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 Gliomas are one of the most prevalent malignant brain tumors, presenting con-

siderable problems for patient prognosis and therapeutic approaches. Precise 

segmentation of these tumors is essential for diagnosis, surgical planning, and 
intraoperative radiologic monitoring (IRM). Defining glioma subregions, in-

cluding the enhancing tumor (TE), tumor core (TC), and whole tumor (WT), 

enables targeted therapy and aids in monitoring tumor growth over time. This 

article presents the 3D U-Net Transformer, a deep learning architecture that 
integrates convolutional layers with transformer-based self-attention mecha-

nisms. The model efficiently analyzes multimodal MRI scans, utilizing skip 

connections and attention modules to merge local spatial data with global con-

text, thus improving segmentation performance. The 3D U-Net Transformer, 
validated on the BraTS 2020 dataset—a benchmark for brain tumor segmen-

tation—surpassed traditional topologies like U-Net and UNet++. The model 

attained elevated Dice coefficients for TE, TC, and WT areas, accompanied 

by robust sensitivity and specificity metrics, hence, enhancing its clinical de-

pendability. This sophisticated method enhances surgical procedures and clin-

ical decision-making by providing accurate tumor delineation. The integration 

of transformer modules within U-Net architectures highlights the possibility 

of significant advancements in 3D medical imaging and real-time applications. 
The computer setup for this study comprised a high-performance PC featuring 

an Intel i7 CPU, 12 GB RAM, x64 architecture, Intel HD Graphics 3000, op-

erating on Kaggle with a P100 GPU, and utilizing Python 3.8, Kaggle, and 

TensorFlow 2.4 on a 64-bit operating system. 
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1. INTRODUCTION  

Gliomas, the predominant primary brain tumors, represent a substantial proportion of central nervous 

system malignancies and provide severe challenges in diagnosis and treatment [1], [2]. Precise segmentation 

of gliomas is important for effective surgical planning, targeted radiation, and thorough patient management. 

This entails identifying specific tumor subregions, including the necrotic core, enhancing tumor mass, and 

peritumoral edema, which substantially influences treatment decisions and prognosis [3], [4], [5]. Sophisticated 

3D models of these subregions are essential for visualization, especially in intraoperative radiologic monitoring 

(MRI) and contemporary surgical procedures [6], [7], [8]. The U-Net architecture, presented by Ronneberger 

et al. [9], transformed biomedical image segmentation, establishing a fundamental paradigm that influenced 

further advancements like U-Net++ [10], which integrated dense skip connections to improve feature extrac-

tion[11]. Notwithstanding these developments, current models such as U-Net and U-Net++ sometimes encoun-

ter difficulties in capturing intricate global and local dependencies in 3D medical imaging. These constraints 

underscore the need for more sophisticated architectures to efficiently process high-dimensional volumetric 
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data [12]. Traditionally, manual segmentation has been the benchmark for glioma delineation. This method is 

labor-intensive, time-consuming, and prone to observer variability [13], [14]. Semi-automated procedures, 

such as those utilized at the Centre for Anti-Cancer (CAC) in Bechar City, diminish manual labor but still 

necessitate considerable involvement and do not satisfy the accuracy requirements of contemporary clinical 

applications [15], [16]. Recent advancements in deep learning, particularly convolutional neural networks 

(CNNs), have produced automated and scalable techniques for medical image processing. CNNs excel in the 

analysis of complex volumetric data, and have become essential in modern biomedical imaging [17]. Trans-

former-based models, as emerging architectures, have exhibited exceptional proficiency in capturing long-

range relationships and integrating global contextual information, surpassing standard CNNs in both accuracy 

and computational efficiency [18], [19]. Notable transformer-based architectures include UNETR [20], Trans-

BTS [21], SwinBTS [22], and SegFormer3D [23], which have demonstrated state-of-the-art performance in 

3D medical image segmentation. 

This paper presents the 3D U-Net Transformer, an innovative architecture that integrates the hierar-

chical structure of U-Net with transformer-based attention processes to improve segmentation precision. The 

transformer component captures both global context and intricate details, dynamically prioritizing pertinent 

tumor locations in multimodal MRI data. This model, utilizing the BraTS 2020 dataset—a comprehensive 

benchmark for brain tumor segmentation research [24]—exhibits exceptional performance in accurately seg-

menting glioma subregions, including tumor enhancement (TE), tumor core (TC), and whole tumor (WT). 

 

1.1.  Objective 

This study's main goals are to: 

1. Assess the shortcomings of current U-Net-based designs in terms of their ability to capture intricate tumor 

structures and provide an attention-mechanism-integrated solution to close these gaps.  

2. To further improve the 3D U-Net Transformer for glioma segmentation utilizing the BraTS 2020 dataset.  

3. To evaluate the model's performance using standard metrics such as the Dice coefficient, sensitivity, and 

specificity, in contrast to sophisticated procedures like U-Net models and CNN-based approaches. 

