based Boundaries of 

ROIs are 

detected based 

on intensity 

changes 

Sobel, 

Laplacian of 

Gaussian, 

Prewitt 

Effective for 

sharp 

boundaries 

Noise-sensitive and 

dependent on 

image-quality 

Mapping of blood 

vessels, organ 

boundary 

delineation 
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Table 2. Techniques of traditional auto-segmentation [3, 90] (continued) 

Segmentation 

method 

Description Example 

algorithms 

Strengths Limitations Use cases 

Atlas-based Previously 

segmented 

reference images 

are used to guide 

new segmentations 

Single-Atlas 

and Multi-

Atlas 

applications 

with 

deformable 

registration 

Includes prior 

knowledge, can 

be effective with 

anatomical 

variability in the 

set of atlases, 

robust for 

structures with 

consistent 

morphology 

Dependant on 

quality of 

deformable 

registration, and 

similarity 

between organ 

morphology of 

atlas and patient 

HN, cardiac 

substructures, 

pelvic organ 

segmentation 

Statistical 

model-based 

Uses 

shape/appearance 

models to restrict 

segmentations to 

possible anatomical 

shapes 

Principal 

Component 

Analysis 

(PCA) 

Incorporates 

prior knowledge, 

prevents 

segmentation of 

impossible 

shapes 

Less flexible, 

depends on the 

characteristics 

of training data 

Pelvic organ 

(prostate, bladder) 

segmentation 

Region-based Pixels with similar 

intensities are 

grouped 

Seeded 

region 

growing 

Applicable for 

homogeneous 

ROIs, spatial 

continuity is 

considered 

Sensitive to the 

selection of the 

seeds, issues 

with 

heterogeneous 

intensities 

Analysis of tumour 

margin growth 

Clustering-

based 

Divides pixels into 

clusters based on 

hierarchical or 

partitional 

similarity of 

regions 

K-means, 

Fuzzy C-

Means 

clustering 

Unsupervised, 

adaptable to 

varying data 

Sensitive to 

initialization, 

noise, shape 

assumptions 

Segmentation of 

tumours, tissue 

classification, 

analysis of 

segmented cell 

clusters in 

histopathological 

images 

Graph-based Image is 

transformed into a 

graph and 

segmentation is 

done via graph 

partitioning 

Minimum 

spanning tree, 

shortest path 

methods, 

Markov 

Random 

Fields 

Global context is 

captured, 

robustness to the 

variation of noise 

and shape 

Computationally 

intensive 

Segmentation of 

brain MRI, retinal 

layer, complex 

anatomical 

structures 

Traditional methods do not outperform the emerging deep-learning (DL) based techniques often but 

could be deemed ideal with acceptable accuracy for real-time applications or resource-constrained 

environments, where DL models would be impractical to use due to longer inference times when 

computing power is insufficient. Additionally, unlike with DL methods, traditional methods do not 

require large, labelled datasets for training, and could be useful in scenarios where data is scarce, for 

example with rare medical conditions. In Palazzo et al. [91] quantitative evaluation of different 

segmentation algorithms showed that while DL models consistently yielded better results in terms of 

segmentation accuracy and boundary delineation, some traditional methods still exhibit benefits in 

specific clinical scenarios, especially due to their faster inference times and reduced data 

requirements. Research by Marinov et al. [92] explored whether traditional auto-segmentation 

methods could outperform a modern, large-scale DL-based model. Authors compared thresholding, 

k-means clustering and shape-based interpolation techniques with a variant of DL-based foundation 

algorithm MedSAM across 11 imaging modalities, revealing that with several modalities (PET, OCT 
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and microscopy images), classical methods exceeded the DL algorithm in terms of segmentation 

performance and computational efficiency [92]. Such findings could suggest that even though 

emerging DL models often become the state-of-the-art solutions for automated segmentation, 

researchers could benefit from comparing these new models with classical, simpler approaches to 

expose their limitations, consequently helping to increase their robustness and generalizability.  

1.5. Deep Learning approaches 

Deep Learning (DL) revolutionized segmentation of medical images, enabling models to learn 

complex, hierarchical features from complicated data structures and in turn overcome the image-

related issues that were unresolvable applying the traditional segmentation methods, such as low 

accuracy when segmenting structures that exhibit ambiguous boundaries, and sensitivity to noise – 

which is unavoidable with most modalities of medical images. 

In the last decade, a plethora of DL methods for image segmentation have emerged, one of the first 

being the proposal of Fully Convolutional Network (FCN) (Fig. 9) by Long et al. [93], where authors 

adapted existing classification networks to manage non-fixed sized images and output spatial 

segmentation maps instead of classification scores by replacing the fully-connected layers with fully-

convolutional layers. This architectural shift enabled end-to-end learning for pixel-wise classification, 

where each pixel in the input image is assigned a label corresponding to a semantic category. 

Fig. 9. Architecture of a Fully Convolutional Network (FCN) [94] 

Although this established the groundwork for the subsequent DL networks, the conventional FCN 

model had limitations concerning the inference time, challenges with its applicability for 3D images 

and inability to consider the global context information efficiently [95]. Some of these limitations 

were addressed with U-Net, the work of Ronneberger et al. [96], who improved the FCN by 

employing the encoder-decoder structure with skip connections (Fig. 10).  
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Fig. 10. Simplified architecture of U-Net [97] 

Additionally, authors applied data augmentation for training images to improve performance, which 

proved to be indispensable in medical imaging and other fields where acquisition of labelled data is 

challenging [98]. Çiçek et al. [99] extended the U-Net for volumetric segmentation (3D U-Net) by 

replacing all 2D operations (convolutions, pooling, upsampling) with 3D operations – this allowed 

for the input images to be three-dimensional instead of requiring every slice of the image to be loaded 

separately, consequently leading to better segmentation quality of volumetric (for example, CT or 

MRI) images due to the spatial context being captured. 

In Xia et al. [97], DL-based approaches to medical image segmentation were categorized into five 

groups – Convolutional Neural Network (CNN), Transformer, Mamba-based methods, semi-

supervised and weakly-supervised learning methods. Aforementioned networks fall into the category 

of CNNs and are the backbone of subsequent CNN-based medical image segmentation networks 

developed since their emergence. Through extensions and changes in the network architecture, such 

as introduction of attention gates (Attention U-Net), dense connections (Dense-UNet), and multiscale 

strategies (UNet++) developers have been aiming to improve the segmentation accuracy without 

sacrificing the computational efficiency [99–101]. However, Isensee et al. [102] have argued that a 

lot of architectural modifications fail to enhance the performance of fully optimized networks and 

suggested that non-architectural aspects might be equally influential to the segmentation outcomes. 

Therefore, nnU-Net (“no-new-net”) framework has been proposed, optimizing several steps of image 

processing for segmentation tasks while adapting to the dataset at hand to train 2D and 3D U-Net 

based models [102]. The framework had been evaluated on a wide range of biomedical datasets since, 
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scoring several first places in leaderboards of medical segmentation challenges, remaining 

competitive and providing basis for other researchers to develop their networks upon.  

Segmentation methods based on Transformers (Vision Transformer - ViT, Swin Transformer) have 

emerged as an alternative to CNNs. Transformers have changed neural language processing and 

enabled development of large language models (LLMs) and lately have been successfully adapted to 

image processing tasks, including medical image segmentation [97, 103, 104]. However, researchers 

have underlined the computational cost and requirements for higher quantities of labelled data for 

most pure-transformer models to surpass the CNN-based, leading to the growing development of 

hybrid architectures that combine both approaches, such as integrating transformer blocks into 

encoder or decoder structures of CNNs, mainly with serial, parallel or skip connections [97, 105]. 

Prominent examples of such hybrid designs include SwinUNETR [106], which integrates Swin 

(Shifting-window) Transformer blocks into the encoder path of the U-Net like structure for 3D 

medical image segmentation, and nnFormer [107], which combines convolutional and transformer 

modules throughout the whole network architecture, outperforming several state of the art models on 

several public datasets [108].    

Moreover, Mamba based networks, built upon State Space Models (SSM), have been reported to 

achieve competitive accuracy without significant difference from models like nnUNet, while using 

fewer parameters for training, however, taking significantly longer to train compared to CNN based 

models [109]. It is important to note, that Mamba-based segmentation networks are relatively new – 

first introduced in 2024 – and still require further research for their full implementation.  

Altogether previously mentioned methods belong to the category of models that rely on supervised 

learning, meaning than large amounts of labelled data, such as manually contoured structures, is 

required to acquire accurate segmentation performance. While there are vast amounts of visual data 

collected in medical practice daily, annotated images are challenging to obtain, due to reasons such 

as data privacy regulations, diversity of necessitated delineations for different patient cases, as well 

as the time-consuming nature of the task. To address these challenges, researchers propose semi-

supervised methods, utilizing both labelled and unlabelled data, and weakly-supervised methods 

using sparsely annotated datasets as well as employing visual prompts for image segmentation rather 

than depending on dense pixel-wise annotations. These prompts include text-prompts, image-level 

labels to provide categories of regions of interest (ROIs), bounding box labels to provide their 

localizations, point-level labels (foreground and background), scribbles or region labels to indicate 

the objects position (Fig. 11). Although less commonly used for medical segmentation, weakly 

supervised algorithms had been made of use to reduce annotation costs by generating pseudo labels 

from the prompts [110, 111].  
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Fig. 11. Annotations for image segmentation. a) raw image; b) bounding box; c) point (red – foreground, 

blue – background); d) pixel-wise ground truth [112] 

Moreover, building on recent advancements in image segmentation, foundation frameworks are being 

growingly applied for various biomedical image segmentation tasks. Foundation models refer to DL 

models, pretrained on diverse and massive-sized datasets, often with self-supervised or weakly 

supervised prompts. Thus, strong generalization across various domains and tasks can be offered. For 

example, Segment Anything Model (SAM) which was developed for general-purpose image 

segmentation by Meta AI researchers, was trained on eleven million images and over one billion 

masks [113]. However, research by He et al. [114] showed evidence that segmentation results of 

dataset-specific DL algorithms could not be surpassed by zero-shot application of SAM on twelve 

often benchmarked medical image datasets. Therefore, finetuning of the pretrained SAM model on a 

medical image segmentation dataset is necessary to improve zero- and one-shot segmentation results 

of the foundation model on unseen medical images. Aiming to expand generalizability of SAM and 

its recently improved variants for medical segmentation, several researchers have trained model on 

large-scale medical datasets and achieved state-of-the-art (SOTA) level segmentation performances 

on various anatomical structures, pathological conditions and medical imaging modalities [115–118]. 