 

1.2.  Consequence and Findings 

The 3D U-Net Transformer significantly improved segmentation accuracy compared to prior archi-

tectures. The model achieved a Dice coefficient of 0.91 for whole tumor segmentation, 0.87 for tumor core 

segmentation, and 0.85 for enhanced tumor segmentation in the BraTS 2020 dataset, outperforming U-Net++ 

and other conventional CNN-based models [14], [25]. The integration of self-attention mechanisms enhanced 

the model's ability to focus on critical tumor regions while reducing irrelevant background elements, leading 

to more precise delineation [10].  

These findings underscore the significant benefits of integrating transformer-based methodologies 

into U-Net architectures, particularly in improving glioma therapy through enhanced tumor localization, which 

aids surgical planning and improves patient outcomes [8], [12]. The use of the BraTS 2020 dataset demon-

strates the model's capability to manage diverse, clinically relevant MRI data, establishing a vital benchmark 

for assessing its effectiveness against challenges like tumor heterogeneity and varying imaging techniques. 

This highlights the transformative role of these enhanced[25] topologies in medical imaging and the advance-

ment of automated brain tumor analysis. 

 

1.3.  Future Work 

While This study emphasizes the effectiveness of the 3D U-Net Transformer; nonetheless, future re-

search will seek to rectify various constraints and investigate more possibilities.  

1.3.1. Generalization Across Datasets: The model will undergo evaluation on other datasets beyond BraTS 

2020 to assess its robustness and adaptability to various imaging modalities. 

1.3.2. Real-Time Application: Incorporating the model into real-time intraoperative radiologic monitoring 

systems to improve surgical decision-making. 

1.3.3. Multimodal Data Integration: Enhancing the model's functionality to incorporate supplementary im-

aging modalities, such as PET or CT scans, for thorough tumor characterization. 

1.3.4. Efficiency Enhancements: Further refining the model's computational efficiency to facilitate imple-

mentation on conventional clinical hardware. 

By addressing these aspects, the 3D U-Net Transformer could emerge as a fundamental component of auto-

mated glioma segmentation, bridging significant gaps in precision, efficiency, and clinical application. 

 

2. RELATED LITERATURES  

Automated 3D tumor segmentation from MRI data relies heavily on advanced deep learning models,  



IJEEI  ISSN: 2089-3272  

 

Hybrid 3D U-Net Transformer for Precision Glioma Segmentation (Ahmed Bounegta et al) 

295 

such as 3D U-Net++, which delivers the precision crucial for glioma treatment [14]. A study combining 

YOLOv8 with SAM Vision Transformer models for intraoperative MRI (ioMRI) achieved a Dice score of 

0.79, suggesting potential for improved surgical accuracy, however, limited by training on simulated data [25]. 

The 3D AGSE-VNet model, utilizing Squeeze-and-Excite filters and attention mechanisms, demonstrated ac-

curacy on the BraTS 2020 dataset [26], [27]. DeepMedic has shown considerable progress in segmenting com-

plex brain regions via its multi-scale pathways and dense maps, as indicated by datasets related to traumatic 

brain injury and stroke [28]. Furthermore, several transformer-based architectures have been proposed specif-

ically for brain tumor segmentation, including UNETR [20], which applies transformers directly to volumetric 

data as an encoder, and TransBTS [21], which integrates transformers into the BTS pipeline for multimodal 

fusion. 

NVIDIA's encoder-decoder framework and the 2023 nnU-Net modifications by Kotowski et al. under-

score the significance of attention mechanisms, and deep supervision in enhancing segmentation precision 

[29][25]. The nnU-Net, incorporating BraTS-specific modifications and a 15-model ensemble, attained im-

proved Dice scores in critical tumor locations, underscoring its significance for patient outcomes [14]. Various 

models, including the 3D nnU-Net modifications assessed in BraTS’20, consistently demonstrate the im-

portance of dense skip connections, SwinBTS [22] further advanced this direction by introducing Swin Trans-

former modules for hierarchical feature learning in 3D brain tumor segmentation, while Swin Unet3D [30] 

combined Swin Transformer with convolutional layers for volumetric analysis. SegFormer3D [23] proposed 

an efficient transformer architecture specifically optimized for 3D medical image segmentation with reduced 

computational overhead. 

global information integration, and dataset customization in improving automated brain tumor segmentation 

[31], [32]. Additionally, the 3D bi-directional transformer U-Net [33] demonstrated improved segmentation 

accuracy through bidirectional attention flows. Beyond transformer-based methods, emerging paradigms such 

as State Space Models (SSMs), exemplified by Mamba [34] and its medical adaptation VM-UNet [35], offer 

linear-time sequence modeling as a computationally efficient alternative to attention-based architectures. 