Growing development and optimization of foundation models offers interactive auto-segmentation in 

radiotherapy workflows, when radiation oncologists provide real-time prompts (clicks or bounding 

boxes) to guide the segmentation of regions of interest - this approach offers the advantage of 

supervised refinement, improving accuracy through expert input. Nevertheless, while significant 

advances had been made in adapting prompt-based foundation models for medical image 

segmentation, several limitations persist regarding the implementation in radiotherapy planning 

process. For example, need for manual prompting increases the overall duration of OAR contouring, 

which might be less efficient compared to fully automatic segmentation methods; small organs, low 

contrast complex anatomical structures are often incorrectly merged with adjacent tissues with 

bounding box prompting [115]. In addition, integration into clinical workflows can be quite laborious 
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and requires careful software engineering and computational resources, similarly to the integration of 

domain-specific deep learning models. 

1.6. Evaluation of automated segmentation systems 

Medical image segmentation models require thorough evaluation before their implementation in 

clinical settings, since the quality of automated segmentation model has direct influence on the 

workload of the clinician as well as the patient treatment outcomes. More importantly, accuracy 

variations of automated segmentation in radiation therapy results in clinically significant 

consequences for both treatment quality and patient safety, thus necessitating standardized 

methodologies for evaluation of model’s applicability to segment unseen cases. Types of evaluation 

could be categorized into groups of quantitative, subjective and clinical assessment methods (Table 

3), according to Yang et al. [119]. Quantitative methods are carried out calculating the level of 

similarity between the ground truth (manually contoured by an expert) and auto-segmented structure, 

subjective methods rely on a specialist’s opinion regarding the acceptability of auto-segmented 

contour, and clinical assessment methods evaluate the auto-segmentations impact on the clinical 

workflow, usually regarding editing time and effort required from the clinician [119]. Application in 

radiation therapy planning would additionally benefit from the dosimetric evaluation – calculating 

the delivered dose to the regions of interest (ROI).  

Table 3. Overview of automated segmentation assessment methods 

Method Associated Metrics Benefits Limitations 

Quantitative Dice Similarity Coefficient (DSC), 

Intersection over Union (IoU), 

Hausdorff Distance (HD), Surface 

DSC (sDSC), Added Path Length 

(APL) 

Objective, reproducible, 

easy to compute, suitable 

for benchmarking  

May not reflect subsequent 

editing effort of auto-segmented 

structures, some metrics do not 

represent clinical relevance 

[120] 

Subjective Likert scores, qualitative ratings Captures expert judgement 

and clinical acceptability, 

shown to correlate with 

patient outcomes [121] 

Requires expert involvement, 

prone to variability, time-

consuming  

Dosimetric Dose-Volume histogram (DVH), 

Mean dose (Dmean) 

Directly linked to 

treatment quality and 

safety [122] 

Requires treatment planning 

system, time-consuming  

Clinical 

Assessment 

Contour quality classification 

(CQC) [123], editing time 

Reflects impact on clinical 

workflow [122] 

Dependent on institutional 

preferences and workflows, 

requires annotated edits 

Sherer et al. [122] and Baroudi et al. [124] suggest that use of a single metric, such as Dice Similarity 

Coefficient (DSC) for contour-evaluation is insufficient to reflect on the performance and clinical 

acceptability of the algorithm and recommend combining multiple metrics and, if possible, methods 

of assessment. However, while strategies composed of multiple methods provide comprehensive 

estimation of the auto-segmentation systems applicability in clinical settings, most of non-

quantitative methods require involvement of multidisciplinary team of experts (radiation oncologists, 

medical physicists) and additional training to conduct the evaluation, which is time and resource-

intensive. Due to this reason, efforts have been directed to develop quantitative metrics – such as 

Surface DSC (sDSC) and Added Path Length (APL) – that correlate with clinically relevant factors, 

including the time required for manual contour correction [125]. While these metrics cannot fully 

replace the multi-method evaluation, they represent the clinical effectiveness of segmentation model 



27 

better compared to the DSC metric. In turn, these metrics provide a scalable approach for 

benchmarking and comparing segmentation models in early phases of development, where 

implementation of non-quantitative evaluation methods is impractical due to limitations in time, 

resources or access to clinical infrastructure. 

Furthermore, like training, evaluation of deep learning auto-segmentation algorithms for radiation 

therapy planning requires significant amounts of high-quality annotated data across diverse 

anatomical sites, modalities and patient populations [126]. Depending on whether the algorithm is 

intended for a specific segmentation task or a unified approach (as with foundation models), datasets 

used for evaluation must be appropriately tailored to reflect the targeted anatomical regions, imaging 

modalities, and diversity in patient cases to ensure reliable assessment of model performance and 

generalizability. However, the availability of comprehensive datasets remains limited, due to several 

reasons – institution-specific datasets may not have enough targeted cases, while cross-institutional 

or international sharing of the data is prevented by data privacy concerns; manual contouring for the 

ground truth labels as well as organization and anonymization of the medical images demands 

additional work from the personnel [127]. Shani et al. [128] describes it as a data-bottleneck problem, 

which emphasizes that the lack of accessible quality data is one of the primary barriers to advancing 

the AI-based automated segmentation. In response, several initiatives have been focused on 

developing publicly available benchmarking datasets, aimed to provide consistent, well-annotated 

resources for evaluating algorithm performance across different anatomical sites and imaging 

modalities. Most of these public datasets are provided during and after medical image segmentation 

challenges – including those hosted by Medical Image Computing and Computer Assisted 

Intervention (MICCAI) Society, Medical segmentation decathlon (MSD) [129] or are provided in 

databases by The Cancer Imaging Archive (TCIA) or Synapse. Commonly benchmarked datasets for 

multi-organ segmentation include: 

– AMOS (Abdominal Multi-Organ Segmentation): a large-scale, clinically diverse dataset 

consisting of CT and MRI scans from multiple centres, vendors, disease types with voxel-wise 

annotations for 15 abdominal organs, making it valuable for evaluation of model robustness and 

ability to generalize [130];   

– BTCV (Beyond the Cranial Vault): widely benchmarked abdominal CT dataset, with 13 

annotated organs, suitable for evaluation of model’s segmentation performance when trained on 

limited data [131]; 

– CT-ORG: dataset with annotated structure sets consisting of 6 organ classes [132]. Includes large, 

easily segmented organs (lungs, liver) and smaller ones (bladder, kidneys) 

– TotalSegmentator dataset: consisting of 1204 randomly sampled CT examinations, with 104 

anatomic structures – although useful to assess the large-scale foundation models, includes 

structures that are rarely used in radiotherapy planning (small muscles, facial bones), which limits 

the utility for radiotherapy-specific tasks evaluation [133]   

Isensee et al. [134] have assessed most broadly used benchmarking datasets for various segmentation 

tasks and stated that a dataset utilized for evaluation of the model should ensure statistical stability 

while capturing meaningful methodological differences. Research showed that AMOS dataset is one 

of the most suitable datasets for benchmarking 3D multi-organ segmentation models due to low 

statistical noise along with effective differentiation between methods. 



28 

1.7. Auto-segmentation in radiation therapy workflows 

Automated segmentation, especially DL-based, has proved to be beneficial in RTP process, with 

several studies showing significant time-savings and reduction of inter-observer variability (IOV) 

when compared to manual contouring. Zabel et al. [135] evaluated different contouring approaches 

(manual, DL-based and atlas-based) of bladder and rectum contouring for RT regarding prostate 

cancer, showing that the workflow (including initial contour generation and radiation oncologist 

reviewing and editing) of DL based algorithm required 55 % less time than manual and 40 % than 

atlas-based delineation workflows. This research also showed that even though contour generation 

time were comparable between DL and atlas based algorithms (1.4 and 1.2 minutes, respectively), 

required editing times were longer and the geometric extent of these edits were consistently bigger 

for atlas-based workflows, while DL delineation reduced the time without negatively affecting the 

contour geometry, editing times or dose-volume metrics [135]. Similarly, study by Bordigoni et al. 

[136] compared Atlas, ML and DL based auto-segmentation tools to generate contours for pelvic 

radiotherapy, and for cervical cancer cases, DL tools reduced segmentation times from 30-45 minutes 

required by manual contouring to 0.7-1.1 minutes for AS, significantly lower than time required by 

atlas and ML-based tools (22 and 21 minutes, respectively). Manual correction times for DL 

generated auto-contours were 5-12 minutes compared to 30 minutes required by atlas and ML 

generated ones. Additionally, the segmentation accuracy, evaluated with Dice similarity coefficient 

(DSC) and Hausdorff distance (HD) was significantly better of DL tools [136]. In Kibudde et al. 

[137], time-saving impact of AI-based auto-segmentation tool in two low- and middle-income 

countries was assessed for prostate and Head and Neck (HN) cancer OAR delineation, reporting that 

auto-segmentation reduced the manual contouring time from around 60 to 2 minutes per case, 

resulting in annual savings of around 1000 hours. However, in this article, editing times of contours 

were not evaluated [137].  

In terms of IOV, DL-based auto-segmentation improves the geometric contour agreement – in two-

phase study by Choi et al. [138], variations between manual and auto-segmented OAR and TV 

structures were compared, with DSC scores improving from 0.69 in manual contours to 0.77 in auto-

segmented and HD values lowering from 34.9 to 17.9 mm. Results of this research show lowered 

IOV, additionally evaluating clinical acceptability with qualitative measures, such as subjective 

evaluation of the DL generated contours, showing that OAR structures were mostly acceptable for 

37.5 % of respondents or required minimal editing for 62.5 % [138]. However, contours of DL 

segmented target structures had lower ratings of acceptability – 40.5 % being unusable or needing 

major editing, raising doubts for DL implementation in target structure delineation [138]. Hoque et 

al. [6] evaluated clinical applicability of commercial AI-based auto-contouring software (research 

version of Limbus Contour, Limbus AI Inc.) by carrying out geometric and dosimetric comparisons 

between manual and AI assisted contouring of PTVs and OARs in HN and prostate cancer cases. 

Authors concluded that even though AI significantly speeds up the radiation therapy planning (RTP) 

process, results of DL-based algorithm is dependent on the structure sites and necessitates human 

oversight, suggesting a hybrid approach, during which clinicians would focus on areas that exhibit 

more variance or are prone to errors, while auto-segmentation is used to generate contours where AI 

consistently performs at acceptable level [6]. Additionally performed dosimetric analysis, based on 

the results of normalized plan quality metrics (nPQM), demonstrated no statistically significant 

differences between plans generated with manual contours and auto-segmented structures [6].  
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Since AI is changing the pace of image processing in medical fields, developers of commercial 

contouring systems have made effort to implement it in their software. In Doolan et al. [7] five 

commercial contouring systems were compared (Table 4). Although results of all these systems seem 

satisfactory, availability and connectivity with the existing clinical workflows, contouring software 

and TPS, should also be considered, along with the cost of implementation and the systems 

transparency to the end user.   

Table 4. Comparison of commercial auto-contouring systems [7] 

Auto-contouring system Mirada MVision Radformation RayStation TheraPanacea 

Number of contours offered 99 143 83 67 86 

Evaluation results (DSC, a.u.) 0.82 0.88 0.86 0.87 0.88 

Time savings reported, min. 39.8 43.6 36.6 43.2 45.2 

In a similar study by Kim et al. [139], seven auto-contouring systems were investigated and 

additionally a method for clinics to evaluate the systems for quality assurance was proposed. Authors 

underlined that benchmarking these systems should be done using real patient data, calculation of 

quantitative metrics, such as DSC, HD, Surface DSC and statistical analysis should be performed, 

evaluating results based on the anatomical site, organ size and complexity. Moreover, findings 

revealed that no single system consistently outperformed other systems across the anatomical sites, 

and most small, complex or low-contrast anatomical structures were difficult for the systems to 

delineate, as can be judged by lower DSC and sDSC, and higher HD values [139]. Authors have also 

reported that systems trained with institution-specific data show better segmentation results [139]. It 

demonstrates that institutions should have their own datasets that correspond to their needs and adhere 

to institutional guidelines for the fine-tuning of auto-contouring algorithms before their 

implementation in clinical workflows.  

1.8. Factors influencing segmentation outcomes 

The accuracy and reliability of medical image segmentation are shaped by a combined influence of 

factors stemming from both the imaging data quality and the segmentation algorithms themselves 

[140]. Understanding of these influences is necessary to correctly interpret the model performance, 

guide methodological improvements and ensure robust application in clinical settings.  

Many issues regarding deep learning (DL) segmentation performance arise from the large differences 

in datasets used for training and testing of the model and actual clinical applications [141]. To 

estimate basic model performance, difficult conditions (large artifacts, abnormal anatomies, rare 

cancer cases) are often not included the validation or testing datasets. However, models developed 

with datasets that are not inclusive of these irregularities or distortions, fail to segment regions of 

interest (ROIs) when images have missing structures due to their surgical removal or large artifacts 

(such as metal artifacts due to dental implants in head and neck CT images or hip implants in pelvic 

cancer cases) [141]. While metal artifacts are routinely managed in clinical practice by contouring 

the artifact and metal implant and manually adjusting the relative electron density values (assigning 

low density artefacts to water density, and implant volumes to a density appropriate for their 

materials), automated segmentation models face challenges in their handling [142]. Specialists 

recognize artifacts through clinical context and anatomical knowledge, allowing them to understand 

distortions that are not representative of the underlying anatomy, but auto-segmentation models rely 

solely on learned patterns from the training images. This makes them vulnerable to irregularities in 
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clinical data if during training there was insufficient number of samples that represent a variety of 

cases commonly dealt with in-clinic – and even with their inclusion, most of the time these cases 

require manual editing after auto-segmentation [140]. Additionally, if the training data is inconsistent 

and present significant variations in the ground truth labels of the structures belonging to the same 

class or if certain biases exist in the manual annotation process (for example, some OARs are 

systematically under or over-contoured), model accuracy can be impacted. Sylolypavan et al. [143] 

describe four primary causes in manual annotation inconsistencies in clinical practice: 1) annotators 

may lack sufficient information to perform the labelling reliably (ambiguous guidelines, suboptimal 

data quality); 2) insufficient domain expertise, particularly dealing with more complex cases; 3) 

human error due fatigue, oversight, time constraints; 4) subjectivity regarding the task, leading to 

personal or interpretative bias. Related problems in manually delineated structures in training data 

can translate into the segmentation models and degrade the model reliability and clinical safety [144].  

It is important to recognize that although high-quality training data is crucial for good performance 

of a deep learning-based auto-segmentation model, the design of neural networks architecture and 

optimization strategies applied to the training of these models are equally important. Advanced 

architectures, like U-Net variants, have become standard in the field of medical image processing due 

to their ability to capture both local and global features, and mechanisms like skip connections, 

attention gates or residual connections have shown to enhance feature learning and improve 

segmentation accuracy [145]. Nevertheless, architectural variations must align with specific 

requirements of the medical segmentation task – different imaging modalities (MRI, CT, PET) 

present unique characteristics including spatial resolution, contrast, noise patterns and acquisition 

artifacts that influence the way input data should be processed and what features should be extracted 

[146]. Furthermore, the nature of anatomical structures being segmented requires appropriate 

structure of the network – while contours of large and relatively uniform organs such as liver or lungs 

can be effectively predicted with standard convolutional architectures, smaller, more irregularly 

shaped structures such as blood vessels, tumours or nerves demand more advanced configurations 

[147, 148]. In this context, specialized models tailored to particular tasks or anatomical regions often 

outperform general-purpose architectures, as they can be fine-tuned to capture the unique spatial, 

morphological and contextual characteristics of specific targets [149]. However, it should be noted, 

that increased complexity of the architectural setup does not always lead to better segmentation 

performance – overly complex models may overfit the training data, and capture noise and irrelevant 

patterns rather than generalizable characteristics of the images, which would lead to poor performance 

on unseen datasets, particularly when training data is limited or imbalanced [150, 151]. Moreover, 

highly intricate and too deep architectures demand more computational resources and training time 

and can become difficult to optimize, prone to issues like vanishing gradients or unstable 

convergence, especially without appropriate regularization techniques [151]. Model optimization, 

referring to the adjustment of model’s hyperparameters to minimize error and improve accuracy, is 

an important part of deep learning model development – choice of loss function, optimizer, learning 

rates and their scheduling, batch sizes, number of training epochs influence if the model’s 

performance is improved or degraded [152]. Therefore, it is crucial to balance model complexity and 

optimization strategies with the size and quality of the training data – techniques such as dropout 

(disactivating random neurons during training), early stopping (halting the training process when the 

performance stops improving) and data augmentation (increasing number of training images by 

applying transformations) are commonly employed to mitigate overfitting and enhance model 

robustness and generalization [153]. In conclusion, an interplay of data and model design-based 
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factors strongly influences the auto-segmentation results, all requiring attention when developing a 

system for automated contouring in clinical settings. 

1.9. Ethical concerns in automated medical segmentation  

Rapid adoption of artificial intelligence (AI) and deep learning (DL) algorithms has transformed 

clinical workflows, offering increased efficiency, standardized contouring in radiation oncology, 

where accurate segmentation is vital for further treatment planning. However, the integration of these 

technologies into clinical practice also introduces ethical considerations, ranging from concerns about 

data privacy and algorithmic bias to issues of accountability, transparency and other impacts of 

automation in healthcare.  

First, training or fine-tuning and initial evaluation of DL models require large, diverse datasets, which 

often include sensitive patient information – in radiation therapy context, CT or MRI images acquired 

are in DICOM format, which stores patient specific metadata such as name, birth date, sex, acquisition 

date and medical institution name. Sharing and analysing this data, especially across institutions for 

AI training, poses privacy risks [154]. General Data Protection Regulation (GDPR) is designed to 

mitigate these risks by enforcing the protection of personal health information through 

pseudonymization, which replaces identifying metadata with artificial codes while preserving the 

analytical value of the data [154–156]. Anonymisation, when all identifiable elements (direct and 

indirect) are irreversibly removed or masked, is a stricter approach that makes re-identification very 

difficult, however, loss of certain contextual information can compromise relevance of the training 

data, and even without metadata, anatomical structures or presence of rare pathologies in the images 

can be matched to patient identities when cross-referenced with related datasets [157]. For example, 

in the case of head and neck imaging, facial reconstructions from these scans can be linked back to 

the individuals using facial recognition software, so to mitigate this, some publicly available datasets 

have facial de-identification (blurring, masking) algorithms applied to obscure or remove facial 

structures in the images while retaining relevant anatomical information [158]. Nevertheless, patient 

consent to use their private health information (medical records, scans) is crucial before any further 

processing, analysis and sharing of these images across institutions for AI model training. 

Additionally, DL models often lack interpretability – which complicates efforts to audit or validate 

their performance, so transparent reporting of model training data, assumptions, performance metrics, 

limitations and failure cases is essential to establish trust in these systems and prevent biased 

outcomes that may affect underrepresented patient groups [159, 160]. Furthermore, automation bias 

poses another potential issue with DL-based segmentation implementation in clinical settings. As 

clinicians increasingly rely on AI generated outputs, there is a risk that they may place too much trust 

in these results, potentially overlooking segmentation errors or failing to identify anomalies. In 

radiation oncology domain, such overreliance could lead to suboptimal treatment planning results. 

This concern is reported by Bondi-Kelly et al. [161], who compared automation in aviation and 

healthcare and highlighted that automation bias can lead to unnecessary mistakes when clinicians 

follow AI suggestions without critical thinking, so proper training of the practitioners to work with 

automated systems is crucial, similarly to pilots undergoing extensive training in aircraft simulations 

to appropriately interact with automated systems. Moreover, authors stress that accountability must 

be clearly defined when AI tools are deployed in clinical settings [161]. In the event of an error, 

responsibility, whether it lies with the software developer, clinician or the institution, should be 

determined through regulatory framework, to properly address the occurred issues.  
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In conclusion, the reviewed literature suggests that while AI-based auto-segmentation systems, 

particularly those using deep learning, hold significant promise for improving efficiency and 

consistency in radiotherapy planning, their successful adoption requires careful consideration of 

technical, clinical, and ethical aspects.  
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2. Materials and methods 

This section provides information about datasets used for deep learning-based image segmentation, 

highlighting their characteristics and use cases. Moreover, the process of artificial neural network 

training is explained, additionally describing the modular framework and architectures of evaluated 

networks. Further on, training settings along with the evaluation strategy are provided for 

reproducibility of the research. 