Zhang et al. [36] recently applied SSMs to incomplete multi-modal brain tumor segmentation, achieving state-

of-the-art results on BraTS datasets at CVPR 2025. Furthermore, diffusion probabilistic models have shown 

promise in medical segmentation, with MedSegDiff [37] pioneering DPM-based approaches, DiffBTS [36] 

applying lightweight diffusion to 3D brain tumor segmentation, and DMCIE  introducing error-corrective dif-

fusion mechanisms for improved segmentation accuracy. 

 

2.1.  Overview Of Technical Elements 

The 3D U-Net Transformer represents a cutting-edge advancement in medical image segmentation, 

combining hierarchical skip connections with transformer-based self-attention mechanisms to enhance the pre-

cision of glioma subregion segmentation in MRI-guided neurosurgical workflows [38]. By integrating trans-

formers, this architecture captures both global contextual information and fine-grained spatial details, address-

ing key limitations of traditional convolutional neural network (CNN)-based models, such as restricted recep-

tive fields and limited context awareness [39]. This approach shares conceptual foundations with architectures 

such as UNETR [20] and the 3D bi-directional transformer U-Net [33], which similarly leverage transformer-

based encoding for volumetric medical data. 

This model effectively leverages volumetric data from multimodal MRI scans, achieving superior 

accuracy in delineating tumor regions, including enhancing tumor (TE), tumor core (TC), and whole tumor 

(WT) [40]. Its innovative design significantly improves segmentation performance, facilitating preoperative 

planning with detailed visualization and informed decision-making during surgery [17]. Furthermore, the 

model’s robust performance not only advances computational efficiency but also promotes improved clinical 

outcomes by ensuring more precise tumor delineation, reducing surgical risks, and enhancing patient safety 

[41]. 

 

2.2.  Tasks Completed  

This research examines the difficulties associated with glioma segmentation in preoperative planning, 

especially within the limitations of intraoperative radiologic monitoring (IRM). Gliomas exhibit significant 

heterogeneity, and irregular morphology in MRI data, complicating manual segmentation and increasing vari-

ability in results. To resolve these challenges, we employ the sophisticated 3D U-Net Transformer architecture, 

which incorporates hierarchical skip connections, and transformer-based self-attention mechanisms to enhance 

feature extraction and segmentation precision for glioma subregions, including the enhancing tumor (ET), tu-

mor core (TC), and peri-tumoral edema [38]. 

The 3D U-Net Transformer uses its hybrid design to capture intricate spatial features and over-arching 

contextual information, overcoming significant drawbacks of conventional CNN-based methods, including re-

stricted receptive fields and inadequate modeling of long-range dependencies [9], [39]. The model utilizes a 
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composite loss function that integrates Dice Loss and Cross-Entropy Loss to enhance voxel-level precision 

while maintaining the structural integrity of the segmented regions [40]. 

The model's performance was meticulously assessed using the BraTS 2020 dataset, employing the 

Dice Similarity Coefficient (Dice scores) and the 95th Percentile Hausdorff Distance (HD95), revealing sub-

stantial enhancements in segmentation accuracy relative to prior methodologies [17]. This automated technique 

aids neurosurgical decision-making by offering accurate delineation of tumor margins, hence enhancing surgi-

cal results and augmenting patient safety. The integration of sophisticated attention mechanisms and dense 

hierarchical connections facilitates an exhaustive examination of glioma morphology, reconciling computa-

tional efficiency with therapeutic relevance [41]. 

 

2.3.  Terms of Service & Description of The Dataset  

Usage Agreement: The BraTS-2020 dataset is freely available for research purposes, provided the 

following key manuscripts are cited: [6], [42], [43], [44], [45], [46].  

 

2.3.1 Overview of the BraTS2020 Training Dataset: MRI scans included in BraTS-2020 were preprocessed  

through normalization, co-registration, and resampling to ensure data uniformity. The dataset encompasses 

both high-grade and low-grade gliomas, annotated with tumor subregions and accompanied by clinical 

metadata. Four MRI modalities - native (T1), postcontrast T1-weighted (T1Gd), T2-weighted (T2), and T2 

Fluid Attenuated Inversion Recovery (T2-FLAIR) - were used for tumor segmentation tasks [9], [47]. 

 

2.3.2 Survival Data: The dataset includes patient ages and survival durations, facilitating the development of 

prognostic models for glioma outcomes. BraTS-2021 builds on contributions from nineteen (19) institutions 

worldwide, offering a diverse and comprehensive set of multimodal MRI scans for glioma segmentation and 

survival prediction. The dataset’s annotated tumor regions-enhancing tumor (ET), tumor core (TC), and whole 

tumor (WT) - are invaluable for advancing neurosurgical planning and AI-based clinical decision-making [48]. 

 

2.3.3 Key Applications: BraTS-2020 excels in two domains: brain tumor segmentation and survival predic-

tion, providing a benchmark for training and evaluating machine learning models in these critical areas [49]. 
  