2.1. Datasets 

Three datasets were used for the training and evaluation of deep learning models to assess their 

performance in different settings: 

1. Partial AMOS (Abdominal Multi-Organ Segmentation) dataset – made available in 2022 for 

MICCAI challenge that presented two tasks – multiple abdominal organ segmentation in CT 

images and cross-modality (CT and MRI) segmentation [130]. While the full dataset consists of 

500 CT and 100 MRI scans, only 300 annotated CT scans are publicly available due to the rest 

being out-of-distribution and used for fair testing and ranking of novel segmentation algorithms. 

Annotated ground truth labels (15 organs) were automatically labelled by pretrained segmentation 

models, then refined by human annotators (5 junior radiologists and 3 senior specialists) [130]. It 

is one of the most benchmarked large-scale datasets, allowing to evaluate deep learning 

segmentation model’s ability to generalize on a diverse image set of abdominal cancer cases 

2. BTCV (Beyond the Cranial Vault) – dataset consisting of 30 patient abdominal CT scans obtained 

for routine clinical care. Data was acquired from CT scanners across the Vanderbilt University 

Medical Center, USA and was a part of MICCAI 2015 challenge, designed to push forward the 

development of algorithms for abdominal organ segmentation [131]. All scans were manually 

labelled (13 structures) by trained raters, and their accuracy was reviewed by a radiologist or 

radiation oncologist [162]. BTCV is a widely used dataset by researchers, allowing to compare 

the performance of their models trained on limited data. 

3. Hospital of Lithuanian University of Health Sciences Kaunas Clinics (HLUHS KC) provided the 

third dataset (hereinafter referred to as KC), consisting of 19 anonymized DICOM sets of whole-

body CT scans, captured with GE Lightspeed RT 16-slice scanner in helical scanning mode. 

Labels of 12 organs at risk (OARs) were delineated and reviewed by experienced radiation 

oncologists. Dataset can be utilized for testing the scalability of models beyond abdominal regions 

and allows to assess the performance for county specific clinical settings.   

Together, these datasets provide a way to evaluate segmentation models under varying conditions of 

data size, image resolution, and anatomical coverage (Table 5). Datasets were split into training, 

validation and testing subsets patient-wise, to prevent data leakage and keep model performance 

evaluation unbiased. 5-fold cross-validation was performed for each model training, splitting the 

training dataset into five subsets, each fold is used as a validation set while model is trained on the 

rest. After training of all five folds, predictions are combined to generate ensemble prediction for 

every case in the validation set. Splits were made as follows: 

– AMOS: 240 cases for training and validation, 60 for testing. 

– BTCV: 25 for training and validation, 5 for testing. 

– KC: 16 for training and validation, 3 for testing. 
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Table 5. Characteristics of the datasets 

Dataset 

(Scope) 

Patient 

cases 

CT slices Average 

CT slices 

per case 

Median voxel 

resolution 

Labels 

AMOS 

(Abdominal) 

300 41430 138 

 

0.68×0.68×5.00 mm 

 

Spleen, right kidney, left kidney, gall 

bladder, esophagus, liver, stomach, 

aorta, inferior vena cava, pancreas, 

right adrenal gland, left adrenal gland, 

duodenum, bladder, prostate/uterus 

BTCV  

(Abdominal) 

30 3779 126 

 

0.76×0.76×3.00 mm 

 

Spleen, right kidney, left kidney, gall 

bladder, esophagus, liver, stomach, 

aorta, inferior vena cava, portal and 

splenic veins, pancreas, right adrenal 

gland, left adrenal gland 

KC 

(Whole-body) 

19 9333 491 

 

1.27×1.27×2.50 mm 

(identical throughout 

the dataset) 

Bladder, bones, heart, left kidney, 

right kidney, left lung, right lung, 

thyroid, stomach, liver, spleen, 

esophagus. 

 

2.2. Artificial neural network 

Artificial neural network (ANN) (Fig. 12a) is a computational system consisting of layers of 

interconnected units called artificial neurons (Fig. 12b) which process the input data to recognize 

patterns and solve complex problems through adaptive learning. 

Fig. 12. (a) artificial neural network; (b) single artificial neuron (perceptron) [163, 164] 

Neuron in ANN receives one or more input values – data features (for example, pixel intensities in 

an image), and multiplies it by a weight that determines the relative importance of the input to neurons 
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output. Bias value b is added to the weighted sum of these inputs (Formula 2), allowing the neuron 

to shift the activation function (ReLU, Leaky ReLU).  

𝑧 = ∑ 𝑤𝑖𝑥𝑖 + 𝑏

𝑛

𝑖=1

 (2) 

Where 𝑥𝑖 – input feature, 𝑤𝑖 – weight associated with the input, 𝑏 is the bias term. 

Then, an activation function (Formulas 3 and 4) transforms the summed value into a non-linear 

output, which enables the network to model complex relationships that linear functions cannot 

capture. The result is passed to the next layer (in hidden layers) or is used as the networks prediction 

in the output layer (class probabilities in classification, pixel-wise masks in segmentation).  

Rectified Linear Unit (ReLU) is an activation function that receives the input and allows only positive 

values to pass through unchanged, while setting negative values to zero.   

𝑅𝑒𝐿𝑈 = max (0, 𝑧) (3) 

Based on the ReLU, Leaky ReLU allows for a small non-zero gradient to pass through, keeping 

neurons in the ANN from becoming permanently inactive, which happens when only positive values 

are allowed to pass through the activation function: 

𝐿𝑒𝑎𝑘𝑦 𝑅𝑒𝐿𝑈 = {
𝑧    𝑖𝑓 𝑧 > 0
𝛼𝑧 𝑖𝑓 𝑧 ≤ 0

(4) 

where 𝛼 is a small constant, typically set to 0.01. 

The network prediction is then compared to the ground truth using a loss function that acts as an error 

measure. Loss function calculated during the model training in this research consists of a sum of Dice 

loss and cross entropy (CE) loss, where Dice loss is a negative average Dice score across all classes 

[165]: 

ℒ𝑑𝑐 = −
2

|𝐾|
∑

∑ 𝑢𝑖
𝑘𝑣𝑖

𝑘
𝑖∈𝐼

∑ 𝑢𝑖
𝑘

𝑖∈𝐼 + ∑ 𝑣𝑖
𝑘

𝑖∈𝐼𝑘∈𝐾

 (5) 

where 𝑢 - softmax output of the network, 𝑣 - one-hot encoding of the ground truth segmentation map. 

Shape of u and v is [𝐼 ×  𝐾], where 𝑖 ∈  𝐼 corresponds to the pixels in the training batch and 𝑘 ∈  𝐾 

represents the segmentation classes [102]. Values of ℒ𝑑𝑐 range from -1 (all classes perfectly overlap) 

to 0 (no overlap is observed).  

Cross entropy (CE) loss measures classification error for every voxel in the segmentation map and is 

calculated via [166]: 

ℒ𝐶𝐸 = −
1

|𝐼|
∑ ∑ 𝑣𝑘

𝑖

𝑘∈𝐾

log(𝑢𝑘
𝑖 )

𝑖∈𝐼

(6) 

Perfect voxel-wise classification would produce ℒ𝐶𝐸  equal to 0. 

Finally (5) and (6) are added with equal weighing:  
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ℒ = ℒ𝑑𝑐 + ℒ𝐶𝐸 (7) 

Through repeated data exposure, the network learns to adjust the weights via loss optimization and 

backpropagation, enabling it to generalize to new, unseen data. Stochastic Gradient Descent (SGD) 

optimizer is popularly used in CNNs for medical image segmentation, which works by updating 

weights in the network based on partial derivatives of the loss function with respect to each weight 

[167]. SGD uses a subset of training data to compute the gradients instead of the whole training set, 

which is more efficient for processing of large medical datasets. 

2.3. nnU-Net framework 

Data preprocessing and model training was done utilizing open-source nnU-Net [102] framework, 

integrating different model architectures and datasets to have an equal ground for their evaluation. 

The modular nature of the framework allows user to implement different training algorithms and 

network architectures, additionally providing tools to preprocess the data used for training and 

validation while taking care of computational constraints. Dataset fingerprint (spacings of the voxels 

and overall shape of the images, intensity distribution and medical image modality) is extracted, 

allowing to further optimize the network training strategy, setting parameters such as patch and batch 

size, intensity normalization and the network topology to the computational power availability (Fig. 

13).  

Fig. 13. nnU-Net configuration strategy [108] 

Preprocessing was performed as follows:  

1. DICOM images were converted into a NIfTI format. 

2. Images in all datasets were resampled to consistent voxel spacings. 

3. Z-score normalization was applied to the CT images 

4. Images were cropped to the network patch size. 

During normalization step, for each voxel intensity, the normalized pixel value is calculated as:  

𝑥′ =
𝑥 − 𝜇

𝜎
(8) 
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Where 𝜇 is the mean and 𝜎 is the standard deviation of the foreground intensities in the training cases.  

nnU-Net pipeline also allows for k-fold cross-validation strategy, when training data is categorized 

into folds, each leaving out a different part of dataset for validation. This allows for the training of 

the model to be unbiased by dataset splitting choices.  

2.4. Network architectures 

Three network architectures were evaluated: 3D U-Net, 3D U-Net with Residual Encoder (ResEncU-

Net) and a Transformer based Swin UNETR. 

2.4.1. 3D U-Net 

3D U-Net follows the same encoder-decoder structure as the original U-Net (Fig. 14), however, all 

operations (convolutional blocks, pooling, upsampling) are extended in three-dimensions to enable 

the data to be processed volumetrically. Each layer in the decoder consists of two convolutional 

blocks (with 3x3x3 kernels moved by 2x2x2 stride), followed by 3D batch normalization and Leaky 

ReLU activations [168]. Each step in the decoder doubles the feature channels allowing network to 

learn increasingly complex features. When the bottleneck layer is reached, two 3D convolutional 

layers capture the abstract features. Decoder stage mirrors the encoder, using 3D up-convolutions 

(transposed convolutions), upsampling the feature maps, halving the number of channels and 

concatenating the features with those sourced from corresponding encoder block via skip connections. 

Finally, the output layer uses 1x1x1 kernel for the convolution operation which maps features to the 

desired number of output classes, producing a volumetric segmentation map [168].  

Fig. 14. 3D U-Net architecture [168] 

On all datasets, 6-stage 3D U-Net is utilized with consistent feature progression from 32 to 320 

channels across the encoding and decoding paths. Each stage includes two convolutional layers, 

instance normalization is applied throughout the network, along with Leaky ReLU as the activation 
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functions. The models are trained with a batch size of 2. The configuration differences across the 

datasets are presented in Table 6.  

Table 6. 3D U-Net configuration differences  

Dataset Patch size in voxels (depth x height x width) Kernel sizes Strides 

AMOS 64x160x160 1x3x3 (input layer), 

3x3x3 in the rest hidden 

layers 

1x2x2 (input layer), 2x2x2 

in the rest hidden layers 

BTCV 48x192x192 1x3x3 (input layer), 

3x3x3 in the rest hidden 

layers 

1x2x2 (input layer) 2x2x2 

in the rest hidden layers 

KC 128x128x128 3x3x3 (all stages) 2x2x2 (all stages) 

AMOS and BTCV have anisotropic voxel spacing, with much thicker slices along the depth axis 

compared to KC. Therefore, patch sizes differ, and the first layer of the model uses 1×3×3 

convolutions with 1×2×2 strides to preserve detail in the low-resolution depth direction. 

2.4.2. Residual Encoder UNet  

The Residual Encoder U-Net (ResEncU-Net) is a variant of the U-Net architecture in which the 

convolutional blocks within the encoder path are replaced by series of residual blocks (Fig. 15), as 

introduced by He et al. [169] in ResNet architecture, while the decoder path consists of standard 

convolutional blocks with normalization and activation function without residual connections. This 

modification was proposed to address the vanishing gradient problem encountered in deep neural 

networks, introducing the identity skip connections. Residual connections allow the gradient to flow 

more directly through the network during backpropagation, which is offers more effective training of 

DL models and solves the “vanishing gradient” problem often encountered in convolutional neural 

network training [169–171].  

Fig. 15. (a) Convolutional block in U-Net; (b) Residual block in ResEncU-Net [172] 
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Regarding this research, all ResEncU-Net models trained on different datasets consist of 6 stages, 

and as in the 3D U-Net, features per stage range from 32 to 320, patch and kernel sizes along with 

strides remain as were provided in Table 6. In the encoder path, number of residual blocks are as 

follows for each stage: 1 block in the first stage, 3 in the second, 4 in the third and 6 in the rest of the 

encoder stages. This ensures that in the deeper stages – where spatial size of the features decrease, 

but complexity increases – network has enhanced capacity to model the contextual dependencies 

while maintaining efficient gradient propagation.  

2.4.3. SwinUNETR (Transformer based)  

SwinUNETR is a hybrid encoder-decoder segmentation model that integrates the Swin Transformer 

with the spatial decoding strategy of U-Net architecture (Fig. 16). Proposed by Hatamizadeh et al. 

[106], it is aimed to adress the limitations of traditional CNNs where long-range dependencies in 

volumetric data are not sufficiently captured, especially in 3D medical image segmentation tasks.  

Fig. 16. SwinUNETR architecture [106] 

Implemented in nnU-Net pipeline, SwinUNETR operates on the pre-processed 3D image patches 

(that were provided in Table 6). These patches are first processed by patch partition module (Fig. 16), 

that divides the volumetric input into smaller non-overlapping patches (2x2x2 voxels) and flattens 

them, forming a sequence of patch tokens that are input into the transformer encoder. Encoder 

comprises series of Swin Visual Transformer blocks organized into four stages. In each Swin 

Transformer block, window based multi-head self-attention (W-MSA) operation is performed, 

examining how features relate to each other, followed by shifted window mechanism (SW-MSA) in 

alternating layers, which lets the model see connections between the neighbouring windows [173]. 

Additionally, within each block, linear layer normalization is applied to stabilize the data, and residual 

connections are applied to ensure that original information is not lost during the transformations. 

Before the output is produced, model further processes the data through a multi-layer perceptron 

(MLP), which refines and enhances the extracted features, and applies the activation function to 

introduce the non-linearity and determine which neurons in the network should be activated to focus 

on the most relevant features of the data [106].  

Between the encoder stages, spatial resolution is reduced via patch merging, which concatenates the 

neighbouring patch embeddings, reducing the spatial dimension and increasing the channel depth. 
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This design mimics the resolution hierarchy of the U-Net architecture and connects the encoder and 

decoder paths through skip connections to ensure preservation of spatial information and accurate 

image reconstruction during decoding [106]. Decoder of SwinUNETR is fully convolutional, 

performing transposed convolutions to increase the spatial resolution of feature maps, concatenating 

these features with corresponding encoder outputs from skip connections, applying instance 

normalization and Leaky ReLU activation. Lastly, output layer uses 1x1x1 convolution to reduce 

number of feature channels to the desired number of output classes (for instance, organ labels) [106]. 

2.5. Training and inference 

All models (3 networks on 3 datasets – 9 models overall) were trained using the same set of 

hyperparameters (Table 7) to ensure a fair comparison. Training was performed for 100 epochs each, 

using a batch size of 2, meaning that two input samples are processed simultaneously during the 

forward and backward pass of the training loop to balance memory usage and training stability. 

Optimizer used was Stochastic Gradient Descent with an initial learning rate of 0.01, which is 

gradually reduced over time using a PolyLR (Polynomial Learning Rate) scheduler. The loss function 

combined Dice loss and Cross-Entropy loss; Leaky ReLu was used as the activation function 

throughout the networks. Models were also monitored calculating mean validation Dice score across 

all classes (OARs) after each epoch. 

Table 7. Model learning hyperparameters 

Parameter Setting 

Activation function Leaky ReLU 

Loss function Dice loss + Cross-Entropy loss (DiceCE) 

Optimizer Stochastic Gradient Descent 

Learning rate scheduler PolyLR 

Initial learning rate 0.01 

Batch size 2 

Epochs 100 

Number of iterations per epoch 250 

After finishing the training process, inference was performed on the testing dataset unseen by model 

during training, using predictions from all 5 cross-validation folds. Each fold generated softmax 

predictions for every voxel, and the final segmentation output was produced by averaging these 

predictions across all folds.  

Post-processing of the predicted images is conducted by removing all but the largest connected 

component for each class that might benefit from it (comparing performance metrics before and after) 

– this eliminates small, irrelevant structures that may be incorrectly segmented due to noise.  

Preparing of the datasets, training and evaluation of the models were conducted in a remote server 

that belongs to Kaunas University of Technology Artificial Intelligence Center, on NVIDIA H100 

NVL graphical processing unit (GPU), with approximately 10 gigabytes of GPU allocated per 

training using CUDA version 12.7.  
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2.6. Evaluation  

Final evaluation of the models was carried out comparing the predicted organ labels in the test sets 

with their ground truth masks voxel- and surface-wise. Voxel classification accuracy can be assessed 

with confusion matrix elements (true positives (TP) – when a voxel is correctly predicted as a part of 

the structure; true negatives (TN) – voxel is correctly predicted as not part of the structure; false 

positives (FP) - voxel is incorrectly predicted as part of the structure, also referred to as over-

segmentation; and false negatives (FN) – when a voxel is missed by the model (Fig. 17).  

Fig. 17. Segmentation accuracy evaluation regarding the confusion matrix elements 

From the obtained predicted voxels belonging to the particular organ class, and the corresponding 

ground truth masks, Dice Similarity Coefficient (DSC) can be calculated: 

𝐷𝑆𝐶 =
2(ℳ𝑔𝑡 ∩ ℳ𝑝𝑟)

ℳ𝑔𝑡 + ℳ𝑝𝑟
=

2𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
(9) 

where ℳ𝑔𝑡 – ground truth mask, ℳ𝑝𝑟 – mask predicted by model. Values range from 0 to 1, where 

DSC = 0 means no overlap of the masks is observed and DSC = 1 means all voxels of the predicted 

mask overlap with the voxels of the ground truth structure. 

Hausdorff distance (HD) measures the largest distance between surface points of predicted 

segmentation and the ground truth mask.  

𝐻𝐷(𝑆𝑔𝑡, 𝑆𝑝𝑟) = max (ℎ(𝑆𝑔𝑡, 𝑆𝑝𝑟), ℎ(𝑆𝑝𝑟, 𝑆𝑔𝑡)) (10) 

where 𝑆𝑔𝑡, 𝑆𝑝𝑟 are the ground truth and prediction masks’ surfaces, ℎ(𝑆𝑔𝑡, 𝑆𝑝𝑟) denotes the function 

to calculate the Euclidian distance between the surface points (𝑠𝑔𝑡, 𝑠𝑝𝑟) of the masks: 

ℎ(𝑆𝑔𝑡, 𝑆𝑝𝑟) = max
𝑠𝑔𝑡∈𝑆𝑔𝑡

min
𝑠𝑝𝑟∈𝑆𝑝𝑟

‖𝑠𝑔𝑡 − 𝑠𝑝𝑟‖ (11) 

Since the HD measures the maximum surface distance, capturing the worst-case mismatch, it is 

extremely sensitive to outliers (small false-positive regions far from the ground truth surface) and 

might not always adequately reflect the clinical impact. Small incorrectly segmented regions can be 
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easily erased during editing, hence, 95th percentile of the of all distances is computed to enhance the 

robustness of the used metric. 

Surface DSC (sDSC), introduced by Nikolov et al. [174], assesses the accuracy of segmentation 

boundaries by considering how much of the predicted surface lies within a certain distance (denoted 

as tolerance 𝜏) of the ground truth surface.   

𝑠𝐷𝑆𝐶 =
|𝑆𝑔𝑡 ∩ 𝐵𝑝𝑟

(τ)
| + |𝑆𝑝𝑟 ∩ 𝐵𝑔𝑡

(𝜏)
|

|𝑆𝑔𝑡| + |𝑆𝑝𝑟|
(12) 

Where 𝐵𝑔𝑡
(τ)

 and 𝐵𝑝𝑟
(τ)

 are border regions of surface areas 𝑆𝑔𝑡 and 𝑆𝑝𝑟 at a tolerance τ (mm).  