2.4.  Methodological Overview  

This study employs the 3D U-Net Transformer model to segment three-dimensional brain tumors, 

specifically gliomas, by leveraging its hybrid architecture combining transformer-based self-attention mecha-

nisms and 3D convolutions. The model integrates hierarchical skip connections to ensure efficient multi-scale 

feature extraction from multimodal MRI data while capturing fine-grained spatial details and global contextual 

information [9], [38]. The BraTS2020 dataset is utilized, providing annotated multimodal MRI volumes (T1, 

T1-Gd, T2, FLAIR), with 100 slices per volume selected for training and evaluation [42], [49]. 

The progressive up-sampling strategy within the 3D U-Net Transformer enhances spatial refinement, 

enabling precise segmentation of tumor subregions, including necrotic/core, edema, and enhancing tumor areas 

[38]. Performance is evaluated using standardized metrics, including the Dice Similarity Coefficient (Dice 

score) for overlap accuracy, sensitivity, and specificity for classification reliability, and the 95th Percentile 

Hausdorff Distance (HD95) for boundary precision [42]. 

 

2.5.  Chronological Stages of the Methodology 

 

2.5.1 Data Processing: Preprocessing of BraTS2020 MRI volumes through normalization, co-registra-

tion, and volumetric resampling to ensure uniform spatial and intensity properties across modalities [42], [49]. 

 

2.5.2 Model Architecture Design: Configuring the 3D U-Net Transformer with self-attention layers, dense 

skip connections, and convolutional modules to capture global and local spatial relationships [9], [38]. 

 

2.5.3 Loss Function and Metrics: Employing a composite loss function combining Dice loss and cross-en-

tropy to penalize segmentation errors and improve tumor delineation [38]. 

 

2.5.4 Model Training and Evaluation: Training the model using the BraTS2021 dataset and regularizing to 

prevent overfitting. Evaluation is performed on validation data, comparing results across various segmentation 

metrics [42]. 

The 3D U-Net Transformer achieves significant segmentation accuracy and spatial precision, making 

it a cost-effective and reliable tool for preoperative neurosurgical planning. The integration of hierarchical 
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attention mechanisms ensures robust performance, positioning the model as an advanced solution for clinical 

tumor identification [9], [38]. 

 

2.6.  Chronology of Model Implementation 

The 3D U-Net Transformer, launched in 2020, advances the foundations established by U-Net (2015) 

and U-Net++ (2018) to establish new benchmarks in medical picture segmentation [39]. In contrast to its pre-

decessors, it incorporates transformer-based self-attention processes alongside hierarchical convolutional lay-

ers, adeptly collecting both global context and intricate spatial features. This model, trained on the BraTS 2020 

dataset, analyses multimodal MRI scans (T1, T1Gd, T2, T2-FLAIR) to define glioma subregions, encompass-

ing the enhancing tumor, tumor core, and total tumor. Preprocessing procedures, including normalization and 

data augmentation, guarantee consistency and mitigate overfitting during model training. Subsequent develop-

ments, including UNETR (2022) [20], TransBTS (2021) [21], SwinBTS (2022) [22], Swin Unet3D (2023) 

[30], and SegFormer3D (2024) [23], further expanded the transformer-based paradigm for medical image seg-

mentation. 

The architecture integrates U-Net's skip connections for spatial propagation and U-Net++'s dense con-

nections for feature refinement, simultaneously improving segmentation accuracy using self-attention modules. 

A composite loss function integrates categorical cross-entropy with Dice loss, enhancing performance metrics 

such as the Dice coefficient, sensitivity, specificity, and Hausdorff Distance (HD5). The 3D U-Net Transformer 

represents a crucial advancement in segmentation technology, enhancing clinical workflows and surgical plan-

ning while providing scalability across many medical imaging modalities. It signifies a crucial advancement in 

neural networks, establishing standards in glioma segmentation, (Figure 1). 

 

Figure 1. Net Evolution Diagram (Deep Learning Scenarios) 
 

3. NETWORK ARCHITECTURE 

Table 1. The 3D U-Net Transformer Architecture - Feature Map Representation, 

and Channel Configuration of Each Layer (Implemented Model) 
Layer Name Output Shape Parameters Connected To 