Similarly to DSC, values lie in the range from 0 to 1, 1 meaning the perfect overlap of the two 

surfaces. Research by Vaassen et al. [120] has shown that values this metric to correlate better with 

the time-savings and clinical applicability of the auto-segmented contours. Rhee et al. [175] 

determined that surface DSC with a tolerance of 1-3 mm are the best-known metrics to predict the 

clinical acceptability of the automatically generated contours, since higher tolerances are not as 

accurate in predicting acceptability, and smaller than 1 mm introduces sensitivity to tiny 

discrepancies, smaller than typical resolution of CT images.  

To evaluate statistical significances of the performance metrics results across models, Kruskall-

Wallis’s test was used to detect overall differences across groups followed by Mann-Whitney U (also 

known as Wilcoxon rank-sum test) post-hoc tests with Bonferroni correction. This approach was 

chosen because it does not assume a normal distribution of the data, making it well suited for 

performance metrics that are often skewed. 
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3. Results and Discussion 

This section presents the experimental results obtained from training and evaluating three different 

neural network architectures: U-Net, ResEncU-Net, and SwinUNETR, on three distinct medical 

imaging datasets: AMOS, KC, and BTCV. The training process was monitored through loss metrics 

and validation performance to assess learning dynamics, while final model performance was 

evaluated using Dice Similarity Coefficient (DSC), Surface DSC (sDSC), and Hausdorff Distance 

(HD95) on testing datasets. Both training behaviour and quantitative results are analysed to compare 

effectiveness of the models in multi-organ segmentation tasks.  

3.1. Analysis of the model training processes 

Each dataset was used to train the model by iteratively passing data to the neural networks. Training 

and validation losses were calculated and logged each training epoch, allowing to follow the training 

progress and evaluate the learning behaviour of the models. Although each model was trained five 

times for k-fold cross-validation, in this section, training logs of one representational fold of each 

model will be presented. 

AMOS dataset training and validation losses (Fig. 18) show that validation loss was consistently 

decreasing throughout the whole training, however, ResEncU-Net seems to converge more quickly 

than the other two models and achieves the lowest final loss values among the three models, indicating 

better learning. None of the networks show any rough jumps in the training and validation losses, 

indicating that the initial learning rate for the optimizer was chosen correctly. Notably, slope of 

SwinUNETR training might indicate that it needs more epochs to learn the dataset features.  

Fig. 18. Training and validation losses (AMOS dataset) 

From Averaged Dice Similarity Coefficient values calculated during training, it can be observed more 

in more detailed manner that the ResEncU-Net predicted validation cases more accurately during the 

training process and learned the dataset features more quickly (Fig. 19 – orange curve), while 

SwinUNETR failed to follow the learning trends of other two models from 30th epoch till the end of 
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the training (Fig. 19 – green curve). Validation Dice plots from the training with other two datasets 

are provided in the Appendix 1. 

 

Fig. 19. Average Dice calculated on validation dataset during training 

KC dataset is significantly smaller than the AMOS, less diverse in terms of patient cases and image 

acquisition protocols (all images in KC dataset were taken with the same CT scanner and have 

identical voxel spacings) – with fewer and more similar samples, models can process the entire dataset 

more frequently, leading to faster convergence in training loss across all models (Fig 20). Loss values 

of these trainings display that all models reach lower losses than during training with AMOS dataset. 

Both U-Net and ResEncU-Net show similar training behaviour and plateaus at around 75 epochs, 

while SwinUNETR loss reaches similar values 25 epochs later.   

 

Fig. 20. Training and validation losses (KC dataset) 
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While training the models on BTCV dataset, all networks show gradually decreasing training and 

validation losses. Slight overfitting can be observed in U-Net and ResEncU-Net validation loss 

curves, as it stabilizes at around 75 epochs. BTCV dataset has more patient cases in the training 

dataset compared to the KC dataset, however it consists of fewer CT slices covering only abdominal 

regions and is comprised of the images acquired with several CT scanners. Smaller size of the dataset 

may have contributed to slightly worse loss optimization, although further evaluation is required. 

Additionally, annotated organs in this dataset include very small and detailed structures (both adrenal 

glands, portal and splenic veins) which can be too complex for auto-segmentation model to learn due 

to the class imbalances, or variances in manual delineations in the training set.  

 

Fig. 21. Training and validation losses (BTCV dataset) 

Judging from the training and validation loss curves, it could be concluded that SwinUNETR might 

benefit from additional training to observe if the loss values would decrease further, while U-Net and 

ResEncU-Net both converge it faster.  

Overall training time of five folds (Table 8) also varied depending on the model architecture and 

dataset used. Among the evaluated models SwinUNETR consistently required the longest training 

time for 100 epochs across all datasets. This can be attributed to more complex transformer-based 

network architecture, which includes computationally intensive operations such as self-attention and 

hierarchical feature processing. In contrast, CNN-based models demonstrated faster training cycles 

with the same training parameters. Furthermore, KC dataset took the most time to train on regardless 

of model applied, which can be attributed to higher volumes of patches used for model training 

compared to other datasets.  

Table 8. Overall training time for each model 

 AMOS KC BTCV 

ResEncU-Net 4.25 h 6 h 3.75 h 

SwinUNETR 8 h 10 h 8 h 

U-Net 2.5 h 4 h 3 h 
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It is important to note that overall training time is not indicative of model segmentation performance 

on unseen patient cases. However, it is useful to know in situations where model requires retraining 

or finetuning due to declined accuracy in clinical use or when new training data becomes available 

that includes additional organs at risk (OARs). In such cases, computational cost and time efficiency 

become significant factors in selecting and maintaining deep learning models for clinical deployment. 

After training, inference (automated segmentation) on test subsets for all datasets was performed to 

assess each model’s ability to segment OARs in computed tomography (CT) images of unseen patient 

cases (CT scans not encountered during training and validation). Inference time (Fig. 22) increases 

linearly with the number of slices in the CT volumes. Out of the three models, Residual Encoder U-

Net (ResEncU-Net) required the most time for the auto-segmentation – scans with only abdominal 

regions present (up to 360 slices) took 2.5 minutes, while whole body scans took up to 4.5 minutes. 

The inference times for SwinUNETR models were slightly shorter, with whole body scans taking up 

to 4 minutes, while U-Net took the least time – largest CT volumes were segmented in less than 3 

minutes. Longer times for auto-segmentation can be attributed to model architecture complexity, 

number of computational operations and higher amount of parameters that have to be learnt by the 

model.  

Fig. 22. Auto-segmentation duration for each model 

3.2. Model evaluation  

Evaluation of the models were conducted on unseen sets of patient cases in each dataset, following 

metrics were calculated: Dice Similarity Coefficient (DSC), Surface DSC (sDSC) with 0 and 2 mm 

tolerance along with Hausdorff Distance 95th percentile (HD95). Such tolerances for Surface DSC 

were chosen, because sDSC (τ = 0 mm) allows to see the level of absolute alignment between 

structure boundaries and sDSC with introduced 2 mm tolerance (τ = 2 mm) would show performance 

that correlates well with segmentation influence on contouring workflow and has been proven to be 

the best metric to predict clinical acceptability of the contours [175]. 

Averaged metrics (Table 9) show that across all datasets, ResEncU-Net consistently outperforms the 

other models, particularly in terms of DSC and sDSC at investigated tolerances (0 and 2 mm), 

suggesting that this model is highly effective at capturing both volumetric overlap and precise surface 

alignment. These performance differences are statistically significant (p < 0.05) in most comparisons, 
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as shown by post-hoc Mann-Whitney U tests with Bonferroni corrections. Detailed statistical test 

results are provided in Appendices 2 and 3. 

U-Net demonstrates competitive performance, with very close values in KC dataset and slightly lower 

values in the AMOS and BTCV. This indicates that U-Net remains a strong baseline model of medical 

image segmentation, particularly in scenarios where computational resources or implementation 

simplicity are prioritized. In contrast, SwinUNETR model performs the worst out of the three models 

in all datasets, especially in sDSC and HD95 metrics. This is the most pronounced in AMOS dataset, 

where averaged Hausdorff distance is nearly three times higher than of the ResEncU-Net’s. These 

differences are statistically significant across all reported metrics (p < 0.05), highlighting 

SwinUNETR’s relative weakness in precise surface alignment and boundary accuracy. This suggests 

challenges in delineating precise anatomical contours – an essential requirement for clinical 

applications. However, since Hausdorff distance represents the largest distances between points, it 

might not accurately indicate influence in clinical workflows, since erasing of these small over-

segmented regions in the contouring system during editing is not necessarily time-consuming. 

Therefore, visual assessment might be beneficial to better interpret the practical relevance of these 

discrepancies. 

Table 9. Averaged metrics throughout the datasets 
 

Network DSC, a.u. ↑ sDSC  

(τ = 0 mm), a.u. ↑ 

sDSC  

(τ = 2 mm), a.u. ↑ 

HD95,  

mm ↓ 

A
M

O
S

 ResEncU-Net 0.867a  0.629a  0.884 a   16.607a 

SwinUNETR 0.736c  0.434c  0.711c 45.954c 

U-Net 0.838b 0.580b  0.848b 23.909b 

B
T

C
V

 ResEncU-Net 0.842a  0.624a 0.874a 9.518a  

SwinUNETR 0.797a  0.549b 0.805b 22.260b 

U-Net 0.832a  0.607a 0.860a 11.299a 

K
C

 

ResEncU-Net 0.916a  0.669a  0.884a  7.436a  

SwinUNETR 0.878a  0.578a  0.786b  31.828b 

U-Net 0.913a  0.664a  0.878a  7.783a  

Superscript letters (ᵃ, ᵇ, ᶜ) indicate statistically significant groupings based on post-hoc pairwise comparisons using 

the Mann-Whitney U test with Bonferroni correction (p < 0.05). 

Models sharing the same letter are not significantly different from each other, while models with different letters 

show statistically significant differences in performance for the given metric. 

Acceptability of the segmentations provided by all three models organ-wise were assessed utilizing 

Surface DSC metric with 2 mm tolerance, with set acceptable threshold of the metric to be 0.7 a.u. 

(Fig. 23). ResEncU-Net consistently achieves the highest sDSC (τ = 2 mm) values across all organs, 

indicating robust and clinically acceptable performance across various organ structures, with values 

close to threshold only indicated for heart structure and prostate/uterus organ label, which might be 

the result influenced by combining of these labels (prostate and uterus) in AMOS dataset, introducing 

uncertainties into the models. Compared to both U-Net and SwinUNETR, ResEncU-Net’s 

performance is significantly better (p < 0.05) for most organs, especially smaller and mid-sized 

structures. Detailed results of Kruskall-Wallis statistical test along with the post-hoc analysis using 

Bonferroni correction method are provided in Appendices 4 and 5. 
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Similarly, U-Net performance is high across most organs, except prostate and uterus combination. 

Most values are lower compared to the ResEncU-Net model, however, for several larger organs like 

lungs and aorta, performance differences between U-Net and ResEncU-Net are not statistically 

significant. 

Unlike other two models, SwinUNETR shows greater variability in performance and fails to achieve 

acceptable segmentation (sDSC ≥ 0.7) for several smaller organs and those with low contrast relative 

to surrounding tissues, such as adrenal glands, bladder, duodenum, gallbladder, pancreas, prostate 

and stomach. However, segmentations of OARs with bigger volumes, like aorta, bones, and both 

lungs showed comparable results of segmentation. 

 Fig. 23. Evaluation of segmentation organ-wise. Asterisks denote significant differences comparing other 

two models to ResEncU-Net (* p < 0.05, ** p < 0.01, *** p < 0.001) 

In general, ResEncU-Net provides the most reliable and robust segmentations across nearly all 

organs, making it the preferred choice for multi-organ segmentation tasks in CT images. Surface Dice 

values indicate that it produces contours requiring minimal manual correction – a critical factor in 

clinical workflows like radiotherapy planning, making this model superior for integration into semi- 

or fully-automated contouring pipelines, helping reduce inter-observer variability and clinician 

workload. 
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U-Net also delivers strong performance for most organs, though slightly less robust compared to 

ResEncU-Net in more anatomically complex or poorly contrasted regions, suggesting that manual 

refinement may be more frequently needed. Nonetheless, U-Net’s architecture remains attractive in 

clinical environments that prioritize computational efficiency, faster deployment and lower hardware 

demands, due to shorter training durations and faster inference times compared to more complex 

architectures. However, improved performance of ResEncU-Net over U-Net further indicates that 

introduction of residual connections in U-Net structures enhances model generalizability and surface-

level accuracy, which can be beneficial for adapting model to heterogeneous datasets or varying 

anatomical presentations across patient populations.  

SwinUNETR, despite its advanced transformer-based architecture, demonstrates inconsistent results 

and is less suitable for smaller or low-contrast structures. While adequate to apply for large and 

contrasting organ (lungs, aorta, bones) segmentation, its low performance metric scores for OARs 

like pancreas, duodenum, stomach, hinders its clinical applicability. Therefore, SwinUNETR model 

may require further optimization and bigger datasets for training before clinical adoption for OAR 

segmentation in radiotherapy applications, where precise segmentation and boundary alignment is 

crucial for patient outcomes. 

To conduct qualitative analysis of model segmentation, a case from each dataset was selected. For 

abdominal datasets, case amos_0405 (Fig. 24) scored the highest mean sDSC (τ = 2 mm) across all 

segmented cases - equal to 0.956 a.u. with ResEncU-Net model (compared to 0.924 and 0.782 a.u. 

for U-Net and SwinUNETR models, respectively). Visually it can be rated that the ground truth and 

U-Net and ResEncU-Net predicted classes are very similar, with few false positive voxels near the 

surface of the contour. Such auto-segmented structures could be evaluated as clinically acceptable 

with minor editing efforts. Conversely, SwinUNETR model struggled to correctly classify voxels to 

their corresponding OAR labels (especially for pancreas, stomach, Fig. 24 – brown and green masks, 

accordingly), and would take longer to edit to be considered as acceptable contour for further 

treatment planning.  

Fig. 24. Visual comparison of ground truth contours and segmentations of each model (AMOS dataset) 

 



50 

Similarly, for a case image_014 in KC dataset, which consists of full-body scans, most organs 

segmented by U-Net and ResEncU-Net seem undistinguishable from the ground truth, both in axial 

and coronal planes. SwinUNETR, on the other hand, provided incorrect voxel classifications for the 

lungs, as can be seen in the rightmost bottom image in Fig. 25 – voxels of the right lung (coloured 

green) were incorrectly segmented as the left lung (coloured light brown), which indicates that the 

model struggles with spatial localization and distinguishing between anatomically symmetric 

structures. Notably, the lungs are among the most readily segmentable organs in medical imaging due 

to their distinct shape and contrast, which underscores the significance of such segmentation error. 

Fig. 25. Visual comparison of ground truth contours and segmentations of each model (KC dataset) 

Comparison of segmentations in a case image_0040 from BTCV dataset showed similarities between 

ground truth and auto-segmented volumes of all models for most volumes, although stomach and 

spleen (Fig. 26) exhibited false negative regions across all models. This may be partly due to the 

relatively small size of the BTCV training set compared to AMOS, as well as its greater variability 

in scanners and acquisition protocols compared to the more homogeneous KC dataset, making 

consistent feature learning more challenging for all models. 
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Fig. 26. Visual comparison of ground truth contours and segmentations of each model (BTCV dataset) 

Based on the results obtained in this research, Visual Transformer based SwinUNETR model 

integrated into nnU-Net framework consistently underperformed when compared with the 

convolutional neural network (CNN) based architectures, particularly for smaller or low-contrast 

organs. However, it has demonstrated competitive or even state-of-the-art (SOTA) performance in 

some segmentation tasks reported in literature. In original study by Cao et al. [104] SwinUNETR 

outperformed original nnU-Net model when segmenting brain glioblastoma regions in BRaTS 2021 

challenge dataset, which consists of multi-institutional multi-parametric magnetic resonance imaging 

scans (8160 scans from over 2000 patients) [176]. In the BTCV challenge, SwinUNETR achieved a 

reported DSC value of 0.918 and ranked among top-rated models, including U-Net variants in some 

studies, although this result is not consistent across implementations, and performance may depend 

on training strategy, dataset splitting and model configuration [177]. It has also been reported that 

self-supervised pretraining of this model using large scale CT datasets increased performance on 

BTCV dataset regarding DSC and HD metrics, stressing that Transformer based model achieves best 

results when pretrained on 5000 CT scans before finetuning on the BTCV dataset [178]. All training 

sets used in this research were relatively small (16, 25, 240 CT scans from KC, BTCV and AMOS 

datasets, respectively), which may have contributed to worse performance according to the 

segmentation metrics and visual analysis. Another problem reported in literature is prolonged training 

and inference runtimes compared to U-Net based architectures to achieve similar results, which also 

aligns with the findings of this research [179]. Therefore, SwinUNETR is inferior compared to the 

analysed CNN-based models for implementation in radiotherapy workflows, where contouring time, 

accuracy and adaptability of the auto-segmentation system altogether are important factors for 

efficient and precise treatment of the patients. 

On the other hand, despite its relatively longer training and inference times, Residual Encoder U-Net 

consistently produced better segmentation results than the Transformer-based SwinUNETR and 

CNN-based U-Net – similarly to the results provided in Isensee et al. [134], although authors used 

bigger datasets for training and inference. While SwinUNETR is favoured in literature for large-scale 

tasks, ResEncU-Net demonstrated robust performance across datasets of varying size, suggesting that 
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in the context of radiation treatment, where institutional datasets are often limited, model that 

maintains high performance under constrained training conditions is more suitable for clinical 

implementation. With further hyperparameter tuning, integration pipelines (loading CT scans, 

converting to NifTI, inference and exporting segmentations in DICOM format), and access to larger 

institution-specific data, model could be effectively integrated into treatment planning systems such 

as Eclipse (Varian Medical Systems, Palo Alto, USA). 
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Conclusions 

1. Three 3D medical image segmentation models (U-Net, ResEncU-Net, and SwinUNETR) were 

successfully implemented and trained on the AMOS, KC, and BTCV datasets. Training results 

showed stable convergence across all models, with ResEncU-Net achieving the lowest validation 

loss values in each dataset (final validation loss on AMOS dataset was -0.35 for ResEncU-Net 

against -0.2 for SwinUNETR), indicating more efficient and effective and faster learning. 

ResEncU-Net also reached convergence more quickly across datasets, making it particularly 

suitable for clinical integration where reproducibility and computational efficiency are critical. 

Training times further reflected architectural differences: SwinUNETR required up to 10 hours 

for all cross-validation folds (KC), while ResEncU-Net needed 4.25–6 hours, and U-Net trained 

in as little as 2.5–4 hours, depending on the dataset. 

2. Evaluation using standard segmentation metrics: Dice Similarity Coefficient (DSC), Surface DSC 

(sDSC), and 95th percentile Hausdorff Distance (HD95), showed that ResEncU-Net achieved the 

best overall performance across all datasets. For instance, in the AMOS dataset, ResEncU-Net 

scored 0.867 a.u. (DSC), 0.884 a.u. (sDSC τ = 2 mm), and 16.6 mm (HD95). By contrast, 

SwinUNETR scored 0.736 a.u. (DSC) and 45.95 mm (HD95), significantly underperforming, 

especially in boundary alignment. These differences were statistically significant (p < 0.05). 

Organ-wise evaluation using sDSC (τ = 2 mm) showed ResEncU-Net met the acceptability 

threshold (≥ 0.7 a.u.) in nearly all structures, making it the most reliable for clinical applications 

like radiotherapy treatment planning, where precise and consistent delineation of the OARs is 

critical. 

3. Based on averaged metrics across datasets, ResEncU-Net outperformed U-Net by 2–5 % in DSC 

and sDSC and had lower HD95 values, particularly for anatomically complex or smaller 

structures. For example, in the BTCV dataset, ResEncU-Net achieved 0.842 a.u. (DSC) vs. 0.832 

a.u.  for U-Net, and 9.52 mm (HD95) vs. 11.3 mm, respectively. While U-Net remained 

competitive, especially in the KC dataset (0.913 a.u.  DSC vs. 0.916 a.u. for ResEncU-Net), its 

performance decreased in more heterogeneous (multi-institutional, multi-vendor) datasets. 