input_2 (None, 128, 128, 128, 4) 0 - 

conv3d_23 (None, 128, 128, 128, 64) 6,976 input_2 

conv3d_24 (None, 128, 128, 128, 64) 110,656 conv3d_23 

max_pooling3d_4 (None, 64, 64, 64, 64) 0 conv3d_24 

conv3d_25 (None, 64, 64, 64, 128) 221,312 max_pooling3d_4 

conv3d_26 (None, 64, 64, 64, 128) 442,496 conv3d_25 

max_pooling3d_5 (None, 32, 32, 32, 128) 0 conv3d_26 

conv3d_27 (None, 32, 32, 32, 256) 884,992 max_pooling3d_5 

conv3d_28 (None, 32, 32, 32, 256) 1,769,728 conv3d_27 

max_pooling3d_6 (None, 16, 16, 16, 256) 0 conv3d_28 

conv3d_29 (None, 16, 16, 16, 512) 3,539,456 max_pooling3d_6 

conv3d_30 (None, 16, 16, 16, 512) 7,078,400 conv3d_29 

max_pooling3d_7 (None, 8, 8, 8, 512) 0 conv3d_30 

conv3d_31 (None, 8, 8, 8, 1024) 14,156,800 max_pooling3d_7 

conv3d_32 (None, 8, 8, 8, 1024) 28,312,576 conv3d_31 

up_sampling3d_4 (None, 16, 16, 16, 1024) 0 conv3d_32 

conv3d_33 (None, 16, 16, 16, 512) 14,156,288 up_sampling3d_4 

layer_normalization_8 (None, 16, 16, 16, 512) 1,024 conv3d_33 

42 middle layers are hidden 

layer_normalization_15 (None, 128, 128, 128, 64) 128 tf.__operators__.add_14 [0][0] 

dense_7 (None, 128, 128, 128, 64) 4,160 layer_normalization_15[0][0] 

dropout_15 (None, 128, 128, 128, 64) 0 dense_7[0][0] 
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Layer Name Output Shape Parameters Connected To 

tf.__operators__.add_15 (None, 128, 128, 128, 64) 0 dropout_15[0][0] and tf.__opera-

tors__.add_14[0][0] 

concatenate_7 (None, 128, 128, 128, 128) 0 conv3d_24[0][0] and tf.__opera-

tors__.add_15[0][0] 

conv3d_43 (None, 128, 128, 128, 64) 221,248 concatenate_7[0][0] 

conv3d_44 (None, 128, 128, 128, 64) 110,656 conv3d_43[0][0] 

conv3d_45 (None, 128, 128, 128, 4) 260 conv3d_44[0][0] 

 

3.1.  Exploration of the Chart-Organization 

Details of the flowchart consisting of 68 layers, with skip connections. 4 descendants between 

conv3d_x and concatenation layers, up to the low-level neck [mid-channel-low resolution]. Then, from this 

level and in the ascending direction, also, 4 jump connection layers terminated by 3 final layers of type 

conv3d_x with an output configuration: Shape of the output final layer (None, 128, 128, 128, 4). 

The low neck is called the bottom neck→multi-head attention, with 13 layers on either side until the first low 

connection. 

The U-Net is a highly effective convolutional network architecture designed for rapid and accurate 

image segmentation. It has surpassed previous leading methods, such as the sliding-window convolutional 

network, in the ISBI challenge for segmenting neuronal structures in electron microscopy stacks. Notably, U-

Net won the Grand Challenge for Computer-Automated Detection of Caries in Bitewing Radiography at ISBI 

2015. It also triumphed in the Cell Tracking Challenge at ISBI 2015, achieving outstanding results in the two 

most demanding transmitted light microscopy categories: phase contrast and DIC microscopy. 
 

4. CONTEXT OF EXPERIMENTATION 

4.1.  Information  

The 3D U-Net Transformer model for brain tumor segmentation consists of two core elements: data 

preparation and training setup. 

• Data Preparation: This process includes importing 3D MRI scans, normalizing voxel intensities, 

implementing advanced data augmentation strategies, and creating accurate segmentation masks for 

various tumor subregions. These measures provide the model with diverse and high-quality data for 

training. 

• Batch Processing: The dataset is split into training, validation, and testing subsets, with allocations 

of 68% for training, 20% for validation, and 12% for testing. Additionally, 85% of the training subset 

(80 % of the total dataset) is used for model training, while the remaining 15% is reserved for internal 

testing to evaluate performance during the training process, (Figure 2). 

This framework ensures efficient training and reliable validation, capitalizing on the transformer ar-

chitecture to improve feature extraction and segmentation precision. 

 

Checking Dataset Consistencies: 

Total Train IDs: 249, Overlaps between Train 

and Validation: 0 

Total Validation IDs: 74, Overlaps between 

Train and Test: 0 

Total Test IDs: 45, Overlaps between Valida-

tion and Test: 0 

 
Figure 2. Sub-Datasets (Train, Validation, and Test) 

 

4.2.  Context and Mathematical Formulations 

4.2.1. Significance in Image Segmentation: In segmentation, the Dice coefficient measures the extent of 

overlap between the predicted segmented area and the ground truth. An elevated Dice coefficient signifies 

superior performance. 