SwinUNETR, despite its transformer-based design, showed the worst HD95 scores (31.8 mm in 

KC), and frequently failed to meet sDSC acceptability thresholds, especially for small or low-

contrast organs. In contrast with published results where SwinUNETR achieved DSC ≥ 0.91 a.u. 

on BTCV with large-scale pretraining (for example, 5000 CT scans), findings in this research 

suggest that SwinUNETR’s performance is highly dependent on dataset scale and pretraining, 

limiting its utility in typical institutional settings with smaller datasets. 

4. Analysis revealed several key factors affecting model accuracy: dataset diversity, organ size, 

contrast, and scanner heterogeneity. For instance, homogeneity of KC (acquired with a single 

scanner) enabled faster convergence (plateau at around 75 epochs), whereas AMOS might require 

longer training due to its larger anatomical variability. Organs like the adrenal glands, bladder 

consistently yielded lower sDSC (often < 0.7), likely due to class imbalance and annotation 

variability. This highlights the importance of targeted refinement or expert-in-the-loop strategies 

for small OARs in radiotherapy workflows. Despite these challenges, ResEncU-Net maintained 

reliable performance under all conditions, suggesting strong generalizability and clinical 

robustness. 
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Appendices  

Appendix 1. Average validation Dice values during the training process 
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KC 

 
BTCV 
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Appendix 2. Statistical test results for metric comparison across models (Kruskall-Wallis test) 

Dataset Metric Kruskal-Wallis H p-value 

AMOS Dice 311.7782 1.99E-68 

AMOS sDice_0mm 593.1072 1.62E-129 

AMOS sDice_2mm 589.8473 8.25E-129 

AMOS HD95 524.8552 1.07E-114 

BTCV Dice 4.260828 0.118788081 

BTCV sDice_0mm 11.97084 0.002515152 

BTCV sDice_2mm 13.22148 0.001345839 

BTCV HD95 14.68777 0.000646532 

KC Dice 6.908314 0.031613951 

KC sDice_0mm 7.429324 0.024363677 

KC sDice_2mm 11.83322 0.002694318 

KC HD95 23.39196 8.33E-06 
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Appendix 3. Post-hoc test results for metric pair-wise comparison across models (Mann-

Whitney U test with Bonferroni correction) 

Dataset Metric Model 1 Model 2 Raw p-value Corrected p-value Significant 

AMOS Dice UNET ResEnc 2.20E-07 6.59E-07 TRUE 

AMOS Dice UNET SwinUNETR 3.85E-36 1.15E-35 TRUE 

AMOS Dice ResEnc SwinUNETR 1.21E-63 3.64E-63 TRUE 

AMOS sDice_0mm UNET ResEnc 7.89E-13 2.37E-12 TRUE 

AMOS sDice_0mm UNET SwinUNETR 5.79E-71 1.74E-70 TRUE 

AMOS sDice_0mm ResEnc SwinUNETR 1.03E-115 3.10E-115 TRUE 

AMOS sDice_2mm UNET ResEnc 8.28E-13 2.48E-12 TRUE 

AMOS sDice_2mm UNET SwinUNETR 6.77E-71 2.03E-70 TRUE 

AMOS sDice_2mm ResEnc SwinUNETR 9.23E-115 2.77E-114 TRUE 

AMOS HD95 UNET ResEnc 4.01E-13 1.20E-12 TRUE 

AMOS HD95 UNET SwinUNETR 7.29E-58 2.19E-57 TRUE 

AMOS HD95 ResEnc SwinUNETR 4.87E-106 1.46E-105 TRUE 

BTCV sDice_0mm UNET ResEnc 0.407205 1 FALSE 

BTCV sDice_0mm UNET SwinUNETR 0.010162 0.030485 TRUE 

BTCV sDice_0mm ResEnc SwinUNETR 0.001135 0.003405 TRUE 

BTCV sDice_2mm UNET ResEnc 0.394156 1 FALSE 

BTCV sDice_2mm UNET SwinUNETR 0.007216 0.021649 TRUE 

BTCV sDice_2mm ResEnc SwinUNETR 0.00059 0.001769 TRUE 

BTCV HD95 UNET ResEnc 0.421751 1 FALSE 

BTCV HD95 UNET SwinUNETR 0.004179 0.012536 TRUE 

BTCV HD95 ResEnc SwinUNETR 0.000297 0.00089 TRUE 

KC Dice UNET ResEnc 0.791268 1 FALSE 

KC Dice UNET SwinUNETR 0.026895 0.080685 FALSE 

KC Dice ResEnc SwinUNETR 0.021271 0.063813 FALSE 

KC sDice_0mm UNET ResEnc 0.905866 1 FALSE 

KC sDice_0mm UNET SwinUNETR 0.019443 0.058329 FALSE 

KC sDice_0mm ResEnc SwinUNETR 0.018302 0.054906 FALSE 

KC sDice_2mm UNET ResEnc 0.73971 1 FALSE 

KC sDice_2mm UNET SwinUNETR 0.004154 0.012461 TRUE 

KC sDice_2mm ResEnc SwinUNETR 0.002316 0.006947 TRUE 

KC HD95 UNET ResEnc 0.608663 1 FALSE 

KC HD95 UNET SwinUNETR 7.39E-05 0.000222 TRUE 

KC HD95 ResEnc SwinUNETR 1.49E-05 4.47E-05 TRUE 
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Appendix 4. Statistical test results for sDSC metric pair-wise model comparison across 

different organs (Kruskall-Wallis test) 

Organ Kruskal-Wallis H p-value 

Bladder 41.23761 1.11E-09 

Bones 0.8 0.67032 

Heart 5.422222 0.066463 

Kidney_L 90.5216 2.21E-20 

Kidney_R 69.58829 7.75E-16 

Lung_L 5.955556 0.050906 

Lung_R 5.422222 0.066463 

Thyroid 1.688889 0.429796 

Stomach 90.69046 2.03E-20 

Liver 50.72371 9.67E-12 

Spleen 69.67526 7.42E-16 

Esophagus 60.73567 6.48E-14 

Gallbladder 48.09319 3.60E-11 

Aorta 64.62585 9.26E-15 

Vena_cava 77.29717 1.64E-17 

Pancreas 85.89256 2.23E-19 

Adrenal_R 44.57042 2.10E-10 

Adrenal_L 95.50554 1.82E-21 

Duodenum 84.23617 5.11E-19 

Prostate/Uterus 43.69526 3.25E-10 

Portal_vein 3.38 0.18452 
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Appendix 5. Post-hoc analysis (Mann-Whitney U test with Bonferroni correction) 

Organ Model 1 Model 2 Raw p-value Corrected p-value Significant 

Bladder UNET ResEnc 0.060984 0.182952 FALSE 

Bladder UNET SwinUNETR 2.68E-06 8.05E-06 TRUE 

Bladder ResEnc SwinUNETR 1.79E-09 5.36E-09 TRUE 

Kidney_L UNET ResEnc 1.63E-06 4.90E-06 TRUE 

Kidney_L UNET SwinUNETR 2.80E-11 8.39E-11 TRUE 

Kidney_L ResEnc SwinUNETR 3.38E-17 1.01E-16 TRUE 

Kidney_R UNET ResEnc 0.000112 0.000336 TRUE 

Kidney_R UNET SwinUNETR 3.84E-09 1.15E-08 TRUE 

Kidney_R ResEnc SwinUNETR 6.76E-14 2.03E-13 TRUE 

Stomach UNET ResEnc 0.000978 0.002933 TRUE 

Stomach UNET SwinUNETR 9.72E-14 2.92E-13 TRUE 

Stomach ResEnc SwinUNETR 3.38E-17 1.01E-16 TRUE 

Liver UNET ResEnc 0.04694 0.140821 FALSE 

Liver UNET SwinUNETR 2.91E-08 8.72E-08 TRUE 

Liver ResEnc SwinUNETR 1.17E-10 3.50E-10 TRUE 

Spleen UNET ResEnc 0.001089 0.003267 TRUE 

Spleen UNET SwinUNETR 1.47E-09 4.41E-09 TRUE 

Spleen ResEnc SwinUNETR 2.74E-14 8.22E-14 TRUE 

Esophagus UNET ResEnc 0.075083 0.22525 FALSE 

Esophagus UNET SwinUNETR 3.72E-09 1.12E-08 TRUE 

Esophagus ResEnc SwinUNETR 3.45E-13 1.03E-12 TRUE 

Gallbladder UNET ResEnc 0.231138 0.693414 FALSE 

Gallbladder UNET SwinUNETR 5.86E-08 1.76E-07 TRUE 

Gallbladder ResEnc SwinUNETR 1.26E-10 3.78E-10 TRUE 

Aorta UNET ResEnc 0.097389 0.292167 FALSE 

Aorta UNET SwinUNETR 6.85E-10 2.05E-09 TRUE 

Aorta ResEnc SwinUNETR 7.82E-14 2.34E-13 TRUE 

Vena_cava UNET ResEnc 0.016909 0.050726 FALSE 

Vena_cava UNET SwinUNETR 3.26E-12 9.79E-12 TRUE 

Vena_cava ResEnc SwinUNETR 3.31E-15 9.94E-15 TRUE 

Pancreas UNET ResEnc 0.029668 0.089004 FALSE 

Pancreas UNET SwinUNETR 1.32E-14 3.95E-14 TRUE 

Pancreas ResEnc SwinUNETR 5.30E-16 1.59E-15 TRUE 

Adrenal_R UNET ResEnc 0.010579 0.031736 TRUE 

Adrenal_R UNET SwinUNETR 1.82E-06 5.45E-06 TRUE 

Adrenal_R ResEnc SwinUNETR 7.93E-10 2.38E-09 TRUE 

Adrenal_L UNET ResEnc 4.43E-05 0.000133 TRUE 
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Adrenal_L UNET SwinUNETR 1.47E-12 4.40E-12 TRUE 

Adrenal_L ResEnc SwinUNETR 1.11E-18 3.32E-18 TRUE 

Duodenum UNET ResEnc 0.035546 0.106639 FALSE 

Duodenum UNET SwinUNETR 6.33E-13 1.90E-12 TRUE 

Duodenum ResEnc SwinUNETR 5.81E-17 1.74E-16 TRUE 

Prostate/Uterus UNET ResEnc 0.052456 0.157368 FALSE 

Prostate/Uterus UNET SwinUNETR 8.86E-07 2.66E-06 TRUE 

Prostate/Uterus ResEnc SwinUNETR 8.91E-10 2.67E-09 TRUE 

 

 

 