4.2.2. Metrics for Evaluating Model Performance  

4.2.2.1. Dice Coefficient (F1-Score): The Dice coefficient 𝐷 quantifies the overlap between the predicted 

segmentation (𝐴), and the ground truth (𝐵), crucial for measuring segmentation accuracy [38]: 

 

           𝐷 =
2∣𝐴∩𝐵∣

∣𝐴∣+∣𝐵∣
       (1) 
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 Where: 

• ∣ 𝐴 ∩ 𝐵 ∣: Intersection (overlap) between predicted and true sets, 

• ∣ 𝐴 ∣, ∣ 𝐵 ∣: Sizes (pixel counts) of the respective sets. 

4.2.2.2. Hausdorff Distance at the 95th Percentile (HD5): This metric evaluates the spatial proximity be-

tween predicted and ground truth boundaries, focusing on the 95th percentile to mitigate outlier effects [51]: 

𝐻𝐷5(𝐴, 𝐵) = max (percentile
95

(min
𝑏∈𝐵

𝑑(𝑎, 𝑏)) , percentile
95

(min
𝑎∈𝐴

𝑑(𝑎, 𝑏)))                  (2) 

 

Where 𝑑(𝑎, 𝑏) is the Euclidean distance between points 𝑎 ∈ 𝐴 and 𝑏 ∈ 𝐵. 

4.2.2.3 Sensitivity (True Positive Rate): Sensitivity quantifies the model's ability to correctly identify positive 

cases, minimizing false negatives [52]: 
 

𝑆 =
True Positives (TP)

True Positives (TP) + False Negatives (FN)
                                                        (3) 

 

4.2.2.4. Specificity (True Negative Rate): Specificity evaluates the model's ability to correctly identify nega 

tive cases, reducing false positives [53]: 
 

𝑇 =
True Negatives (TN)

True Negatives (TN) + False Positives (FP)
                                                       (4) 

 

4.2.2.5. Advanced Loss Function: To optimize performance, the 3D U-Net Transformer employs a compo-

site loss function, which combines categorical cross-entropy loss for pixel-wise accuracy and Dice loss for 

maximizing segmentation overlap. 

1. Categorical Cross-Entropy Loss (𝑳CCE): This loss evaluates   the misclassification probability 

across classes [54]: 

𝐿CCE = −
1

𝑁
∑ ∑ 𝑦𝑖,𝑐

𝐶

𝑐=1

𝑁

𝑖=1

log(𝑦̂𝑖,𝑐)                                                                   (5) 

Where,  𝑁: Number of pixels, 𝐶: Number of classes, 𝑦𝑖,𝑐: True label for pixel 𝑖 in class 𝑐, and 𝑦̂𝑖,𝑐: Predicted  

probability for pixel 𝑖 in class 𝑐. 

2. Dice Loss (𝑳Dice): Dice loss ensures overlap accuracy by penalizing mismatches [55]: 
 

𝐿Dice = 1 −
2 ∑ 𝑦𝑖

𝑁
𝑖=1 𝑦̂𝑖

∑ 𝑦𝑖
𝑁
𝑖=1 + ∑ 𝑦̂𝑖

𝑁
𝑖=1

                                                                   (6) 

 

3. Composite Loss Function (𝑳Composite): The composite loss balances pixel-wise accuracy and seg-

mentation overlap [56]: 
 

𝑳Composite = 𝜶𝑳CCE + 𝜷𝑳Dice                                                                    (7) 
 

Where, 𝛼 and 𝛽 are weighting coefficients. 

 

4.2.2.6. 3D U-Net Transformer Architecture: The model architecture integrates transformer-based self-

attention mechanisms with 3D convolutions to enhance segmentation performance [9], [40], [57]. Key fea-

tures include: 

1. Skip Connections: Facilitate the flow of spatial and contextual information across layers, ensuring 

precise segmentation [11]. 

2. Self-Attention Mechanisms: Focus on critical regions, suppressing irrelevant background noise, 

and improving feature representation [8]. 

3. Volumetric Feature Extraction: Utilize 3D convolutions to capture detailed spatial relationships 

in medical imaging [25]. 

4.2.2.7. Evaluation Workflow: The model is rigorously evaluated on the BraTS2020 dataset, which 

contains multimodal MRI scans annotated for tumor segmentation [46]. Metrics such as Dice coefficient, HD5, 

sensitivity, and specificity validate the model’s ability to delineate tumor subregions accurately. This robust 

methodology enhances clinical workflows, supports preoperative planning, and contributes to improved patient 

outcomes, demonstrating the transformative potential of integrating transformer mechanisms into medical im-

aging [49]. 
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5. EXPERIMENTS  

5.1. Data Preparation and Training Configuration for MRI Segmentation using the 3D U-Net Transformer 

Model MRI data preprocessing involves normalizing voxel intensities to ensure uniformity and using user-

provided annotations to delineate tumor regions. 

5.2. Advanced data augmentation techniques, including rotations and scaling, enhance dataset diversity while 

maintaining annotation accuracy. 

 The model utilizes multi-head attention and residual connections, optimized with Dice and cross-

entropy loss functions to improve segmentation accuracy and reduce overfitting. An interactive feedback sys-

tem dynamically adjusts forecasts for difficult segments, enhancing accuracy. Performance indicators such as 

the Dice score, sensitivity, and precision evaluate the model's performance in semi-automated tumor segmen-

tation. The visualization of MRI data, encompassing FLAIR, T1, T1-contrast, and T2 sequences, facilitates 

accurate tumor delineation for pre-operative planning, (Figures 3, 4). The NiBabel package is employed to 

convert MRI images into 3D numpy arrays, facilitating sophisticated segmentation tasks. This pipeline aids 

the 3D U-Net Transformer model in achieving consistent and reproducible clinical results in automated brain 

tumor segmentation, as indicated in Table 1. 
 

 
Figure 3. Exploration of BraTS20_Validation_050 (BraTS20_Validation_050/t1ce, t2, flair, and t1 

 

 
Figure 4. Outputs of different MRI modalities for a single patient case BraTS20_Training_084, FLAIR, T1, 

T1-contrast, T2, and Segmentation 
 

To conduct a more in-depth examination of the resulting images generated by the simulated code 

sequence: The animated visualization below presents MRI data utilized for training deep-learning models in 

brain tumor segmentation (Figure 5). This layer-by-layer GIF effectively demonstrates the 3D spatial relation-

ships of anatomical structures, enhancing the precision of tumor delineation and supporting comprehensive 

preoperative planning.  
 

The 3D U-Net Transformer employs its cutting-edge architecture to enhance brain scan analysis, as 

depicted in the Plot_roi visualization (Figure 6). Through the integration of attention mechanisms and advan-

ced segmentation techniques, it accurately highlights tumor regions. This methodology empowers researchers 

to evaluate segmentation accuracy, fine-tune model predictions, and support better clinical outcomes 

 

 

 
Figure 5. Representation of slices in 3D volume, case of 

slice 001 in the volume (Animated figure, manually or 

automatically) 

 
Figure 6. illustration of segments of the tumor 

using different effects (Spatial location and 

boundaries of the tumor), BraTS20_Train-

ing_001flair.nii (Plot_img (Above), with 

_mask_ Plot_ROI. 

 

The learning history of the 3D U-Net Transformer model was meticulously analyzed to evaluate its 

segmentation performance, focusing on identifying training trends and stability. Comprehensive metrics, in-

cluding Dice score, sensitivity, and precision, were systematically examined to assess the model's capacity to 

adapt during the training process. Additionally, the model's performance was rigorously compared across the 

training and validation datasets to evaluate its generalization capability for unseen data. By leveraging its ad 
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vanced transformer-based architecture with attention mechanisms, the model demonstrated robust learning  

behavior, ensuring precise segmentation while minimizing overfitting (Figure 7). 

 
Figure 7. Performance Metrics Visualization of 3D U-Net Transformer During Training/Validation 

 The code generates and imports MRI scans, ground truth segmentation masks, and model prediction. 

It visualizes these elements in a six-panel subplot, enabling a comprehensive comparison of the data. Addi-

tionally, the function showPredictsById, under Python Anaconda, can be utilized to facilitate patient-specific 

comparisons, enhancing the evaluation process, (Figure 8). 
 

 
Figure 8. Visualization of Brain Tumor Segmentation: Predicted vs. Ground Truth 

 

These figures and results of the model generated show the segmentation performance of the 3D U-

Net Transformer on brain tumor MRI scans. It compares FLAIR images, ground truth masks, and model-pre-

dicted subregions (edema, core, enhancing areas). Attention mechanisms improve tumor delineation, aiding 

diagnosis and planning. The subplot highlights spatial accuracy across classes, (Figures 8, 9), and diagnosis 

performance for this field of research, (Table 2). 
 

5.3 Evaluation over test data: After evaluating the model on the test dataset, subsequent outputs are rec-

orded encompassing evaluation values for each metric considered. 
 

 

Figure 9. Outcomes from the simulation 
 

Table 2. Quantitative Performance Comparison of 3D U-Net Transformer Against State-of-the-Art Segmen-

tation Models for Medical Imaging 
Metric Conventional 

U-Net 

DeepMedic 3D V-Net Attention U-

Net 

3D U-Net++ 3D U-Net 

Transformer 

Loss 0.0254 0.0196 0.0223 0.0181 0.0146 0.0139 

Accuracy 0.9875 0.9912 0.9890 0.9928 0.9951 0.9958 

MeanIoU 0.7852 0.8083 0.7920 0.8189 0.8286 0.8352 

Dice Coefficient 0.6052 0.6238 0.6165 0.6457 0.6452 0.6564 

Precision 0.9831 0.9885 0.9859 0.9907 0.9953 0.9959 

Sensitivity 0.9784 0.9843 0.9821 0.9873 0.9937 0.9942 

Specificity 0.9954 0.9967 0.9959 0.9972 0.9984 0.9987 

Dice (Necrotic Core) 0.6204 0.6453 0.6309 0.6583 0.6573 0.6651 

Dice (Edema) 0.7051 0.7321 0.7218 0.7480 0.7502 0.7534 

Dice (Enhancing Core) 0.6902 0.7105 0.7004 0.7256 0.7341 0.7407 

HD95 (mm) 8.45 7.82 8.12 6.54 6.12 4.25 

Remark: The 3D U-Net++ Model: Results from My Paper Under Publication. 



                ISSN: 2089-3272 

IJEEI, Vol. 14, No. 1, March 2026:  293 – 305 

302 

 
Figure 10. Comparative histogram of the Dice coef-

ficient for the above-mentioned models. 

 
Figure 11. Comparative histogram of the HD95 for 

the above-mentioned models 
 

6. RESULTS AND DISCUSSION 

 The 3D U-Net Transformer surpasses existing architectures, including 3D U-Net++, with exceptional 

performance metrics, achieving a minimum loss of 0.0139 and a maximum accuracy of 0.9958. It demonstrates 

reliable voxel-wise predictions and a Mean Intersection over Union (MeanIoU) of 0.8352, exceeding 3D U-

Net++'s score of 0.8286, confirming its superior alignment with actual tumor regions. 

 In subregion analysis, the Transformer outperforms several models, achieving Dice scores of 0.6651 

for the necrotic core, 0.7534 for edema, and 0.7407 for the enhancing core. It excels over Conventional U-Net, 

DeepMedic, 3D V-Net, Attention U-Net, and 3D U-Net++, demonstrating high sensitivity (0.9942) and spec-

ificity (0.9987), thereby reducing the risk of missing tumor voxels and false positives in healthy tissue, which 

is crucial for pre-surgical planning. 

 Comparative Dice–HD95 analysis reveals the Transformer’s advantage further, with the highest over-

all Dice coefficient at 0.6564 (Figure 10) and the lowest HD95 at 4.25 mm (Figure 11). In contrast, other 

models report lower Dice scores and higher HD95, indicating that the Transformer not only improves volu-

metric overlap but also enhances boundary precision, vital for safe surgical margins and radiotherapy strategies. 

 Recent advancements in 3D data modeling with Transformer blocks improve prediction stability and 

reduce MRI intensity errors, resulting in more accurate tumor shape definitions in BraTS2020 datasets. Nev-

ertheless, inaccuracies at edema and infiltrative tumor transition zones highlight the need for improvements, 

like boundary-aware loss or uncertainty-driven strategies, to better align Dice and HD95 metrics with clinical 

benchmarks. Moreover, emerging architectures such as state space models (Mamba [34], VM-UNet [35]) and 

diffusion-based approaches (MedSegDiff [37], DiffBTS [58]) represent promising future directions for ad-

dressing these remaining challenges in boundary precision and transition zone delineation. 
 

7. CONCLUSION 

The 3D U-Net Transformer represents a major advancement in glioma segmentation, surpassing both 

conventional and advanced models like U-Net and U-Net++. The model delivers exceptional accuracy (0.9958) 

and a MeanIoU of 0.8352, with high sensitivity (0.9942) and specificity (0.9987) reinforcing its clinical de-

pendability. By capturing both global context and local details, it addresses the limitations of convolutional-

only approaches. A critical factor in this success is the Dice-HD95 synergy; while maintaining superior overlap 

(WT: 0.91), the model achieves a transformative reduction in Hausdorff Distance to 4.25 mm (Figure 11), 

drastically outperforming U-Net++ (6.12 mm) and Attention U-Net (6.54 mm). This minimal boundary error 

that represents a 30.5% improvement in boundary precision over the 3D U-Net++, ensures precise delineation 

of tumor margins despite MRI intensity variations. Consequently, the architecture’s ability to minimize dis-

tance errors makes it an invaluable tool for surgical planning and real-time clinical decision-making. 
 

7.1. Challenges and Future Work 

 Despite a 30.5% improvement in boundary precision (Hausdorff Distance of 4.25 mm), challenges 

persist in defining tumor transition zones between edema and infiltrative tissue. Future research should focus 

on loss functions that incorporate boundary considerations, uncertainty-based techniques, and enhancing atten-

tion mechanisms for subtle changes. Recommendations include hybrid designs combining Transformer and 

graph-based methods, as well as using multimodal datasets to enhance model efficacy for surgical planning 

and real-time clinical decision-making. Additionally, exploring state space models such as Mamba [34] and 

VM-UNet [35], as well as diffusion-based segmentation approaches [37], [36], [58], may offer complementary 

advantages in capturing long-range dependencies and modeling uncertainty in tumor boundaries. 
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